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Abstract

This thesis explores spatially specific data and methods to design community-
tailored electricity access systems at scale. It is motivated by the need to close
the electricity access gap in rural low- and middle-income country contexts quickly
and cheaply in line with the Sustainable Development Goals.

The majority of the 760 million people currently lacking electricity access live
in rural areas of sub-Saharan Africa and South Asia. Electrifying these areas
is challenging given their cultural diversity, remote nature, and sensitivity to
affordability. Context-specific electrical designs are required to achieve uptake in
these communities; however, such specificity can come at high cost. This thesis
therefore tackles the challenge of the local specificity and global scale of the electricity
access problem through practical spatial design methods. Two key data gaps are
identified which must be filled in order to design least-cost energy access systems:
locations of potential connection points, and their anticipated demands.

Home-level location data which are publicly available for potential connection
points in off-grid areas are either aggregated at inadquate resolution for topology
design or contain significant gaps, particularly in off-grid areas. To address
this, citizen science and computer vision are applied to accelerate accurate home
detection in satellite imagery. Through a large-scale online citizen science project,
approximately 1,267 km2 of rural Kenya, Sierra Leone and Uganda was mapped
at an average rate of 7 km2/day and an estimated cost of $20.84/km2. Home
annotations produced through this work achieve a recall of 93% and precision of
49%, which can be increased to 69% through clustering. The clustered annotations
were used to train a Faster R-CNN object detection algorithm, which achieves a
precision of 67% and recall of 36%; this can be increased to 57% by training on
raw annotations instead of clusters. The trained detector was found to map at
a rate of 42,938 km2/day, proving the rapid mapping of rural unelectrified areas
to be feasible at a global scale and low cost.

High-resolution residential demand data are similarly scarce in off-grid commu-
nities. Costly local surveys to understand electrical aspirations tend to produce
inaccurate results, given the unfamiliarity of respondents with electricity. To
overcome this, a bottom-up demand estimation approach rooted in existing empirical
data is developed to achieve spatially-specific and realistic demand estimates for



off-grid areas. A case study application of this approach in Sierra Leone was
undertaken using Multiple Indicator Cluster Survey data. The results of this work
validate the underlying premise of spatial variance of demand amplitude. The load
profiles generated using this approach are found to approximate a Tier 3 load,
despite a lack of Tier 3 appliances, leading to a critique of the definition of the
Multi-Tier Framework for Measuring Energy Access.

These location and demand data are finally applied to home-level spatial grid
design. Home locations are clustered into electricity communities, grid topologies are
estimated using graph theory, generation types are selected through spatial analysis,
and generation and storage are optimally sized for least cost. An approach is also
developed to map design pathways through modular community grid expansions
which allow for demand growth and autonomy. This framework was applied in a
case study region in the Northern Province of Sierra Leone. In this region, 12 local
micro-grids are identified as the best electrification solution in the near-term, with
11 outlying homes receiving solar home systems. Infrastructure sizing is presented
for one micro-grid, where an initial design point of 50 kW of PV and 108 kWh of
battery storage is found to meet anticipated low-end and mid-term demands without
energy poverty risk. Three modular expansions of 30 kW PV and 65 kWh of storage
are specified for installation in this micro-grid as demands evolve.

The work in this thesis focuses on sub-Saharan Africa, with particular attention
paid to Kenya, Uganda, and Sierra Leone. Case studies in the thesis primarily
focus on Sierra Leone; however, the methods are purposefully intended to be
practical and generalizable across low- and middle-income countries requiring
electricity access system design.



Contents

List of Figures ix

List of Abbreviations xvi

Nomenclature xix

1 Introduction 1
1.1 Context and Motivation . . . . . . . . . . . . . . . . . . . . . . . . 2

1.1.1 Designing Electricity Access Systems . . . . . . . . . . . . . 4
1.1.2 Data Needs for Spatial Electricity Access Design . . . . . . . 9

1.2 Research Sub-Questions and Scoping . . . . . . . . . . . . . . . . . 12
1.3 Thesis Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2 Literature Review 16
2.1 Locating Potential Connection Points . . . . . . . . . . . . . . . . . 17

2.1.1 Census Data . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
2.1.2 Population Density Rasters . . . . . . . . . . . . . . . . . . 18
2.1.3 Vector Maps . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
2.1.4 Collecting Location Data . . . . . . . . . . . . . . . . . . . . 20

2.2 Understanding Energy Demands . . . . . . . . . . . . . . . . . . . . 30
2.2.1 Household Energy Uses . . . . . . . . . . . . . . . . . . . . . 30
2.2.2 Demand Estimation Approaches . . . . . . . . . . . . . . . . 32
2.2.3 Sourcing Data Inputs for Demand Estimation . . . . . . . . 34

2.3 Spatial Design for Electricity Access . . . . . . . . . . . . . . . . . . 36
2.3.1 Local Planning Models . . . . . . . . . . . . . . . . . . . . . 37
2.3.2 Large-scale Planning Models . . . . . . . . . . . . . . . . . . 39

2.4 Gap Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

3 Mapping Off-Grid Homes With Citizen Science 43
3.1 Data and Materials . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

3.1.1 Satellite Imagery . . . . . . . . . . . . . . . . . . . . . . . . 47
3.1.2 Citizen Science Platform . . . . . . . . . . . . . . . . . . . . 48

3.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

v



Contents vi

3.2.1 Satellite Imagery Pre-Processing . . . . . . . . . . . . . . . . 49
3.2.2 Citizen Science Workflow . . . . . . . . . . . . . . . . . . . . 50
3.2.3 Annotation Post-Processing . . . . . . . . . . . . . . . . . . 53
3.2.4 Data Validation . . . . . . . . . . . . . . . . . . . . . . . . . 54
3.2.5 Impact Evaluation . . . . . . . . . . . . . . . . . . . . . . . 55

3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
3.3.1 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . 56
3.3.2 Project Execution . . . . . . . . . . . . . . . . . . . . . . . . 58
3.3.3 Data Validation . . . . . . . . . . . . . . . . . . . . . . . . . 62
3.3.4 Impact Evaluation . . . . . . . . . . . . . . . . . . . . . . . 66

3.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72
3.4.1 Annotation Performance . . . . . . . . . . . . . . . . . . . . 72
3.4.2 Clustering Performance . . . . . . . . . . . . . . . . . . . . . 75
3.4.3 Cost and Speed . . . . . . . . . . . . . . . . . . . . . . . . . 75
3.4.4 Implications . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

3.5 Key Outcomes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

4 Mapping at Scale With Computer Vision 79
4.1 Methods and Materials . . . . . . . . . . . . . . . . . . . . . . . . . 83

4.1.1 Computer Vision Approach and Tools . . . . . . . . . . . . . 83
4.1.2 Training Data Pre-Processing . . . . . . . . . . . . . . . . . 85
4.1.3 Object Detection Algorithm . . . . . . . . . . . . . . . . . . 88
4.1.4 Hyperparameters and Training . . . . . . . . . . . . . . . . 89
4.1.5 Performance Evaluation . . . . . . . . . . . . . . . . . . . . 90

4.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93
4.2.1 Cross-Validation . . . . . . . . . . . . . . . . . . . . . . . . 93
4.2.2 Comparison With Gold Standard . . . . . . . . . . . . . . . 95
4.2.3 Training With Raw Data . . . . . . . . . . . . . . . . . . . . 95
4.2.4 Visualisations . . . . . . . . . . . . . . . . . . . . . . . . . . 96
4.2.5 Training and Application Speed . . . . . . . . . . . . . . . . 98

4.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99
4.3.1 Algorithm Performance . . . . . . . . . . . . . . . . . . . . . 99
4.3.2 Cost and Speed . . . . . . . . . . . . . . . . . . . . . . . . . 101

4.4 Key Outcomes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105



Contents vii

5 Understanding Spatially Specific Demands 107
5.1 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

5.1.1 Appliance Analysis . . . . . . . . . . . . . . . . . . . . . . . 111
5.1.2 Demand Estimation . . . . . . . . . . . . . . . . . . . . . . 114
5.1.3 Affordability Check . . . . . . . . . . . . . . . . . . . . . . . 118

5.2 Case Study Application and Results . . . . . . . . . . . . . . . . . . 118
5.2.1 Appliance Analysis Results . . . . . . . . . . . . . . . . . . . 119
5.2.2 Demand Estimation Setup . . . . . . . . . . . . . . . . . . . 126
5.2.3 Demand Estimation Results . . . . . . . . . . . . . . . . . . 128
5.2.4 Affordability Check . . . . . . . . . . . . . . . . . . . . . . . 136

5.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 137
5.3.1 Spatial Variance . . . . . . . . . . . . . . . . . . . . . . . . . 138
5.3.2 Comparison With MTF . . . . . . . . . . . . . . . . . . . . 139
5.3.3 Appliance Acquisition Pathway . . . . . . . . . . . . . . . . 140
5.3.4 Extension: Appliance Quantities . . . . . . . . . . . . . . . . 142
5.3.5 Extension: Demand Scaling . . . . . . . . . . . . . . . . . . 144
5.3.6 Limitations and Areas for Future Study . . . . . . . . . . . 146
5.3.7 Scalability . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148

5.4 Key Outcomes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148

6 Spatial Design of Appropriate Electrification 150
6.1 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 154

6.1.1 Energy Community Clustering . . . . . . . . . . . . . . . . . 154
6.1.2 Topology Estimation . . . . . . . . . . . . . . . . . . . . . . 159
6.1.3 Context-Appropriate Generation and Storage . . . . . . . . 160
6.1.4 Demand and Design Pathways . . . . . . . . . . . . . . . . . 161

6.2 Case Study Results and Discussion . . . . . . . . . . . . . . . . . . 163
6.2.1 Results Summary . . . . . . . . . . . . . . . . . . . . . . . . 177
6.2.2 Utility of the Framework . . . . . . . . . . . . . . . . . . . . 177
6.2.3 Current Limitations and Future Expansions . . . . . . . . . 179

6.3 Key Outcomes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 181

7 Conclusions 183
7.1 Concluding Discussion . . . . . . . . . . . . . . . . . . . . . . . . . 183
7.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 192

Appendices

A Evaluation Survey Questionnaire 197

B Data Availability 204



Contents viii

C Demand Estimation Parameters 205

D HOMER Simulation Parameters 208

References 209



List of Figures

1.1 Energy consumption, population density, and multidimensional poverty
index scores in Kenya. There is strong correlation between lower
energy consumption, lower density rural areas, and higher poverty. . 3

1.2 Grid technologies of different sizes for rural electrification, classified
by power, spatial scope, and autonomous or on-grid status. Gradients
and blurring indicate how the definitions of these technologies and
the boundaries between them are not sharp. . . . . . . . . . . . . . 5

1.3 Data inputs, method, and output for spatial feasibility design of
electricity access systems for off-grid rural areas. . . . . . . . . . . . 9

1.4 Prevalence of different lighting technologies across Kenyan sub-
counties. Energy usage choices vary geographically, motivating the
need for electrification strategies and policies which account for
spatial variance. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.1 Satellite data for a sample community in Northern Sierra Leone
(9°32’47.823", -12°10’9.611") alongside OpenStreetMap, Google Maps,
High Resolution Settlement Layer, and WorldPop data. Note that
the OpenStreetMap does not have all dwellings indicated, Google
Maps misses all buildings besides one, the High Resolution Settlement
Layer misses some buildings, and WorldPop is too low-resolution
to give any indication of potential connection points. The Gridded
Population of the World dataset is not visualised because the grid
cell size is larger than this sample, and simply shows a count of 137
people in the cell containing this community. . . . . . . . . . . . . . 19

2.2 Sample of OpenStreetMap building locations in Baringo County,
Kenya (0°34’01"N 35°47’37"E), denoted as yellow circles and overlaid
on Google Earth imagery. Note the sharp edge to the right of which
there are no buildings identified. However, as shown in the expanded
area, there are buildings present. Such data gaps are common in
rural areas. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

ix



List of Figures x

2.3 Literacy, urban population, and internet usage in African countries.
Note the correlation between countries with more rural populations,
less literacy, and fewer internet users. The rural areas needing
electrification are likely to have less people on-the-ground able
to contribute to mapping via an online text-based citizen science
interface. Countries with no data available shown in grey. . . . . . . 24

2.4 Image classification, object detection, and instance segmentation
visualized on a sample image. Object detection and instance seg-
mentation are used to find four feature categories (i.e. dog, dish,
toy, and lamp). The combination of classification and localization
is also included to illustrate the difference between this and object
detection. Object detection identifies the features in bounding boxes,
while instance segmentation identifies them at the pixel level. Note
that semantic segmentation would not identify specific instances of
each type (e.g. there would be no differentiation between each dish). 26

2.5 Satellite image sample locations from the XView training dataset,
alongside locations from the SpaceNet and Cars Overhead With
Context (COWC) datasets for comparison. Even datasets such as
this one with relatively high geographic diversity tend to have minimal
coverage in low- and middle-income countries (particularly in Africa)
and and more urban coverage than rural coverage. . . . . . . . . . . 29

3.1 Overview of the citizen-science-based mapping methodology for
potential connection points (i.e. home locations) in rural off-grid areas. 49

3.2 Workflow for the online citizen-science-based satellite imagery anno-
tation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

3.3 Visualisation of the concept of intersection over union (IoU) in the
context of satellite imagery annotation, where an annotation is shown
in blue and a ground truth is shown in green. . . . . . . . . . . . . 55

3.4 Examples of the three satellite imagery types provided to citizen
scientists for annotation. Left: Multispectral imagery visualised in
natural colour. Center: Panchromatic imagery visualised in greyscale.
Right: Pansharpened imagery visualised in natural colour. . . . . . 58

3.5 Home annotation interface used in the Power to the People citizen
science project. Top: The citizen scientist is asked whether they can
see any homes. Middle: The citizen scientist is asked to annotate
homes (left) and answer follow-up questions for each home annotated
(right). Bottom: The citizen scientist is asked to confirm their
annotations before proceeding to another image. Please ignore the
“finished” banner in the top-left corner of each image. . . . . . . . . 59



List of Figures xi

3.6 Cumulative classifications on satellite imagery subjects over the
course of the Power to the People citizen science project. . . . . . . 60

3.7 Raw citizen science annotations from the Power to the People citizen
science project shown as yellow boxes in a number of different
geographic contexts. . . . . . . . . . . . . . . . . . . . . . . . . . . 61

3.8 The progression from satellite imagery input data through to citizen
science annotation and post-processing to identify home footprints.
This is illustrated for a sample community area in Sierra Leone
(9°32’47.823", -12°10’9.611"). Top: Satellite imagery used as input
data. Middle: Raw home annotations produced through the Power
to the People citizen science project. Bottom: Clustered annotations. 62

3.9 Accuracy results for home annotation clusters from the Power to
the People citizen science project. Precision, recall, and F1 results
are plotted for the clusters generated using HDBSCAN* with mclSize

varied between two and ten. . . . . . . . . . . . . . . . . . . . . . . 63
3.10 Trends observed in satellite image annotations on the Power to

the People citizen science project. These include: clustering issues,
difficulties with crowded images and under-rotation, different home
interpretations, misunderstandings, and spurious annotations. Citi-
zen science annotations are shown in yellow, clusters are shown in
red, and gold standard data are shown in green. . . . . . . . . . . . 64

3.11 Genders of the Power to the People citizen science evaluation sur-
vey respondents. Note the higher proportion of women than men
represented in the survey. . . . . . . . . . . . . . . . . . . . . . . . 68

3.12 Ages of the Power to the People citizen science evaluation survey
respondents. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

3.13 Evaluation survey responses for contributor experience on the Power
to the People citizen science project. 87% reported that their
experience was either “Good” or “Excellent”. . . . . . . . . . . . . . 70

4.1 Objects launched into space each year as recorded by the United
Nations Office for Outer Space Affairs. There is a clear upward trend
in launches which is escalating quickly. While not all of these objects
are satellites, many are. As more satellites are launched, satellite
imagery should become increasingly accessible. . . . . . . . . . . . . 81

4.2 Data volume per hectare provided by different satellite constellations
over time. The amount of data provided per hectare has increased
from 100 B in Landsat 1 to 100 MB in Pleiades-Neo. . . . . . . . . . 82

4.3 Overview of the computer-vision-based method for mapping potential
connection points (i.e. homes) in rural off-grid areas. . . . . . . . . 84



List of Figures xii

4.4 Experimental results used to select the best learning rate for subse-
quent object detection experiments. The best performance (i.e. the
highest APIoU = 0.5:.05:.95 value) can be seen at a learning rate of 10−3. 91

4.5 Average cross-validation results, including average precision (AP) for
different (a) intersection over union thresholds, and (b) detection
sizes; and average recall (AR) for different (c) maximum numbers of
detections; and (d) detection sizes. . . . . . . . . . . . . . . . . . . 94

4.6 Home detection examples for Faster R-CNN trained with the clustered
citizen science data in different geographic contexts, superimposed
on satellite imagery. Detections with a probability of 50% or higher
are visualized as green boxes. . . . . . . . . . . . . . . . . . . . . . 97

4.7 Issues observed in the trained detector. It struggled with crowded
(bottom left) and blurred images (bottom right), misdetected some
fenced homesteads as homes (top right), and performed poorly in
certain, but not all, agricultural settings (top left). . . . . . . . . . . 98

4.8 Costs of mapping with the object detection approach as the mapped
area increases, for the case study of mapping rural Kenya. As more
area is mapped, the cost of mapping approaches the cost of imagery.
Assumptions are detailed in Section 4.3.2 . . . . . . . . . . . . . . . 106

5.1 Surveyed and actual average daily demand per customer in eight
Kenyan villages. Load profiles constructed from local surveys on
aspirations in off-grid communities can be prone to significant error,
resulting in oversized and therefore unaffordable systems. . . . . . . 109

5.2 Overview of the methodology applied for spatially specific stochastic
demand estimation in rural off-grid areas. . . . . . . . . . . . . . . . 111

5.3 Geographic coverage of the Multiple Indicator Cluster Survey rounds
3, 4, 5 and 6 datasets collectively, shown in dark blue. These datasets
document appliance ownership in 89 low- and middle-income countries.112

5.4 Illustration of the nested modelling layers employed in stochastic
bottom-up demand estimation. In this example, there are two
usertypes; the first has three users, and the second has two users,
for a total of five users in the community. Each user in usertype
1 has two appliance types, while each user in usertype 2 has three
appliance types. These appliances and their stochastic behaviour are
defined and aggregated to estimate demands. . . . . . . . . . . . . . 116

5.5 Prevalence of ownership of appliance combinations in urban and
rural electrified homes in Sierra Leone. Combinations are arranged
in increasing access order. . . . . . . . . . . . . . . . . . . . . . . . 122



List of Figures xiii

5.6 Prevalence of ownership of appliance combinations in electrified
homes in each region of Sierra Leone. Combinations are arranged in
increasing access order. . . . . . . . . . . . . . . . . . . . . . . . . . 122

5.7 Prevalence of ownership of appliance combinations in electrified
homes for the following data subsets for Sierra Leone: a) North, b)
South, c) East, d) West, e) Urban, and f) Rural. Combinations are
arranged in increasing access order. Appliances are represented by
their first letter, aside from Refrigerator/Freezer, represented by “Z”. 123

5.8 Prevalence of ownership of appliance combinations in electrified
homes for the Eastern region of Sierra Leone compared with a
weighted average of Urban and Rural prevalences for this region.
The regional data do not reflect a mere weighted average of rural
and urban trends, indicating more nuanced geographic trends. . . . 127

5.9 Average daily load profiles for the synthetic communities of 200
households generated using appliance combinations for each region
of Sierra Leone from MICS data. The full range of data for each case
is shown in the lighter semi-transparent band. . . . . . . . . . . . . 131

5.10 Average daily load profile for the synthetic communities of 200
households generated using appliance combinations from urban and
rural subsets of Multiple Indicator Cluster Survey data for Sierra
Leone. The full range of data for each case is shown in the lighter
semi-transparent band. . . . . . . . . . . . . . . . . . . . . . . . . . 132

5.11 Average daily load profile on weekends and weekdays for a synthetic
community of 200 households based on appliance combinations across
the entire Multiple Indicator Cluster Survey dataset. The full range
of data for each case is shown in the lighter semi-transparent band. 133

5.12 Daily energy consumption for each synthetic community of 200
households representing different Multiple Indicator Cluster Survey
data subsets in Sierra Leone and different energy access tiers, in
ascending energy use order. . . . . . . . . . . . . . . . . . . . . . . 134

5.13 Comparison of regional and urban/rural synthetic community load
profiles for Sierra Leone with tier-based community load profiles. The
full range of data for each case is shown in the lighter semi-transparent
band. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 135

5.14 Quantities of appliances owned per household from subsets of the
Sierra Leone Integrated Household Survey dataset: a) North, b)
South, c) East, d) West, e) Urban, and f) Rural. Each bar represents
100% of households which own the appliance. . . . . . . . . . . . . 143



List of Figures xiv

5.15 Proportion of those in each region of Sierra Leone and those with
electricity access in each wealth quintile as recorded in the 2017
Multiple Indicator Cluster Survey. No one with electricity access fell
in the lowest two quintiles; most are in the richest wealth quintile.
Wealth across regions is uneven, with the West being the richest. . . 145

6.1 Outputs of the OnSSET model from the Global Electrification
Platform in Sierra Leone. The inset image is an expansion of results
at the indicated area. Note that the technologies are assigned over
grid cells without accounting for topology. . . . . . . . . . . . . . . 152

6.2 General methodology for the spatial electrification design framework. 155
6.3 Visualisation of the DBSCAN algorithm. (a) Core points are identi-

fied, and a random core point is selected to begin cluster growth. (b)
Each core point within radius ε of that core point looks for additional
core points until no more core points are found. Then, border points
are added. (c) Steps a and b are repeated until all core points are
clustered. (d) Any remaining unclustered points are identified as
outliers. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 157

6.4 Case study area containing home locations (shown as white dots)
identified through citizen science in Chapter 3. . . . . . . . . . . . . 164

6.5 K-dist plot for the case study (k = 5 = minPts) with the knee point
identified. The knee of 76.8 m is used as ε in DBSCAN. . . . . . . . 165

6.6 Clusters identified in the case study area using DBSCAN with (a)
ε = 76.8 m based on the tuning heuristic and (b) ε = 200 m based on
policy-defined under-grid distance in Sierra Leone. Clusters are each
a different color; outliers are shown in black. . . . . . . . . . . . . . 166

6.7 Interconnection lines in the case study area with two examples of
minimum-spanning-tree-based distribution grids inset. . . . . . . . . 167

6.8 Minimum spanning tree, road-based, and radial distribution grid
topologies for an example electricity community (C4) in the case
study region in Sierra Leone. While the minimum spanning tree
result does not exactly resemble the road-based topology, it is a
realistic low-end distance estimate. . . . . . . . . . . . . . . . . . . 169

6.9 High-end, mid-level, and low-end average daily load profile estimates
for C4. The full range of data for each case is shown in the lighter
semi-transparent band. . . . . . . . . . . . . . . . . . . . . . . . . . 170

6.10 Specific yield of solar photovoltaic panels in Sierra Leone, with the
approximate location of C4 marked. . . . . . . . . . . . . . . . . . . 171

6.11 Direct normal irradiance varies (a) diurnally and (b) intra-annually
in C4. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 171



List of Figures xv

6.12 Cloud cover varies (a) diurnally and (b) intra-annually in C4. . . . 171
6.13 Levelized cost of energy (LCOE) achieved at lowest net present cost

for capacity shortages between 0% and 25%. . . . . . . . . . . . . . 173
6.14 Feasible design point spaces for C4 at low, mid-level, and high-end

demands with: (a) no capacity shortage, and (b) a 1% capacity
shortage. In the 1% capacity shortage case, smaller systems become
feasible (i.e. the corner of the feasible space moves inward). In each
case, the mid-level space is shown superimposed on the low-end space;
the location where they meet is marked with a white line for clarity.
The inside corner of each space indicates the boundary of technical
feasibility, while the upper boundaries represent affordability limits
to prevent energy poverty. . . . . . . . . . . . . . . . . . . . . . . . 174

6.15 Trajectory from low-end demands to high-end demands via modular
expansion in the 1% capacity reduction case for C4. Initial design
point and infrastructure sizes following each modular expansion
marked in cyan. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 176

7.1 Overview of the entire spatial design process proposed in this thesis. 185

C.1 Monthly climatology of temperature and precipitation in Sierra Leone
based on 1991-2020 data. . . . . . . . . . . . . . . . . . . . . . . . . 206



List of Abbreviations

AC . . . . . . . Alternating current

ACSR . . . . . Aluminium conductor steel reinforced

AFREP . . . . African Renewable Electricity Profiles database

AI . . . . . . . Artificial intelligence

ANN . . . . . . Artificial neural network

CIESIN . . . . Center for International Earth Science Information Network

CNN . . . . . . Convolutional neural network

COCO . . . . . Common objects in context

CSV . . . . . . Comma-separated values

DER-CAM . . Distributed Energy Resources Customer Adoption Model

EO . . . . . . . Earth observation

ESMAP . . . . Energy Sector Management Assistance Program

DBSCAN . . . Density-Based Clustering of Applications with Noise

DC . . . . . . . Direct current

DHS . . . . . . Demographic and Health Surveys

DMC-3 . . . . Disaster Monitoring Constellation 3

DNI . . . . . . Direct normal irradiation

FCN . . . . . . Fully-convolutional network

GDP . . . . . . Gross domestic product

GeoTIFF . . . Geographic tag image file format

GHI . . . . . . Global horizontal irradiation

GIS . . . . . . Geographic Information System

GPS . . . . . . Global positioning system

GPU . . . . . . Graphics processing unit

GPW . . . . . Gridded Population of the World

xvi



List of Abbreviations xvii

GSD . . . . . . Ground sample distance

HDBSCAN* . Hierarchical Density-Based Clustering of Applications with Noise

HICs . . . . . . High income countries

HOGA . . . . Hybrid Optimization by Genetic Algorithms

HOMER . . . Hybrid Optimization of Multiple Energy Resources

HRSL . . . . . High Resolution Settlement Layer

IHS . . . . . . Integrated Household Survey

IRENA . . . . International Renewable Energy Agency

JSON . . . . . JavaScript object notation

KOMPSAT 3A Korea Multi-Purpose Satellite 3A

LCOE . . . . . Levelized cost of energy

LED . . . . . . Light-emitting diode

Le . . . . . . . Leones

LMICs . . . . Low- and middle-income countries

LSMS . . . . . Living Standards Measurement Survey

MIC . . . . . . Multiple Indicator Cluster Survey

MST . . . . . . Minimum spanning tree

MTF . . . . . . Multi-Tier Framework for Measuring Energy Access

NOAA . . . . . National Oceanic and Atmospheric Administration

NREL . . . . . National Renewable Energy Laboratory

OnSSET . . . Open Source Spatial Electrification Tool

OPTICS . . . Ordering Points to Identify the Clustering Structure

OSeMOSYS . Open Source Energy Modelling System

OSM . . . . . . Open Street Map

PNG . . . . . . Portable network graphics

PTTP . . . . . Power to the People citizen science project

PV . . . . . . . Photovoltaic

px . . . . . . . Pixels

RAMP . . . . Remote-Areas Multi-energy systems load Profiles model

R-CNN . . . . Regions with convolutional neural network features

R-FCN . . . . Region-based fully-convolutional networks



List of Abbreviations xviii

REM . . . . . Reference electrification model

SDG . . . . . . United Nations Sustainable Development Goal

SHS . . . . . . Solar home system

SPP-net . . . . Spatial pyramid pooling network architecture

UNICEF . . . United Nations Children’s Fund

USD . . . . . . United States Dollars

VHR . . . . . . Very-high resolution

YOLO . . . . . You Only Look Once



Nomenclature

AP . . . . . . . Average Precision.

AR . . . . . . . Average Recall.

c . . . . . . . . Number of clusters

CV . . . . . . . Coefficient of variance

cycle . . . . . . Duty cycle

dMST . . . . . . Conductor distance in the minimum spanning tree grid estimate

drad . . . . . . . Conductor distance in the radial grid estimate

droad . . . . . . Conductor distance in the road-following grid estimate

dunder . . . . . . Under-grid distance defined in national energy policy

Eavg . . . . . . Average daily energy consumption

Eday . . . . . . Average daily energy consumption while the sun is up

Emax . . . . . . Maximum daily energy consumption

Emed . . . . . . Median daily energy consumption

Emin . . . . . . Minimum daily energy consumption

Enight . . . . . . Average daily energy consumption before sunrise and after sunset

F1 . . . . . . . . F1 score (i.e. the harmonic mean of precision and recall)

FN . . . . . . . False negative

FP . . . . . . . False positive

fixed . . . . . . Constrains whether switch-on of all instances of one appliance
in one household are always simultaneous.

fraci . . . . . . Proportion of households belonging to usertype i

frames . . . . . Time frames in which an appliance switch-on event can occur

framepeak . . . Time frame in which peak household appliance usage is expected

h . . . . . . . . Height of annotation bounding box exported from Zooniverse

i . . . . . . . . Usertypes

xix



Nomenclature xx

IoU . . . . . . . Intersection over union

j . . . . . . . . Number of households in a usertype

K . . . . . . . . Number of neighbours considered in nearest neighbours

k − dist . . . . Set of distances to K nearest neighbours

m . . . . . . . . Quantity of occurences of one appliance in one household

mclSize . . . . . Minimum cluster size in HDBSCAN*

minPts . . . . . Minimum number of points within distance ε to designate a
point as a core point in DBSCAN

n . . . . . . . . Quantity of households in a community

ncombs . . . . . . Number of possible appliance combinations

P . . . . . . . . Precision (Chapters 3 and 4), Power (Chapters 5 and 6)

R . . . . . . . . Recall

TP . . . . . . . True positive

tpeak . . . . . . . Peak time of appliance usage in a household

tmin . . . . . . . Minimum time appliance is kept on after switch-on event

ttot . . . . . . . Total time of use for one appliance in one day

w . . . . . . . . Width of annotation bounding box exported from Zooniverse

xc . . . . . . . . Center x coordinate of bounding box annotation

xn . . . . . . . . X corner coordinate of bounding box annotation (n = 1 : 4)

xnu . . . . . . . X corner coordinate of bounding box annotation prior to rotation
(n = 1 : 4)

yc . . . . . . . . Center y coordinate of bounding box annotation

yn . . . . . . . . Y corner coordinate of bounding box annotation (n = 1 : 4)

ynu . . . . . . . Y corner coordinate of bounding box annotation prior to rotation
(n = 1 : 4)

δ . . . . . . . . Percentage of random variability attributed to appliance at-
tributes in stochastic optimisation

ϵ . . . . . . . . Local radius to identify core points and grow DBSCAN clusters

σ . . . . . . . . Standard deviation

θ . . . . . . . . Angle of clockwise rotation of annotations exported from Zooni-
verse



1
Introduction

Contents
1.1 Context and Motivation . . . . . . . . . . . . . . . . . . 2
1.2 Research Sub-Questions and Scoping . . . . . . . . . . 12
1.3 Thesis Structure . . . . . . . . . . . . . . . . . . . . . . . 14

This thesis addresses the question:

Can we design affordable electricity access systems suited to local spatial context

and needs at the scale required to close the global electricity access gap?

Driven by the need to close the electricity access gap in rural developing contexts

quickly and cheaply, this thesis explores spatially specific data and methods to

design community-tailored electrical systems. The entire design process is examined,

ranging from the sourcing of key input data to the specification of appropriate rural

electrification technologies and grid topologies. This thesis seeks to contribute to

knowledge by investigating spatial design approaches which can be applied with

local specificity at a global scale.

1



1. Introduction 2

1.1 Context and Motivation

Approximately 760-770 million people worldwide lack access to electricity [1–3].

The vast majority (87%) live in rural areas, mostly in South Asia and sub-Saharan

Africa [4]. This thesis focuses on the sub-Saharan African context, where 53%

of the population remain without access [1].

Achieving universal electrification is prioritised globally as evidenced by the

seventh United Nations Sustainable Development Goal (SDG), which targets

universal electrical access by 2030 [5]. This is unsurprising given the critical

role that access to sustainable electrical energy plays in enabling welfare and

prosperity in the modern world.

The benefits of electricity access span most aspects of daily life. Electric cooking,

lighting, and appliances can bring health, quality of life, and gender equality

benefits. Electric cooking circumvents the harmful particulate exposure inherent

to cooking with biomass or coal, reducing associated respiratory difficulties and

neurological symptoms [6] amongst women and young children [7]. Lighting the

home through cheap and efficient electric light-emitting diodes (LEDs) provides

brighter illumination than kerosene lamps while reducing risks of structural fire and

particulate exposure [8]. Appliances like washing machines and electric mixers can

accelerate laborious chores and domestic work, granting women and children more

time to study and socialise [9]. Electricity can also provide communal health and

safety benefits and financial opportunities. Solar-powered water pumps can provide

clean drinking water and irrigation to facilitate agriculture [10]. Refrigeration

preserves perishable foods [4] while providing opportunities to boost income by selling

cool drinks or produce. Electronic healthcare technologies [11] have concretely life-

saving impacts, while night-time electric street lighting reduces gendered and sexual

violence risks, allowing women to participate more safely in community activities

outside the home in the evenings [12]. Electronic mobile money systems like M-PESA

[13] give unbanked people financial opportunity. The diverse positive impacts of

electricity access are widely thought to culminate in long-term poverty alleviation [4].
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Figure 1.1: Energy consumption1[14], population density [15], and multidimensional
poverty index scores [16] in Kenya. There is strong correlation between lower energy
consumption, lower density rural areas, and higher poverty.

Given the abundant development and welfare benefits of electricity access,

one might wonder why about 10% of the global population remains unelectrified.

Perhaps unsurprisingly, closing this access gap is deeply challenging. Most low- and

middle-income countries (LMICs) containing the majority of the predominantly

rural electricity gap are simultaneously trying to electrify, develop, and avoid or

reduce carbon emissions under resource constraints. This is a trifecta of challenges

that high-income countries (HICs) never had to face concurrently, and which are

only increasing in urgency as the global population rapidly grows [17] and the

climate crisis worsens [18]. LMICs are already struggling to keep up with climate

change impacts [19], facing $18 billion in damage to power generation and transport

infrastructure each year caused by natural disasters of accelerating frequency [20].

While it can be argued that the HICs which have caused the majority of climate

change ought to compensate LMICs for such damage [21], formal mechanisms

for climate reparations are scarce, so LMICs are left to foot these bills while

also investing in their own green electrification infrastructure. As such, rural

electrification in LMICs can become deprioritized, as rural off-grid populations have

low political leverage [22] and can be expensive to electrify; it is difficult for already

cash-strapped institutions to justify these costs. This compounds the vicious cycle of

low incomes and poor access [23]; the correlation of these is illustrated in Figure 1.1.
1Note that tier 4 here represents a combination of 4 and 5 from the Multi-Tier Framework for
Measuring Energy Access (MTF).
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Beyond the economic challenges of closing the electricity gap, there are also

technical design challenges to overcome. Poor off-grid households in LMICs are likely

to have heightened sensitivity to energy affordability [24]. Electricity access system

designs must therefore prioritize affordability to generate uptake; this requires a

high degree of bespoke design. It seems that it would be much faster and more

cost effective to electrify such areas using a uniform “plug-and-play” system design;

however, such standardized designs are less likely to generate uptake, particularly

given the high ethnic and cultural diversity in LMICs which can impact energy

usage norms. To illustrate, while sub-Saharan Africa accounts for a quarter of all

countries in the world, it accounts for 43% of its ethnic groups, with an average of

eight groups per country compared to averages of three to five in other regions2 [25].

It cannot be assumed that energy-related behaviour is the same across each country;

each cultural group may have different demands, expectations, and economies of

energy services impacting optimal and feasible design.

Under such resource-constrained conditions requiring a high degree of bespoke

community design, traditional engineering practices for greenfield electrical planning

can be difficult to scale. This thesis therefore explores alternative design methods

which can negotiate the trade-off between the local specificity required in design and

the global scale of the electricity access gap through data-driven spatial approaches.

1.1.1 Designing Electricity Access Systems

To begin the exploration of alternative design approaches which marry local

specificity and global scale, it is useful to understand the key steps of electricity access

system design. These include selecting an appropriate grid type and topology, and

subsequently specifying and sizing electrical equipment. As will be discussed, these

design choices are heavily dependent on the spatial characteristics of off-grid areas.

2This research was completed in 2003 – an updated survey would add greatly to the literature.
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Figure 1.2: Grid technologies of different sizes for rural electrification, classified by
power, spatial scope, and autonomous or on-grid status. Gradients and blurring indicate
how the definitions of these technologies and the boundaries between them are not sharp.

Selecting a Grid Type or Technology

Contrary to historical precedent in HICs, it is not reasonable to assume that national

grids can be extended to electrify most rural off-grid areas in LMICs. There is

increasing evidence that smaller-scale electrical technologies like mini-grids may be

the most cost effective solutions to connect remaining off-grid populations [26]. The

palette of grid types can be generally grouped into interconnected and autonomous

categories, and are summarised in Figure 1.2.

Grid extension is still often considered to be the default electrification choice.

It can provide high-reliability, high-quality electricity without any practical upper

capacity limit for domestic usage [27]. The cost effectiveness of grid extension

depends on the proximity of those to be electrified to grid connection points such

as transformers and substations. Extending the grid to reach rural and remote

areas involves constructing long transmission lines with high capital costs. This
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raises the cost of energy, often manifesting as prohibitively high connection charges

for already poor customers [28] and low access rates despite the presence of grid

infrastructure. For instance, in a study in the Western Kenyan counties of Busia

and Siaya, only 5.5% of rural “under-grid” households (i.e. those within 600 m

of a transformer) were found to have an electrical connection; however, 55% of

these households indicated that they would connect if the connection charge were

just 30% lower [29]. In some cases, remote industrial “anchor customers” such as

mines or mobile service towers provide affordable or free electrical connections to

surrounding communities [30], but this is the exception, not the norm.

Autonomous local community grids (i.e. mini-, micro-, and nano-grids) can

be a more cost-effective option for clustered off-grid communities distant from

existing grid infrastructure. These grids include generation and optionally storage

to independently meet grid community energy needs. Mini-grids serve local demand

in the range of 10 kW to 10 MW [31] at medium and low voltages, and are often

large enough to provide grid-quality alternating current (AC) electricity [26]. Micro-

grids are lower-voltage smaller-scale AC or direct current (DC) systems which

serve multiple customers, while nano-grids typically serve a single building or very

small area with DC power up to 100 kW [32]. The distinctions between mini-grids,

micro-grids, and nano-grids are not sharp; for instance, while many consider a nano-

grid to be one-building by definition, others use this term to describe extremely

low-powered micro-grid-type community installations [33]. Local grids can be

autonomous or optionally-islanding [34], though in the case of rural electrification,

they are typically designed to be autonomous. However, the potential for their

eventual interconnection with each other and with the the national grid in the

future is an exciting field of research [35].

In areas where homes are sparse, stand-alone electrical technologies such as the

solar home system (SHS) may provide the most affordable, albeit capacity-limited,

electricity access. These modular systems include photovoltaic (PV) generation,

power electronics, battery storage, and lights. They may also include sockets which

can be used to charge electronics, or which can allow for the connection of appliances
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such as televisions and fans. There was a push from multilateral organisations,

governments, and the private sector in the 1990s and 2000s to expand the penetration

of SHS [36] given their straightforward deployment (i.e. they are able to be shipped

as a self-contained product) and immediate benefits (i.e. there need not be any

delays between purchase and usage). However, SHS are not a silver bullet. They

require adequate solar potential to charge the battery and power appliances, so their

useful output varies spatially depending on local climatic conditions. Furthermore,

it can be argued that SHS – particularly lower capacity versions – do not provide

full electricity access, as they may not allow the household to use power-intensive

appliances domestically or productively (i.e. for economic activities) [37]. SHS can

be seen as complementary to other electrical services or as a stepping-stone towards

higher access [38], and the possibility for SHS interconnection to create a higher

capacity, modular micro-grid is another active subject of research [39, 40].

The choice between these grid types and electrical technologies can be fraught.

While the electrification gap is massive and closing it is urgent, matching technologies

carefully to local context, needs, and affordability is critical to generate uptake. To

tackle this dissonance of specificity and scale in the electrification design process,

automated decision support for grid type selection can helpfully accelerate locally-

tailored design.

Designing Grid Topology

Grid topology design is quite standardized in the context of urban on-grid elec-

trification. These networks are usually configured as radial, open- or closed-ring,

or multi-radial [41], and can either be over- or under-ground, depending on the

reliability required and the aesthetics and convenience of construction for each.

Topology design is, however, less routine and predictable in rural regions of

LMICs, and particularly for local autonomous grids. In this context, the size and

shape of communities to be electrified, as well as their reliability expectations and

affordability constraints, will impact topology selection. As these areas have high

sensitivity to affordability, the cost impact of topology choice based on wiring length,
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gauge, and routing required must be considered. Furthermore, as new users may be

hesitant to trust the electrical system, the level of reliability offered by a topology (i.e.

by providing more or fewer alternative routes in the case of line failure) must also be

selected to match consumer expectations or the system may fail to increase access.

When designing mini- or micro-grids, radial or hub-and-spoke topologies [42] are

often applied based on their simplicity. However, loop [43] and mesh [44] micro-grids

can offer higher reliability among other benefits. In either case, the precise location

of connection points dictates the length of conductor required and therefore the

distribution infrastructure cost. High-resolution spatial data pin-pointing potential

connection point locations are therefore required. Unfortunately, such data can be

difficult to find in rural off-grid areas of LMICs: most sources either suffer from

large gaps or poor resolution. As such, improving the quality and availability of

these spatial data, and developing methods to collect them quickly and accurately,

represent avenues to accelerate community-specific grid design.

Specifying and Sizing Generation and Storage

The sizing of generation and storage technologies depends on the anticipated needs

of potential users as well the availability and intermittency of the generation resource

(e.g. solar, wind, etc.), both of which tend to vary geographically [45]. Additionally,

local topography can be a deciding factor in the feasibility and cost of installing

certain generation types. For instance, unshaded areas are needed to implement

solar PV generation – where these are scarce, the costs of clearing an adequately

sized area must be incorporated in the full system cost.

Generation sizing also depends on energy demands and how these may grow

into the future. Demand growth is important to consider even in the first stages of

electrification, as access to electricity, including via small-scale systems like SHS,

has been found to stimulate loads which increase over time, particularly via social

pressure and neighbourhood influence to acquire higher-consumption appliances

[46]. These local forces influence system viability, and whether infrastructure

becomes obsolete or stranded quickly.
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Figure 1.3: Data inputs, method, and output for spatial feasibility design of electricity
access systems for off-grid rural areas.

As energy consumption depends on a complex mix of continuously evolving

temporally and spatially dependent social practices [47, 48], spatially specific

demand data and forecasts are required for generation sizing. Such local demand

data are difficult to collect quickly and accurately; therefore, methods to better

estimate site-specific present and future demands would again help to address the

tension between specificity and scale in electrification design.

1.1.2 Data Needs for Spatial Electricity Access Design

Drawing from these electrification design stages, three critical data needs emerge to

enable greenfield electrification in rural off-grid areas: (1) the location of potential

connection points, (2) demand estimates, and (3) contextual information including

climate and topography. These data inputs are illustrated in Figure 1.3. As alluded

to above, the availability, resolution, accuracy, and completeness of these data

vary greatly in off-grid LMIC contexts.

Locations of Potential Consumers

Accurate location data for potential connection points are required for grid type

selection, system sizing, and topology design. These data need to be accurate at the

dwelling level (i.e. approximately 5 m resolution). Additionally, location data need to

be highly complete and accurate, ideally representing 95% or more of existing homes.
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Few existing data sources meet these requirements. There are high-coverage

lower-resolution census and raster datasets available, such as WorldPop, the

Gridded Population of the World (GPW), and the High-Resolution Settlement

Layer (HRSL), which locate population density rather than individual connection

points. Alternatively, there are higher-resolution lower-coverage vector datasets such

as the OpenStreetMap (OSM) which locate individual connection points, but which

tend to have accuracy, completeness, and recency issues. Existing data sources will

be reviewed in Chapter 2. Any existing data sources which have both adequate

resolution and high accuracy tend to be either proprietary, limited in geographic

scope, or both. There is a need for more accurate, complete, high-resolution and

up-to-date location data for potential connection points in LMICs to facilitate

electrical design in rural off-grid areas.

Demand Estimates

The demands of off-grid communities once electrified must be estimated to size

electricity access systems. Load profile estimates at the connection point (i.e.

household) and system (i.e. household, community, or country depending on the

technology used) levels are required. These should not only represent average load,

but should indicate peak demands and diversity to ensure that the system is robust to

the full range of expected behaviour. For instance, to size batteries in a solar micro-

grid, an understanding of whether peak load will occur in the day or after dark is

needed. To size renewable-energy-based generation, seasonal variation in generation

potential based on climatic conditions must be accounted for, as well as seasonal

variation in energy consumption. Projections of demand growth are also useful

when deciding whether and how to oversize a system to accommodate future needs.

Empirical demand data in newly-electrified rural LMIC contexts is limited. As

such, bottom-up modelling is often used to estimate anticipated demands; however,

the input data required to configure such models (i.e. appliance usage times and

occupancy patterns) are hard to find in LMICs. Given the diversity of cultures in

rural areas of LMICs, and the dependence of energy usage on cultural norms (as
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Figure 1.4: Prevalence of different lighting technologies across Kenyan sub-counties
[49, 50]. Energy usage choices vary geographically, motivating the need for electrification
strategies and policies which account for spatial variance.

illustrated in Figure 1.4), demands can vary greatly by region. As such, community-

specific input data is best where available. Costly surveys in off-grid communities

can be used to collect such data on energy aspirations; however, off-grid customers

have limited exposure to electricity and therefore struggle to estimate their future

demand accurately (as will be reviewed in detail in Chapter 2). There is a need

for increased empirical data collection in newly-electrified areas of LMICs, and

in the meantime, for novel methods to apply existing empirical data to generate

site-specific and realistic demand estimates.

Local Contextual Data

Local climate and topography inform the feasibility of rural electricity access systems.

These factors dictate which land is available for infrastructure construction and

which types of generation and storage may be useful. Land use (e.g. deserted,

farmland, built-up) and topography (e.g. elevation changes, waterways) can be

used to determine, for instance, which land may be best-suited for construction of
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transmission lines. Similarly, the placement of existing road infrastructure affects

distribution feeder routing, as following roads generally results in lower construction

costs. The relative solar and wind potentials in an area determine which generation

infrastructure will be most efficient, and this in turn influences how much storage

is required to fill generation gaps (e.g. at night or cloudy times in the case of

PV). These considerations are particularly important in the case of autonomous

micro- or mini-grids, which must be self-sufficient through their own generation

and storage assets without relying on any grid backup.

Helpfully, these contextual data are available through large climate and space

agencies or in academic repositories at a resolution appropriate for rural electri-

fication design. Land use data are globally available for each year from 2015

through the Copernicus Global Land Service [51]. Larger infrastructural and

topographic features such as roads and waterways are more reliably captured

in the OpenStreetMap (OSM) [52] than smaller features like dwellings, and can

be visualised online through platforms like the Open Infrastructure Map [53].

Additional purpose-built platforms such as Renewables.Ninja [54], GlobalSolarAtlas

[55], and GlobalWindAtlas [56] provide the weather and climate data required to

design electrification at high spatial resolution.

1.2 Research Sub-Questions and Scoping

This motivation leads to the main question of this thesis:

Can we design affordable electricity access systems suited to local spatial context

and needs at the scale required to close the global electricity access gap?

Given the breadth of this question, it is important to specify the particular

scope tackled here. As much of the remaining electricity access gap is rural,

this thesis will focus on design challenges specific to rural settings. Additionally,

while rural electrification design includes both spatial and temporal elements,

this thesis will primarily tackle spatial design problems. Within this scope, the
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work to answer the overarching question of this thesis is approached through four

interconnected sub-questions:

1. Can we accurately map rural off-grid populations for electrical system design?

This question first tackles the location data gap and seeks means to map rural

off-grid populations for system design.

2. Can we develop methodologies to rapidly map off-grid populations at a global

scale? This question explicitly addresses the scalability of mapping approaches,

cognizant of the enormity of the task of global home-level mapping and the

urgency of achieving sustainable electricity access in LMICs. This work is

limited by the costs of required data inputs (i.e. satellite imagery), which

while available, are not within the scope of the thesis budget at a global scale.

Nevertheless, methodologies are investigated using a data sample with the aim

to create a proof-of concept for global scalability in cost and time dimensions.

3. Can we estimate the diverse and spatially specific energy needs of off-grid

populations? This question tackles the need to accurately estimate demands

in currently off-grid communities using existing spatially disaggregated em-

pirical and scalable data sources. This work encompasses currently available

technologies; potential future uses of energy which are currently unavailable

in the study context (e.g. the use of electric vehicles) are not considered.

4. Can we design appropriate least-cost electrical systems to match community

spatial context? This question explores practical methods for the spatial,

feasibility-level design of electricity access systems. The work to explore this

question leverages the location and demand data developed through previous

explorations. This question tackles feasibility stage electrical system design,

including costing and equipment specification; final design is out of scope.

Scalable yet context-specific spatial design methods are investigated for the

purpose of planning and costing at the regional or national level.
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While much of the work to answer these sub-questions is applicable across LMICs,

this thesis tackles rural electrification particularly within the context of sub-Saharan

Africa. More specifically, the countries of Kenya, Sierra Leone, and Uganda are used

in case studies throughout. These countries have ongoing rural electrification efforts

at various stages, and a diverse selection of rural settlement styles which make them

interesting and pertinent to the spatial design problems addressed herein.

Finally, it must be noted that this thesis prioritizes renewable electrification.

Given the ongoing climate crisis and its devastating effects on LMICs, as well as

the increasing cost-competitiveness of renewable energy technologies, it is assumed

that it will be economically and politically advantageous for LMICs with abundant

renewable energy potential to “leapfrog” directly to climate-compatible development

and renewable-based electricity access.

1.3 Thesis Structure

To begin the work, state-of-the-art datasets, literature, and methods for the spatial

design of electricity access systems for rural off-grid regions of LMICs are first

reviewed in Chapter 2. Two key data gaps are identified: (1) accurate, complete,

and high-resolution locations of potential connection points; and (2) accurate site-

specific demand estimates in off-grid areas. A methodological gap is also identified

for practical and scalable spatial design methods which account for home-level

settlement distribution at low computational expense. The location data gap is

first addressed in Chapter 3, which uses citizen science to map off-grid regions

at home-level using satellite imagery as input data. Subsequently in Chapter 4,

mapping is accelerated through computer vision and is proven to be scalable to a

global level in terms of cost and time-investment. With potential connection points

located, the demand data gap is next addressed. Chapter 5 uses existing large-scale

socioeconomic datasets to quickly generate spatially specific demand estimates at low

cost. These are shown to better incorporate regional context and intra-community

variability than alternatives like access-tier-targeting. Finally, with locations and

energy needs determined, a spatial feasibility-level system design framework is
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developed in Chapter 6. This framework matches electrical technologies and

topologies to regional needs and settlement context while charting modular system

expansion pathways to accommodate future demand growth. The thesis concludes

in Chapter 7, which discusses the implications of this work as a practical spatial

design process for rural electrification and outlines areas requiring additional study.
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This chapter reviews state-of-the-art data and methods for the scalable design of

context-appropriate rural electrification and identifies gaps which motivate the work

of the thesis. Spatial population data useful in electrification design, including census,

raster, and vector data, are first reviewed in Section 2.1 with a focus on accuracy,

completeness, recency, and cost. Methods to collect these data where existing sources

are incomplete are also reviewed. Next, demand data availability and estimation

methods for LMICs are reviewed in Section 2.2. Finally, geographic information

systems (GIS) and spatial design methods for electrification design are examined in

Section 2.3, including local and large-scale design models. Research gaps identified

in this chapter, highlighted in boldface throughout, are discussed in Section 2.4.

16
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2.1 Locating Potential Connection Points

To expand electrical access, off-grid populations must first be located. It is impossible

to design an electrification system without first knowing where the people who

need access to electricity services are. To size and specify grid topologies and

technologies in detail, the precise locations of all potential connection points (i.e.

homes and businesses) are needed.

Unfortunately, existing georeferenced data which locate off-grid popu-

lations in LMICs have accuracy, completeness, resolution, and recency

issues (Gap 1). Generally, three types of georeferenced data can be used to locate

and enumerate off-grid populations in rural areas: (1) census data aggregated by

political district or enumeration area; (2) population counts or densities aggregated

by raster grid cell; or (3) vector-based electronic topographic maps which include

precise building footprints. Each has certain issues when locating potential electrical

connection points in off-grid areas of LMICs, as discussed below.

2.1.1 Census Data

While population counts are often available in national census datasets, their

usefulness in grid design can be hindered by long gaps between census rounds and

the irregular sizes and shapes of political districts. Though the United Nations

recommends collecting census data at least once every ten years [57], some countries

(especially those which are very low income or unstable) have longer gaps between

rounds. For instance, the last census conducted in the Democratic Republic of

Congo was in 1984 [58]. This 38-year-old data is unhelpful in electrification design,

as populations grow, change, and relocate over time. Additionally, the political

borders used to aggregate census data are frequently arbitrary colonial relics, the

usefulness of which can be questioned [59], as they do not necessarily account

for deeper underlying tribal and cultural differences which are likely to influence

energy usage norms. While population data from a recent census can be used to

estimate the total electrical capacity required to serve a region based on its total

population, they offer little information about how demand may be dispersed at
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the household level, or where potential connection points might be. As such, they

cannot enable the detailed design of distribution topologies.

2.1.2 Population Density Rasters

Raster datasets capture population density over uniformly sized grid cells, eliminat-

ing the issues associated with arbitrary political districts used in census population

data aggregation. They typically extrapolate on empirical input data to provide

more spatially uniform and comprehensive coverage. For instance, the GPW dataset

produced by the Center for International Earth Science Information Network

(CIESIN) extrapolates upon census data with minimal modelling to estimate world

population at 30 ′′ resolution and five-year intervals from 2000 to 2020 [60]. While

GPW intentionally minimizes the modelling involved in their population estimates

to preserve the integrity of the original empirical inputs, other initiatives use much

more intensive modelling to achieve higher resolution and differing data types. For

instance, WorldPop draws on census, survey, satellite, and cell phone data, leveraging

machine learning to produce gridded population datasets with resolutions up to

3 ′′ [61]. The HRSL developed by CIESIN and Facebook [15] achieves even higher

resolution using machine learning and computer vision alongside census and OSM

training data inputs to produce population density rasters at 1 ′′ resolution. These

data are visualized for comparison in Figure 2.1. While predictive and machine

learning approaches to population density estimation can augment resolution and

fill data gaps, they also introduce increased potential for error, and so should be

used with this caveat in mind. Furthermore, though their resolutions are very

detailed compared with the size of the earth, each of the datasets mentioned could

still misrepresent the spatial configuration of households in communities smaller

than grid cell size, or those whose homes are unevenly distributed throughout grid

cells. They cannot precisely locate potential connection points for distribution

grid design and detailed electrical planning.
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Figure 2.1: Satellite data for a sample community in Northern Sierra Leone (9°32’47.823",
-12°10’9.611") alongside OpenStreetMap [52], Google Maps [62], High Resolution Settle-
ment Layer [63], and WorldPop [16] data. Note that the OpenStreetMap does not have
all dwellings indicated, Google Maps misses all buildings besides one, the High Resolution
Settlement Layer misses some buildings, and WorldPop is too low-resolution to give any
indication of potential connection points. The Gridded Population of the World dataset
is not visualised because the grid cell size is larger than this sample, and simply shows a
count of 137 people in the cell containing this community.
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2.1.3 Vector Maps

Vector maps can offer higher resolution population data than census or raster data,

as their features are precisely georeferenced instead of being aggregated at grid-cell

level. Indeed, open-source topographic maps which include precise vectors for home

locations, such as the OSM [52], are an ideal data source for detailed distribution

grid planning. However, these data tend to have gaps and lack uniformity. For

instance, a sample of OSM building locations is shown in Figure 2.2, and a large data

collection gap is evident. Unhelpfully, there is a higher prevalence of these data gaps

in remote and rural regions with low energy access. Furthermore, “non-Western”

housing styles (e.g. small, thatched-roof homesteads far from paved roads) tend

to be under-represented in these vector data sources. While this issue is being

tackled in specific areas, especially for humanitarian purposes [64], many gaps and

missed homes persist. Additionally, fully open-source efforts like OSM generally

have no regulated update frequency or temporal data uniformity, which again makes

it difficult to be certain that they are up-to-date and can be used to produce grid

designs relevant to present day community configurations.

2.1.4 Collecting Location Data

Where there are gaps in existing population location data, data must be collected

to enable electrical design. Typical methods such as in-person site surveying can be

used. However, these traditional survey-based data collection methods are

costly, inconvenient, and difficult to scale, particularly in rural areas of

LMICs (Gap 2). Reaching remote communities can require lengthy, dangerous, or

expensive travel on poor infrastructure [67]. The strong power structures in many

rural communities, such as the chieftaincy structures in many African communities

and associated hierarchical land relations [68], add cultural complications which

must be navigated carefully when entering a community to perform surveying

(e.g. when demarking land ownership for electrical infrastructure placement during

surveys). Additionally, off-grid communities are (rather obviously) likely to have

minimal electrical access and possibly limited connection to wireless or mobile
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Figure 2.2: Sample of OpenStreetMap building locations in Baringo County, Kenya
(0°34’01"N 35°47’37"E) [65] overlaid on Google Earth imagery [66]. Note the sharp edge
to the right of which there are no buildings identified. However, as shown in the expanded
area, there are buildings present. Such data gaps are common in rural areas.

networks, making efficient electronic data collection methods (e.g. mobile-phone-

based geo-tagging, survey collection, and mapping) less practical.

Given these difficulties with site surveying, remote data collection methods can

be useful in mapping potential connection points. Remotely sensed aerial or satellite

imagery can facilitate cheap and effective community surveying: the International

Federation of Surveyors finds land administration to be three-to-five times cheaper

using annotation of remotely sensed imagery than using traditional field surveys

[69]. At a local level, such data can be annotated by experts, local citizens, or

engineers to map individual communities. To accelerate this, methods like citizen

science and computer vision might be applied to achieve mapping at scale.

Satellite Imagery

Satellite imagery is a key data input to accelerated mapping. Though earth

observation (EO) imaging has steadily increased since the inception of aerial
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photography in the 1850s1, this field has accelerated dramatically in the past

decade, making very-high resolution (VHR) data ever cheaper and easier to access.

Remote sensing was first popularised for military purposes during the world wars

[70] and through the Cold War with the launch of the Sputnik and Explorer

satellites [71]. However, public oriented EO programmes such as Landsat [72]

soon opened up remote sensing for scientific research and resource evaluation.

Other governmental (e.g. Sentinel) and commercial (e.g. IKONOS, Pléaides, and

WorldView) EO programmes followed, producing data used in diverse research

linked to geography and the natural world. EO data have, for instance, been

used to characterise vegetation phenology [73], analyse cyclone intensities [74],

forecast malaria [75], determine ocean water depths [76], and predict poverty [77],

to name but a few applications.

Satellite EO data may be openly-accessible or restricted for use by paying

clients or in government applications, depending on their resolution and potential

applications. Platforms like United States Geological Survey EarthExplorer [78] and

the European Space Agency Copernicus Hub [79], for instance, make EO data openly

available online. EO images which are made openly and freely accessible typically

have resolutions in the range of tens of meters; for instance, 10-60 m Sentinel-2

imagery is available on the Copernicus Hub [79]. Meanwhile, VHR data as precise

as 0.3 m per pixel is available commercially via providers like Planet, Airbus, or

Maxar. While imagery prices are continuously decreasing as more satellites are

launched, they still may present a hurdle for researchers and electrification planners

depending on the volume of imagery required. Lacking the resources to buy imagery,

one can turn to samples of VHR EO imagery which are made available freely for

competitions such as SpaceNet [80] or humanitarian purposes via initiatives like the

Maxar Open Data programme [81]. These samples are aggregated in resources like

the OpenAerialMap [82]. VHR EO imagery can also sometimes be accessed through

platforms like Google Earth, though such platforms tend to only allow the data to

be manipulated through proprietary interfaces. As open spatial data infrastructures
1While these early photographs have been lost, examples as early as the 1860s still survive. See:
https://www.metmuseum.org/art/collection/search/283189.
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become more normalized [83], the accessibility of spatial data, including VHR EO

satellite imagery, should continue to increase.

Citizen Science

Citizen science, or the active participation or collaboration of the public in scientific

research [84], is one possible route to map rural off-grid areas based on satellite

imagery at scale. The degree of public involvement in citizen science can vary from

contributory to co-creative or co-led; contributory approaches are typically the most

popular, wherein citizen scientists primarily assist in data acquisition or annotation.

One of the core principles of citizen science is mutual benefit to both the

professional and the citizen scientist [85]. For the professional, this method can

accelerate research where extensive data collection or annotation are required, and

can diversify the data collected. For the citizen scientist, it offers a gateway into

the often-obscure world of academic research, access to cutting-edge data, access to

professional researchers (virtually or in-person) for guidance and support, learning

opportunities, and a sense of community and satisfaction.

While citizen science has traditionally been most useful in ecological and

astronomical research [86], this approach now spans diverse disciplines including

social sciences [87] and engineering [88]. Citizen science could accelerate the mapping

of rural off-grid areas in EO satellite imagery by leveraging the enthusiasm of citizen

researchers to annotate satellite data.

Mapping research which uses citizen science can be on-the-ground or remote.

On-the-ground mapping involves citizens recording ground-truth locations using a

mobile phone camera or global positioning system (GPS). This approach is employed,

for instance, in the popular iNaturalist project to create geotagged photographic

records of natural features or wildlife [89–91]. Remote mapping involves citizens

observing and annotating an existing map or data source. This is more commonly

used to map larger-scale features such as buildings and roads, as in the Missing Maps

initiative [92–94]. In rural regions of LMICs, an on-the-ground approach would rely

on a limited contributor base likely to have lower-than-average availability of mobile
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(a) Literacy (% ages 15+) [97] (b) Urban population (% total) [98]

(c) Internet use (% total) [99]

Figure 2.3: Literacy, urban population, and internet usage in African countries2. Note
the correlation between countries with more rural populations, less literacy, and fewer
internet users. The rural areas needing electrification are likely to have less people on-the-
ground able to contribute to mapping via an online text-based citizen science interface.
Countries with no data available shown in grey.

phones, internet access, and literacy rates, as illustrated in Figure 2.3. Furthermore,

it may be inappropriate to expect vulnerable communities to contribute voluntarily

to research when they already face disproportionate (and gender-disparate) time

poverty [95, 96]. A remote citizen science approach could be applied to leverage

the spare time of those in more privileged circumstances with an existing desire

to contribute to the mapping of LMICs for electrification.
2Figure published in [100], created by author.
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Computer Vision

Computer vision is a field of artificial intelligence (AI) which uses computers to

extract meaningful information from images. It can perform tasks – like satellite-

imagery-based mapping – which humans can accomplish by eye. Emerging as a

topic of research interest from the 1960s onward, computer vision suffered the effects

of the AI winter [101] before experiencing a boom in the 2010s onward.

While classic computer vision methods including Canny edge detection, the

Hough transform [102], Scale Invariant Feature Transform [103], active contours [104,

105], and morphology [106] have been applied to home mapping in satellite imagery,

these approaches perform poorly in rural contexts with complex backgrounds

(i.e. forests, farmland) and varied home shapes (i.e. rounded roof edges) [107].

This is because they generally leverage the building regularity, rectangularity, and

shadows appearing in uniform urban contexts to detect homes. In more varied

rural contexts, modern computer vision algorithms underpinned by artificial neural

networks (ANNs) can map homes more effectively than classic alternatives.

Using webs of synthetic neurons, ANNs seek replicate human thought processes

including prediction, pattern detection, and optimisation [108]. The ANNs used in

modern computer vision algorithms tend to be discriminative (i.e. they learn the

boundaries between classes of data) and deep (i.e. multiple layers of neurons exist

between the input and output [109]). Furthermore, they are typically convolutional:

they convolve sets of filters with input data to produce feature maps. Convolutional

neural networks (CNNs) operate over data volumes instead of vectors, allowing

them to process three-dimensional data like images (with dimensions of width,

height, and colour). While CNN-driven computer vision can be incredibly powerful

and robust, performance is dependent on the selection of a well-suited algorithm

and the availability of appropriate training data.

In applying computer vision to remote mapping in satellite imagery, three major

CNN-driven algorithm types are most useful: classification, object detection, and seg-

mentation. The differences between each of these tasks are illustrated in Figure 2.4.
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Figure 2.4: Image classification, object detection, and instance segmentation visualized
on a sample image. Object detection and instance segmentation are used to find four
feature categories (i.e. dog, dish, toy, and lamp). The combination of classification and
localization is also included to illustrate the difference between this and object detection.
Object detection identifies the features in bounding boxes, while instance segmentation
identifies them at the pixel level. Note that semantic segmentation would not identify
specific instances of each type (e.g. there would be no differentiation between each dish).

Classification categorizes images based on their contents. While work on CNN-

based classification began with the LeNet digit recognition model in 1998 [110], it

was the unprecedented high performance of the 2012 AlexNet CNN model [111]

that spurred the modern explosion of CNN-driven image classification, including

competitors like VGGnet [112], GoogLeNet [113], ResNet [114], and Densenet

[115]. While classification is less applicable to mapping specific connection points

in satellite imagery, it can be used to pre-filter satellite images into subsets which

are likely to be populated or unpopulated. For instance, a classifier or CNN can

be used to classify image tiles as likely to contain a village or not, as applied by

Sun in image subsets denoted “superpixels” [107].

Object detection identifies specific classes of objects in images and indicates their

locations in bounding boxes. Early CNN-driven object detection models, such as

Regions with CNN features (R-CNN) [116], simply applied a classifier to a certain

number of subsets of an image at various scales. However, this was quite slow,

so subsequent iterations (e.g. Fast R-CNN [117], Faster R-CNN [118]) used more

efficient algorithms to propose regions for classifier application. Other concurrent
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work took a regression-driven approach. For instance, the You Only Look Once

(YOLO) model detects objects in real-time through a single forward pass of a CNN.

While incredibly efficient, YOLO struggles with small and densely-packed objects

[119]. Object detection can be used to identify features such as roads and homes in

satellite imagery. For instance, the You Only Look Twice algorithm detects cars

and homes amongst other features on Planet and DigitalGlobe satellite images

alongside aerial images with GSD as high as 0.15 m, achieving an F1 score (i.e. a

harmonic mean of precision and recall) of 0.6 to 0.9 depending on the category

detected [120]. The SpaceNet [80] and Cars Overhead with Context [121] datasets

are used as training data alongside researcher-generated annotations. Others have

used the Xview dataset [122] and super-resolution techniques or the UC Merced

land use dataset3 and a two-stage classification and object detection pipeline [123]

to achieve similar and better results.

Segmentation also identifies image features and classes, but in arbitrary shapes

at the pixel level. This can be semantic (i.e. each pixel is assigned a class,

but no differentiation is made between instances of the same class) or instance-

based (i.e. each instance of a class is individually identified). Following the first

major CNN-based segmentation model, the Fully-Covolutional Network (FCN)

[124], the U-net [125] and DeepLab [126] models built on this concept through the

addition of skip connections and spatial pyramid pooling among other improvements.

Semantic segmentation has been proven as a feasible method for building detection.

For instance, it has been used to generate three-channel (e.g. road, building, or

background) labelled images [127] using the 1 m ground sample distance (GSD)

Mnih dataset [128] and for pixel-wise building prediction from 0.3 m GSD imagery

based on GIS data for home locations in Washington DC [129]. Note, however,

that these applications are largely based in urban contexts and urban building

detection, where plentiful, open, and complete data are more likely to be available,

such as the Mnih dataset [128] or the Inria dataset covering urban contexts in the

United States and Austria [130]. Other similar works have leveraged 0.075 m aerial
3http://weegee.vision.ucmerced.edu/datasets/landuse.html
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data openly available in Christchurch, New Zealand [131, 132] and 0.8 m urban

imagery in China [132]. While the algorithmic improvements in such studies are

valuable, without the availability of high-quality rural training data, they cannot

be applied to map buildings in off-grid LMIC regions.

Barriers to Computer Vision

There are certain barriers which prevent practitioners from using computer vision

algorithms to accelerate connection point mapping. First, modern computer vision

algorithms often do not have user-friendly interfaces, and some level of programming

ability is typically required to use them. For instance, OpenCV, Keras, TensorFlow,

and PyTorch – which are frequently used to implement state-of-the-art computer

vision algorithms – each require the use of a command line interface and/or writing

a custom Python script to be used, depending on the task. This can be intimidating

to less programming-savvy practitioners. Companies like Picterra [133] and Petuum

[134] offer guidance and user interfaces to make computer vision based mapping and

AI accessible, but do so as a paid service or platform which may not be accessible

in low-resourced LMIC contexts. The open-source community is endeavouring to

create similar platforms such as Mapwith.ai [135], but these are still in their infancy.

Additionally, these powerful methods can only be used to their full potential

when high-quality data are available to train them. While training data availability

for computer vision has exploded in recent years, including data which can allow

detection or segmentation of buildings from EO imagery, there are minimal

training data for building detection in rural areas of LMICs (Gap 3).

For instance, SpaceNet – perhaps the most well-known training data available

for building detection – lacks coverage of rural areas. SpaceNet data include:

685,235 building footprints labelled on satellite imagery in Las Vegas (USA), Paris

(France), Shanghai (China), Khartoum (Sudan), and Rio de Janeiro (Brazil) at

0.3-0.5 m resolution [80]; 126,747 footprints of off-nadir buildings on 0.5 m satellite

imagery in Atlanta (USA) [136]; 48,000 building labels on 0.5 m imagery from

Rotterdam (Netherlands) [137]; and 24 monthly images from 100 urban locations
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Figure 2.5: Satellite image sample locations from the XView training dataset [122],
alongside locations from the SpaceNet and Cars Overhead With Context (COWC) datasets
for comparison. Even datasets such as this one with relatively high geographic diversity
tend to have minimal coverage in low- and middle-income countries (particularly in Africa)
and and more urban coverage than rural coverage.

at 4 m resolution with approximately 11 million building annotations representing

approximately 500,000 unique buildings [138]. These data are frequently used in

building detection research and competitions, including the DeepGlobe competition

[139] and the AIcrowd Missing Maps competition [140]. However, they are not

particularly useful in rural dwelling detection, as rural buildings are often surrounded

by entirely different contexts than urban buildings.

Indeed, most available training data for building detection tend to be urban,

HIC, or both. Training datasets which only cover non-LMIC countries include the

Landcover.ai dataset in Poland [141], the SkyScapes dataset in Munich (Germany)

[142], and the Mnih dataset in Massachusetts (USA) [128]. Datasets which include

LMICs but only in urban areas include SpaceNet and the OpenCities AI Challenge

dataset, which covers ten African cities with aerial imagery and OSM building

footprints [143]. Some datasets are beginning to tackle this data gap; for instance,

OpenAI Tanzania used OpenAerialMap [82] drone imagery over Zanzibar for their

building mapping competition. Additionally, the XView dataset offers buildings

on 0.3 m resolution imagery over a 1,400 km2 area across multiple continents, and
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includes LMIC areas, as shown in Figure 2.5. However, there is minimal coverage in

Africa [122]. More training data coverage in rural, off-grid areas of LMICs is needed.

2.2 Understanding Energy Demands

Energy demand data is also required alongside location data to design electricity

access systems. These can include industrial, productive use, and domestic energy

uses. As this thesis primarily addresses rural electrification for energy access, energy

demands within the household are the focus.

2.2.1 Household Energy Uses

Household energy use can be generally divided into the four categories: (1) lighting,

(2) cooking, (3) thermal comfort, and (4) other appliances. The relative importance

of these categories, and the preferred energy vector for each, varies based on context.

As discussed in Section 1.1, lighting is typically an early priority following elec-

trification, as electrical lighting provides better illumination [144] than alternatives

like kerosene while also lowering health risks [145]. Energy-efficient LED bulbs

make electric lighting cheap and convenient, as they can be powered by small

home-level PV systems such as SHS at low cost.

Conversely, electric cooking is generally a lower priority in newly electrified rural

communities. This is evidenced by the fact that 2.6 billion people worldwide remain

without access to clean cooking despite the devastating health impacts of cooking

indoors with dirty fuels, which causes 2.5 million premature deaths each year [3].

Electric cooking may be perceived as more expensive than biomass or fuel-based

cooking. As shown by Rhodes through studies in Peru, Nepal, and Kenya, it can

also be unsuitable to local cooking culture [146], depressing uptake. It is therefore

unlikely amongst newly-electrified populations unless some strong awareness-raising

effort or technology subsidy is implemented to encourage it.

While newly electrified rural households in LMICs are likely to desire electric

thermal comfort technologies as the climate crisis worsens [147], high-powered air

conditioners will be difficult for many poor households to access. The second-hand
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units typically available in LMIC markets are not very energy efficient and may

create demands which cannot be managed by decentralized electrical systems [148].

Indigenous architectures in LMICs (e.g. earthen roundhouses in sub-Saharan Africa)

can offer strong insulation, thus passively providing thermal comfort [149]; however,

they may not be conducive to the installation of electric air conditioners and

other modern thermal comfort technologies. As such, lower-powered air circulation

technologies are more likely to be used than air conditioners in the near-term,

though this is liable to change as thermal comfort technologies better-suited to

the rural LMIC context are developed.

Other household appliances used for communication, entertainment, or informa-

tion (e.g. radios, televisions, computers, mobile phones) and to facilitate domestic

tasks (e.g. irons, washing machines, refrigerators, blenders) are prioritized variably

by newly electrified households. Whether and when these appliances are acquired

depends on household demographics as investigated by Rao [150] and income as

shown by Poblete-Cazenave [151] among other factors. For instance, while a high-

income household with school-aged children may prioritize acquiring a computer for

educational purposes, an elderly couple with low income may be perfectly happy

to obtain information via a radio and never purchase a computer.

As argued by Shove, Walker, and Hui, the specific combination of these demands

present in a household or across households in a community will necessarily arise

from a complex mix of continuously evolving temporally and spatially dependent

social practices [47, 48]. Furthermore, as common appliances such as refrigerators,

fans, and televisions become increasingly energy efficient [152], this balance of

energy priorities will continue to evolve. To model the anticipated demands of

currently off-grid households, approaches which integrate temporal and spatial

specificity are therefore required. This is particularly important when designing

small-scale electricity access systems (e.g. mini-grids and solar home systems),

which may be the most affordable option in many rural off-grid contexts [26],

and whose designs are more tightly bound to the spatial distribution of demands

than a larger-scale national grid.
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2.2.2 Demand Estimation Approaches

Generally, two classes of methods can be used to estimate domestic demands: top-

down approaches, and bottom-up approaches. Whereas the top-down approach

considers residential energy use as a unified energy sink (i.e. individual consumer

behaviour is not considered), the bottom-up approach instead builds aggregated

profiles from the consumer level to the community or national levels [153]. The

macroeconomic data used to construct top-down models, such as country-wide gross

domestic product (GDP) and unemployment rates, cannot capture the diversity

of living conditions influencing early demands in newly electrified communities

on-the-ground. Indeed, top-down approaches tend to produce less benefit and

produce systems which fail in the mid- to long-term [154]. They are therefore not

considered appropriate here to estimate demands for rural electrification.

Considering bottom-up methods, there are again two methodological subsets,

namely statistical and engineering methods [153]. Whereas statistical methods

rely on historical information and regression analysis to attribute consumption

to particular end uses, engineering methods build consumption profiles based on

expected equipment power ratings and physical behaviour. Again, considering the

rural off-grid context, historical demand data are likely to be unavailable; this

leaves bottom-up engineering methods as the most appropriate methodological

subset. Typically, such methods incorporate stochastic variation in appliance usage

to represent anticipated demand diversity.

In HICs where accurate empirical demand data are plentiful, stochastic bottom-

up models are a popular and effective approach for domestic demand estimation.

These models build demand profiles from the appliance-level to the household and

community levels using detailed behavioural and appliance use surveys as inputs,

such as time-of-use surveys, home occupancy patterns, and appliance data. Such

data are applied by Capasso in modelling for Italy [155] and Yao for the United

Kingdom [156], among other classic HIC studies. In the United Kingdom, the

10-minute resolution Time Use Survey data is usually taken as a modelling input

[157–159]. Similar high-resolution time use surveys are used in Sweden and Germany
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[160]. Where behavioural data are unavailable, Markov chains are frequently used

to determine household activities for demand estimation [158, 159, 161].

Regrettably, high-resolution and accurate demand estimation input data

are typically not available in LMICs, particularly in off-grid or newly

electrified areas (Gap 4). There are huge data deficiencies in LMICs (e.g. as

studied for small island developing states [162], with regards to transport [163], and

with regards to the Millennium Development Goals [164]) which limit understanding

of energy demands. In the face of the demand data gap, simplified top-down demand

estimation approaches can be tempting, as these can be applied more quickly than

bottom-up approaches requiring numerous data inputs. As highlighted in the World

Bank’s guidance on demand forecasting, there is a “paucity of data” which leads

practitioners to employ simple, crude heuristics [165] which fail to represent load

accurately at the community level. While estimating the energy demands of rural

off-grid communities may be difficult, it should not be overlooked or avoided; as

Wolfram notes, domestic demand increases of the poor and near-poor are likely to be

an important driver in medium-term growth in energy consumption globally [166].

The shortcomings of both HIC-developed estimation models and alternative

heuristics have led to the development of demand estimation models specifically

tailored to off-grid remote areas of LMICs. As previously discussed, most HIC-

tailored models require data inputs unavailable in LMICs Additionally, many

western-developed demand models struggle to capture the poverty-related, migratory,

and cultural factors influencing energy demand in LMICs [167]. LMIC-tailored

models are therefore constructed to overcome these challenges.

Stochastic bottom-up models built for use in rural LMIC contexts typically use

energy and appliance use aspiration data collected from local site surveys to estimate

anticipated demand. The 2015 open-source Python-based ESCoBox model by Boait

[168], for instance, uses these parameters to create a Monte Carlo-based demand

estimation tool. ESCoBox complements the widely-used Hybrid Optimization of

Multiple Energy Resources (HOMER) software for mini-grid planning, and is applied

by Sandwell for electrical demand simulation in Uttar Pradesh, India [169]. The
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2016 LoadProGen model, introduced by Mandelli through a case study in Cameroon

[170] and more formally defined with a Tanzanian case study in [171], provides a

user-friendly graphical user interface for a similar LMIC-tailored approach, which

is implemented in MATLAB and openly available for use. This model was soft-

linked with a system dynamics model in [172] to improve long-term projections,

and expanded in [173] with the motivation to model techno-economic feasibility

of expanded electric cooking in Tanzania. These expansions were implemented in

Python as Lombardi’s lightweight and open-source “Remote-Areas Multi-energy

systems load Profiles” (RAMP) model [174], which adds variability in cooking

behaviour, thermal appliance power, and multi-energy vector analysis options.

While the RAMP model begins to incorporate mechanisms to evaluate temporal

demand growth, there are few studies in the literature which account for

demand evolution in newly electrified rural areas (Gap 5) [175]. This

is problematic, since as highlighted by Opiyo, access to electricity (including via

small-scale systems like SHS) stimulates loads which increase over time, particularly

via social pressure and neighbourhood influence to acquire higher-consumption

appliances [46]. Efforts to include demand evolution in modelling include the

previously-mentioned systems dynamic approaches soft-linked with LoadProGen

[172] as well as the combination of appliance projection with LoadProGen soft-

linked with the Open Source Energy Modelling System (OSeMOSYS) long-term

planning model [176].

2.2.3 Sourcing Data Inputs for Demand Estimation

Local surveys are frequently used to understand energy aspirations in rural off-grid

areas of LMICs, which can be used as inputs to the demand estimation approaches

detailed above. However, surveying does not always generate accurate input data, as

people who have limited experience with electricity tend to overestimate their future

use. Survey-based load profiles can fail to provide an accurate energy estimate

compared to measured data [177], with the largest discrepancies in the load occurring

at night. For instance, Blodgett’s study employing energy-use surveys for eight
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solar mini-grid projects in Kenya showed a mean absolute error of 426 Wh on

113 Wh consumption [178]. By instead using a proxy village method (i.e. where

demand is modelled on load profiles of a similar recently-electrified community)

mean absolute error was reduced to 42.4 Wh. While the proxy village approach

performs well, it involves locating an adequately similar electrified village to the

off-grid village for which demand is estimated; this can be difficult in LMICs with

high cultural diversity or very low electrification rates, where the availability of

electrified communities to serve as a proxy may be minimal. Similarly, demand

estimates from energy-use surveys were found to overshoot by by 305% for seven

off-grid solar systems in Louie’s study in Malawi [179]. Service- or value-based

surveying, as undertaken by Clements in Kenya and Bangladesh [180] and Hirmer

in Uganda [181] respectively, can provide increased detail on user demands over

traditional survey methods. Services (e.g. lighting and refrigeration), appliances (e.g.

sewing machine, cooker), and values (e.g. security, family, religion) are easier for

end-users to understand than kilowatt-hours. However, these approaches typically

require a higher time investment to gather data, which can result in higher costs

and increased delays to achieving electricity access.

Large-scale socioeconomic and demographic surveys – such as the Demographic

and Health Surveys (DHS), the World Bank Living Standard Measurement Surveys

(LSMS), and the United Nations Children’s Fund (UNICEF) Multi-Indicator Cluster

Surveys (MICS) – can also be used to fill demand estimation input data gaps at

lower expense, as explored by Fabini [182] and Zeyringer [183] in the Kenyan context.

The MICS programme, for instance, has completed 346 surveys in 118 countries on

key indicators of women’s and children’s health since its inception in the mid-1990s

[184]; its questions on appliance ownership, household characteristics, wealth, and

other demographic markers can be leveraged in demand estimation [185].

While these large-scale surveys provide useful data to inform demand estimation,

their questions on electricity access are neither as detailed nor as standardized as they

could be, limiting their usefulness. For instance, the MICS and DHS questionnaires

phrase their questions on electrical access simply as “Does your household have



2. Literature Review 36

electricity?” – no details on the duration or quality of the electrical connection

are collected, although they do ask whether the household owns various electrical

appliances [186, 187]. The LSMS asks more questions on electricity, including

uses of electricity in the household, the duration and frequency of power cuts, the

level of power consumption, and the presence of metering [188]. These questions

can enable more detailed understanding of energy service and usage to facilitate

demand estimation. The Multi-Tier Framework for Measuring Energy Access (MTF)

represents the state-of-the-art benchmark for nuanced electricity access measurement,

covering aspects such as affordability, reliability, and capacity [189]. Surveys using

this framework are ongoing from the Energy Sector Management and Assistance

Program (ESMAP) and the World Bank, though data coverage as of yet is minimal.

It must be noted that large-scale survey datasets are susceptible to overlooking

local and indigenous knowledge. These surveys are often produced by wealthy

Western institutions; their content and structure may be influenced by unconscious

biases or Western values. For instance, while many large-scale surveys take ownership

of high-powered appliances as an indicator of high wealth and energy access, Rao

has argued that the expectation of eventual ownership of “white goods” appliances

(e.g. dishwashers, washing machines) is a primarily white and Western phenomenon,

and that appliance ownership aspirations actually vary based on local and familial

wealth, class, race, and religion [150]. While local and indigenous knowledge is widely

integrated in environmental management [190], ecological systems research, and

conservation [191], it is less often incorporated in electricity demand and planning

research. Demand estimation might benefit from the integration of indigenous and

local knowledge, given the heavy ties between energy and the environment, where

indigenous populations hold deep traditional knowledge.

2.3 Spatial Design for Electricity Access

Key design parameters in technical electrical design, such as renewable resource

potentials and connection point locations, vary spatially. Furthermore, sociopolitical,

cultural, and economic factors which affect energy demands also show geographic
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variance. Given these spatially varying determinants of appropriate electrical

design, automated spatial system planning is an exciting avenue to accelerate

electrification. The intention is to design more contextually-appropriate systems at

lower cost; ESMAP has already found that remote site assessment for electrification

using GIS can decrease costs by an order of magnitude compared to traditional

in-person methods [26].

GIS can be used to evaluate renewable energy resources such as wind [192–194]

and solar [195–197] potentials to facilitate generation type selection and sizing for

electrification. Such analyses are facilitated by increasingly available and high-

resolution large-scale open spatial datasets on renewable resource potential. Online

platforms such as Renewables.Ninja [54], GlobalSolarAtlas [55], GlobalWindAtlas

[56] make such data easily available online via attractive graphical user interfaces.

They can also be used for high-level planning to increase electricity access. For

instance, GIS-driven analyses have been used to evaluate electrification strategies

throughout Africa by differentiating generation types and grid architectures, as

in Szabo’s cost analysis [198] and Mentis’ assessment of African wind potential

[199]. In combination with night-time satellite imagery, GIS can also be used to

estimate the proportion of rural people without access to electricity, as shown by

Doll [200] and developed by numerous studies thereafter.

Increasingly, spatial design models for electricity access embed GIS into sophis-

ticated algorithms which incorporate technology selection, system optimisation,

and financial feasibility analysis. These electrical design models can be generally

divided into “local” and “large-scale” categories.

2.3.1 Local Planning Models

Local planning models tackle the problems of local generation and storage sizing

and distribution network design. Linear programming can be used to determine a

cost-optimal generation system design given local constraints such as demands and

weather, for instance as implemented by Huneke in the General Algebraic Modeling

System for India and Colombia [201]. Alternatively, metaheuristics such as genetic
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algorithms [202, 203], particle swarm optimisation [204, 205], simulated annealing,

and tabu search [206] can provide more efficient solutions for generation design than

linear programming, albeit at the expense of potentially finding non-globally optimal

solutions. Local distribution network planning involves feeder routing [207, 208],

locating substations, and siting any distributed generation within a distribution

system. This can be again tackled via optimisation, as demonstrated by Paiva using

mixed integer linear programming [209], or metaheuristics [210, 211].

The most popular tool for local system planning is HOMER [212, 213] developed

by the United States National Renewable Energy Laboratory. This model simulates

grid operation for a defined load and location over a range of infrastructure types

and allowed sizes as defined by the user. It then selects an optimal infrastructure

from those simulated based on selected criteria which can include cost and reliability.

Similar but less popular alternatives include the Distributed Energy Resources

Customer Adoption Model (DER-CAM) [214] developed at the Lawrence Berkeley

National Laboratory, which provides decision support in identifying optimal renew-

able energy investments; the Hybrid Optimization by Genetic Algorithms model

(HOGA) [215] developed at the University of Zaragoza, which simulates and cost-

optimises renewable energy generation systems; and the RETScreen Clean Energy

Management Software [216, 217] developed National Resources Canada to enable

decision support for renewable energy development, implementation, monitoring,

and reporting. While these models can be useful in optimal generation storage

and sizing to suit local climate and costs, they do not tackle topology specification

in detail and assume that the type and scope of grid implementation is known to

the user. Notably, less well-known software options exist to plan distribution grid

topologies, and designs are frequently conceived manually. The Reference Network

Model [218] is one of the few relevant options available, which plans high-, medium-

and low-voltage networks including substations and feeders, though its focus is

on urban areas and not the rural LMIC context.
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2.3.2 Large-scale Planning Models

Large-scale spatial electrical planning methods generally aim to establish the best-fit

electrification technology (i.e. grid extension, micro-grid, or SHS) for any given

area based on some defined criteria. This involves synthesizing some combination

of rasterized environmental, social, and economic data through simulation and

optimising for a least-cost system type. Early large-scale models include Monteiro’s

SolarGIS [219], which was further improved by Amador [220] and whose methods

(or similar approaches) are applied in numerous subsequent works [198, 221–226].

As in the local planning models, optimisation and linear programming methods

are often applied to this problem [183, 227, 228].

It has become academically popular, particularly as large-scale raster data and

GIS have become increasingly accessible, to try and build new one-size-fits-all

user-friendly large-scale modelling tools in the style of SolarGIS. For instance,

the Python-based Network Planner [229] by Columbia’s Quadracci Sustainable

Engineering Laboratory computes costs for a limited number of electrification

options (i.e. grid extension, SHS with diesel generator back-up, diesel-based mini-

grids) across demand centers along a specified time horizon. This has been applied

in the literature Ghana [230], Nigeria [231], and Liberia [232]. The Open Source

Spatial Electrification Tool (OnSSET) [233] developed by Mentis and a large team

from KTH Royal Institute of Technology and other partner institutions is another

popular open-source large-scale planning framework. OnSSET identifies least-cost

electrification technologies amongst grid extension, mini-grid, and stand-alone

options in order to achieve a particular MTF tier of access. It has been applied in

the literature in many contexts, including Malawi [234], Burkina Faso, and Cote

D’Ivoire [235], and has been coupled with other energy simulation software including

OSeMOSYS [236] and RAMP [237]. While the outputs of models like OnSSET

can be useful in preliminary electrification design when scoping the coverage of

different technologies, without consideration the distribution of homes and potential

interconnections, they miss a significant chunk of the implementation picture.
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Some models do aim to tackle electrical design at large-scale while still accounting

for local settlement style. For instance, the Reference Electrification Model

(REM) [238] optimises to find best fit technologies and also generates preliminary

distribution grid designs. Though the initial REM work had a more large-scale focus

[239], subsequent developments integrated local grid design [240–243]. However,

this fully-integrated approach comes at the expense of increased input data needs

and computational complexity. Additionally, REM is not open-source. There is

therefore a gap for scalable open-source models which account for local

settlement distribution and diversity using existing empirical data at

low computational expense (Gap 6).

Many large-scale models are now either hosted online or provide their results

in online graphical user interfaces for easy access by practitioners. Such online

tools include the Off-Grid Market Opportunity tool developed by the International

Finance Corporation [244], the ECOWREX2 Map Viewer featuring data from the

ECOWAS Regional Centre for Renewable Energy and Energy Efficiency [245], the

Energy Access Explorer led by the World Resources Institute [246], and the Global

Electrification Platform which hosts OnSSET simulation results [247].

2.4 Gap Analysis

Through this review of the state-of-the art literature in spatial electrification

design, including data requirements and methodologies, the following gaps have

been identified.

Gap 1 Existing georeferenced data which locate off-grid populations have

accuracy, completeness, resolution, and recency issues. Census data

can be out of date, particularly in the least developed LMICs, and their

usefulness in grid design is limited by the often arbitrary and colonial borders

used to aggregate them. Raster population datasets are frequently too low in

resolution to be used to identify potential connection points for electrification

design; when their resolution is adequate, they are more likely to include
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modelling-based error. Vector topographic datasets representing dwellings

tend to have accuracy issues, lack global coverage, and are not collected at a

uniform time causing recency and temporal specificity problems. This data

gap is tackled in this thesis in Chapters 3 and 4, which leverage citizen science

and computer vision for scalable and accurate home mapping for grid design.

Gap 2 Traditional survey-based data collection methods are costly, incon-

venient, and difficult to scale, particularly in rural areas of LMICs.

In-person site surveys are costly and time-consuming. There can be cultural

barriers to entering rural communities in LMICs and power dynamics which

must be negotiated. These challenges are present whether collecting spatial

data or demand data in off-grid communities. In Chapters 3 and 4, methods

are proposed to collect location data for potential connection points entirely

remotely, without intrusive, expensive, and lengthy site survey. In Chapter

5, existing large-scale datasets collected in appropriate and well-funded

programmes are leveraged to generate spatially specific demand estimates

without re-surveying.

Gap 3 There are minimal training data for building detection in rural

areas of LMICs. Training datasets available for segmentation or detection

of buildings in satellite imagery are usually focused on urban settlements,

HICs, or both. Coverage in rural LMIC areas is low, which hinders the

potential to use computer vision to map off-grid communities. This gap is

tackled through the generation and open publication of a training dataset

focused on rural LMIC areas, as discussed in Chapter 3 and created through

the Power to the People citizen science project.

Gap 4 High-resolution and accurate demand estimation input data are

typically not available in LMICs, particularly in off-grid or newly

electrified areas. Detailed appliance use, behaviour, and occupancy datasets

available in HICs are not available in off-grid areas of LMICs. High resolution

data on energy use in LMICs, and particularly in newly electrified rural areas,
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would best fill this gap. This, however, is beyond the scope of the thesis,

as it requires national policy efforts and programmes. Instead, this gap is

tackled in Chapter 5 by improving upon existing demand estimation methods

by using spatially specific data.

Gap 5 There are few studies in the literature which account for demand

evolution in newly electrified rural areas. Demand is typically either

estimated based on current needs, surveyed aspirations, or a specified tier of

access to be achieved. This gap is tackled in the thesis in Chapter 6, which

maps demand evolution pathways to plan modular grid expansion and to help

select a best-fit affordable design point to prevent stranded infrastructure.

Gap 6 Scalable open-source models which account for local settlement

distribution and diversity using existing empirical data at low

computational expense are scarce. Existing models are typically either

focused at the local level, simulating and optimising demand and storage

infrastructure given specific local demands, or large-scale, selecting a broad

grid type over a raster grid cell. Local models tend to assume that the grid

type and load is known, whilst large-scale models do not account for settlement

style. Models that endeavour to do both are incredibly complex. This gap

is tackled in Chapter 6, which proposes a spatial design framework which

leverages existing empirical data to propose feasible grid designs in rural

off-grid LMIC areas.
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As identified in Chapter 2, two data gaps must be filled to enable spatial

feasibility design for rural electrification: location data and demand data for

potential connection points. This chapter first addresses the question of location:

Can we accurately map rural off-grid populations for electrical system design? It

is argued that rural off-grid populations can be effectively mapped at home level

using citizen science and satellite imagery to enable energy system design.

Location data for potential connection points are required to select an appropriate

technology and topology for electricity access, and to size system components (e.g.

generation and storage). The precise location, quantity, and density of potential

connection points influences whether SHS, mini-grid, grid extension, or other

technologies will be able to reach potential consumers at lowest cost. As the

43
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location and quantity of connections are also required to estimate demands, these

data also inform infrastructure sizing and thus the capital costs of the system. This

ultimately influences connection costs and tariffs experienced by the end-user, and

thus the accessibility and affordability of the energy service.

The locations of potential electrical connection points can be identified from

population density datasets (i.e. rasters and census data) or vector topographic

maps. Population density raster datasets such as the GPW [248] and the HRSL

[15] have resolutions ranging from 30” to 1” (i.e. 1 km to 30 m at equator) which

can misrepresent communities smaller than grid cell size, or those whose homes are

unevenly distributed throughout grid cells. Census data suffer similar resolution

limitations to rasters, and are further hindered by the irregular size and shape

of political districts. These density-based population data do not capture the

locations of individual homes or buildings, and therefore do not identify the precise

configuration of potential electrical connection points required for topology design.

While vector datasets exist which can offer the precise building locations required

for electrical topology design, those available to the public tend to have gaps and

inconsistencies. For instance, as discussed in Chapter 2 and shown in Figure 2.2, the

OSM [52] has recency, accuracy, and completeness issues. Without a coordinated

update frequency or temporal data uniformity, one cannot be sure that buildings

captured in the OSM are up-to-date. Additionally, large gaps in building coverage

unhelpfully tend to correspond with remote and rural regions with low energy access.

There are also subtler data gaps; non-Western housing styles (e.g. thatched-roof

homesteads) tend to be underrepresented, and businesses are more consistently

recorded than non-commercial dwellings. The issues in available data sources lead

to Gap 1 as identified in Chapter 2.

To illustrate the importance of home-level location data in electricity access

design, consider three communities, each with a population of 300 people and a

total area of less than 1 km2: a clustered community far from roads, a community

linearly dispersed along a major highway, and homes dotted on plots of agricultural

land. An electrical engineer using the GPW dataset to plan electrical systems
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for these communities would perceive them identically (i.e. as 300 people in one

grid cell). They may be able to specify a general least cost grid type for each

using a large-scale system planning tool like OnSSET [233], but they will have

no way to design or cost the distribution system in each case. The potential

demands of these communities may also vary based on their configuration and

context. For instance, the community along a major highway is likely to engage in

different kinds of trade than the agricultural village, requiring different productive

use loads. Even if the designer consults the HRSL to understand the shape of

each community, detailed satellite imagery or vector maps will be needed to site

infrastructure based on roads, buildings, and land-use patterns. The precise location

of community features, and particularly of buildings, are critical in generating

complete context-specific electrification designs.

The gaps in existing home-level location data must therefore be filled to design

electricity access systems. Traditional approaches for data collection, such as in-

person site surveying, are inconvenient, costly, intrusive, and difficult to scale in

remote off-grid regions. This is particularly true given the poor infrastructure

connections in rural areas of many LMICs which make off-grid communities time-

consuming and costly to reach. However, this is not the only approach available for

home mapping: innovative participatory, crowd-sourcing, and computing methods

can extract this location data from existing global EO satellite imagery. For

instance, citizen science can be applied to integrate enthusiastic non-specialists

into the research and mapping process. This creates opportunities for accessible

engagement in science and adheres to principles of mutual benefit and open data

access [85]. Citizen science has been proven effective in collecting and processing

substantial geolocated data at low-cost through projects like iNaturalist [89–91] and

Missing Maps [92–94] inter alios. Citizens have the knowledge and ability to map

diverse spatial features, including potential electrical connection points in satellite

imagery, and bring diverse perspectives to the research.

This chapter argues that citizen science and satellite imagery can be used to

effectively map rural off-grid homes for energy system design. To test this, a project
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called “Power to the People”1 (PTTP) was executed to engage citizen scientists

to locate homes in rural Kenya, Uganda, and Sierra Leone using VHR satellite

imagery. This approach brings the advantages of high temporal data specificity

based on the capture time of the imagery, and the near-worldwide coverage of

archive satellite imagery, which are particularly useful in off-grid rural regions which

can otherwise be data-deserts. It leverages enthusiasm amongst the existing global

citizen science community while avoiding exacerbating disproportionate time poverty

experienced by those in study regions, which would be worsened by requesting

their voluntary labour in mapping efforts [95, 96]. Throughout PTTP, thousands of

citizen scientists classified hundreds of thousands of images to locate homes, which

are post-processed to create a high-consensus home location dataset.

Success criteria for this work are based on benchmarks for speed, accuracy and

cost drawn from the literature. First, citizen scientists must produce home annota-

tions on VHR satellite imagery with accuracy ≥ 62% and speed ≥ 0.25 km2/day

[249]2. Second, the citizen science project should map off-grid areas at a cost3

< $465/km2 [69]4. Finally, the citizen science project also had to adhere to the

core principles of citizen science [85], including the principle of mutual benefit to

professional researchers and citizen scientists.

This chapter first outlines the data and materials required to map potential

connection points in Section 3.1, and the citizen science based methodology in

Section 3.2. This includes details on satellite imagery requirements, citizen science

workflow, and metrics used to evaluate performance. Section 3.3 discusses the

results of the PTTP citizen science experiment and Section 3.4 elaborates upon

insights and implications of the mapping performance as it pertains to electrical

system design for rural off-grid areas. Finally, key insights from the chapter are

discussed in Section 3.5 as they relate to the broader questions of the thesis.
1See: www.zooniverse.org/projects/alycialeonard/power-to-the-people
2On-the-ground mapping speed facilitated by satellite imagery. Assumes one project employee.
3All dollar amounts in the thesis are in United States Dollars (USD or $) unless otherwise specified.
4Lowest cost achieved in these mapping case studies. This cost assumes that each land parcel is
1.29 hectare, the average parcel size from [249].
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3.1 Data and Materials

To apply citizen science in home-level mapping for rural off-grid areas, VHR

satellite EO images are required as input data for annotation, and an online citizen

science platform must be selected.

3.1.1 Satellite Imagery

Satellite imagery of currently unelectrified regions is used as input data for citizen

science annotation. While other data types, such as aerial or drone imagery, could

be used, satellite data is more readily available than these alternatives with more

comprehensive coverage. Large satellite imagery providers hold vast sets of recent

archive imagery with near-global coverage; the same cannot be said for drone or

aerial imagery, particularly in poorer areas. As such, to use these data types

would require acquiring equipment to undertake primary data collection, which

would come at significant expense. Of course, this could provide an excellent

income opportunity for a local drone operation business, if such a business exists;

however, given cost constraints, this option was outside the scope of this thesis,

and satellite imagery was used.

To enable the accurate mapping of potential connection points (i.e. buildings

or dwellings) in off-grid areas, a GSD ≤ 1 m and minimal cloud cover is required

such that homes are perceptible and unobscured. Colour images are needed, as

colour can be a useful way to distinguish roofs from the ground in some cases

(though not all cases, e.g. brown thatched roof homes surrounded by brown dirt).

Given these resolution and colour requirements, both panchromatic (i.e. single color

band, often visualised in greyscale, higher quality) and multispectral (i.e. multiple

colour bands, lower quality) bands must be acquired to produce pansharpened

high-quality full-colour images for annotation. As populations fluctuate and migrate

over time, recent imagery should be acquired wherever possible such that grid

designs produced using resulting home locations align with the current on-the-

ground settlement configuration.
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3.1.2 Citizen Science Platform

A web-based citizen science interface is used to facilitate satellite imagery annotation.

The following criteria are applied when selecting a platform to increase the likelihood

of project success and adhere to the principles of citizen science [85]:

• Compatibility with multiple device types and browsers to reach volunteers

with differing levels of technology access;

• Large and diverse existing volunteer base which can join the project;

• Track record of successful citizen science projects;

• Dedicated project landing page and link for online promotion;

• Integrated informational pages to explain research aims;

• Two-way communication interface to engage with the community;

• Cloud storage availability to host large imagery datasets;

• Built-in tools for image annotation, or the ability to build these;

• Facilities to export pixel-level image annotations.

Such an interface can be implemented through a number of online platforms

such as Zooniverse5 or CitSci.org6. Alternatively, custom in-house development or

development through a specialised agency like Spotteron7 can be pursued.

3.2 Methods

The general methodology for the work in this chapter is illustrated in Figure 3.1.

Satellite imagery is pre-processed to facilitate annotation. Then, it is annotated by

citizen scientists to locate potential connection points (i.e. buildings or dwellings).

These data are evaluated against a gold standard sample dataset.
5https://www.zooniverse.org/
6https://citsci.org/projects
7https://www.spotteron.net/
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Figure 3.1: Overview of the citizen-science-based mapping methodology for potential
connection points in rural off-grid areas.

3.2.1 Satellite Imagery Pre-Processing

Satellite imagery is pre-processed to facilitate online annotation through pansharp-

ening, rendering, tiling, upsampling, and metadata recording.

The original 16-bit geographic tag image file format (GeoTIFF) satellite images

are first pansharpened. This process combines the lower-quality multispectral

and higher-quality panchromatic images to create a higher-quality colour image.

Image histograms are manually colour-corrected to minimize any atmospheric effects

and to produce a natural colour appearance for easier interpretation by citizen

scientists. Images are then rendered in 8-bit color, reducing their file size at minimal

visual expense to enable web upload.

The images are then split into small square tiles for annotation. Three image

tiles are generated for each geographic area: one panchromatic tile in greyscale,

one multispectral image in colour, and one pansharpened image in colour. These

three imagery types are used as each has certain advantages during interpretation.
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The panchromatic imagery can make it easier to see edges, while the multispectral

imagery has the most accurate colour information, and the pansharpened imagery

is a compromise ideally retaining most information from the other two.

Tiles are sized to contain a reasonable quantity of homes for citizen scientists to

annotate at any one time and sufficient contextual information to interpret image

features. It can be difficult to tell what is included in an overhead image presented

at very high zoom, so a compromise must be struck between the risk of making

ground features blurry by over-zooming and making them hard to detect by under-

zooming. To strike this balance, for imagery with a 0.5 m GSD panchromatic band,

256×256 (i.e. 65,536 pixel or px) panchromatic and pansharpened tiles are generated.

Multispectral tiles must be smaller to align geographically with the panchromatic

tiles. In this case, for 2 m GSD multispectral imagery, 64×64 (4,096 px) tiles are

generated. Tiles on image edges are discarded if too thin to be likely to contain

any full homes. Any tiles with cloud cover blocking the view of features on the

ground are also discarded. The tiles are then upsampled (i.e. “blown-up”) for

easier annotation. For the 0.5 m GSD imagery discussed above, panchromatic

and pansharpened tiles are upsampled by 200% while the multispectral tiles were

upsampled by 800% to obtain 512×512 (262,144 px) tiles for all imagery types8.

Georeferencing details for each tile – that is, the minimum and maximum

geographic coordinates for each image tile – are exported from the GeoTIFF tiles

and preserved in a separate comma-separated values (CSV) file to be used in data

post-processing. Finally, tiles are converted into a web-ready portable network

graphics (PNG) format and uploaded to the citizen science platform.

3.2.2 Citizen Science Workflow

The citizen science annotation workflow is designed to map connection point

locations for electrical system planning, with secondary goals of collecting home

size and roof material information (e.g. thatch or metal). Roof type and size can

be used as a proxy for household income in certain contexts, which is important to
8This was found to be easier to label than the original tile size in PTTP beta testing.
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know when considering the willingness of inhabitants to pay for electrical service.

Additionally, if rooftop PV is desired or is more practical than ground-mounted

PV in a particular community context, the size of the roof dictates the capacity of

PV which can be installed. These are important parameters to electrical design,

particularly in rural developing regions where rooftop PV might be the most

economic option, and so are collected during the annotation process.

Given these goals, the annotation workflow is constructed as shown in Figure

3.2. The citizen scientist is presented with a subject, and asked whether they

can see any homes9. If they indicate that they do not, they are presented with

a new subject. If they indicate that they do, they are asked to annotate the

home on the image. For each annotation, they are asked to identify the color of

the roof, under the assumption that thatched rooftops appear brown and metal

rooftops appear light or white. They are also asked to identify roof shape from

the options “square or rectangular”, “circular or rounded”, or “other”. When the

citizen scientist is finished annotating the image, they are asked whether they have

annotated all visible homes, or whether there were too many to annotate them

all10. Once the citizen scientist answers this question, they can then confirm their

annotations and move on to another subject.

Multiple annotation tools can be used to locate homes in satellite imagery,

including bounding boxes, circular annotations, point annotations, or free-form

polygons. Since an estimation of roof size is desired, point annotations are not

appropriate in this application. While free-form polygons can theoretically produce

the most accurate data on roof size and shape, these annotations are harder for

citizen scientists to create in practice through online interfaces than rectangles or

circles; they tend to require higher precision and more steps to create. As the extra
9Note that the word “home” was used in PTTP instead of “building”. It was hypothesized that
the global community of citizen scientists was more likely to understand potentially unfamiliar
construction styles (e.g. semi-permanent refugee homes, thatched roof structures) as homes than
as buildings, even though they may actually represent businesses, places of worship, etc.

10This question was added to PTTP based on urgent feedback from citizen scientists that some
images contained too many homes to label (i.e. they were too overwhelming or time-consuming).
These images were typically from peri-urban regions with a mix of under-represented home
styles and dense areas, or crowded refugee camps.



3. Mapping Off-Grid Homes With Citizen Science 52

Figure 3.2: Workflow for the online citizen-science-based satellite imagery annotation.

effort and challenge required to produce accurate arbitrary contours might cause

frustration amongst citizen scientists, harming data quality and slowing the process

of annotation, free-form polygons are not used. Thus, to capture annotations

and roof sizes as accurately as possible, a rotatable bounding-box annotation tool

is used. This allows citizen scientists to align annotations very accurately with
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the rooftops of rectangular buildings to preserve as much detail as possible. An

estimate of roof size can still be obtained for other roof shapes using the follow-up

questions on roof shape. For instance, if the citizen scientist indicates that the

roof is circular, the area of a circle inscribed on the bounding box annotation

can be used to estimate the roof area.

Each subject is classified (i.e. viewed and annotated in the above-described

workflow) by multiple citizen scientists. If the first five citizen scientists to classify

a subject all indicate that there are no visible homes, that subject is retired from

the workflow. If any of the first five citizens scientists do see any homes, the subject

is classified by ten citizen scientists before retirement. These thresholds are selected

based on the previous experience of the Zooniverse team in designing similar task

workflows. Given the relative complexity of the rural home annotation task and the

diversity of image types in the workflow, cautiously high thresholds are adopted. It

is possible that the number of citizen scientists to annotate each image could be

reduced without harming data quality. A sensitivity analysis to investigate this

would be an interesting area for future work, but is outside the scope of this chapter.

3.2.3 Annotation Post-Processing

Once all subjects are fully annotated, the annotation data are post-processed to

identify where contributors agreed that there is a home – that is, where there

is a high density of home annotations – using clustering. To achieve this, a

density-based clustering algorithm that allows outliers and adapts to variable

annotation accuracy and quantity is desired. As citizen scientists may make

accidental or incorrect annotations, each annotation should not be forced to be

part of a cluster; rather, clusters should only include those annotations in high-

density groupings. To this end, the Hierarchical Density-Based Clustering of

Applications with Noise (HDBSCAN*) algorithm is applied. HDBSCAN* builds

on the Density-Based Clustering of Applications with Noise (DBSCAN) algorithm

by producing a hierarchical set of DBSCAN clusters as the ϵ parameter is varied.

It optimally “cuts” through the hierarchical tree where the resulting clusters are
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most stable and persistent [250]. As the results of HDBSCAN* depend highly

on the minimum cluster size (mclSize) hyperparameter selected, a range of mclSize

values are applied in clustering experiments, and the best mclSize value is selected

based on the clustering results. The accuracy metrics discussed in Section 3.2.4

are used to select the best mclSize value.

The post-processed annotation clusters and original home annotations are

subsequently georeferenced for use in mapping and GIS. The annotation image

coordinates are mapped to geographic coordinates in each satellite image’s original

coordinate reference system based on the georeferencing data exported for each

image tile during pre-processing.

3.2.4 Data Validation

To validate the data, a set of “gold standard” annotations is generated by the

author for comparison with the citizen science annotations. The gold standard

annotations are made on a random sample of 188 images which contain HDBSCAN*

clusters for mclSize = 5 (i.e. which are likely to contain some homes to label).

This sample of annotations is used to calculate precision (P ), recall (R), and

F1 score (i.e. the harmonic mean of P and R) for citizen science annotations.

P , R, and F1 are defined as:

P = TP

TP + FP

(3.1)

R = TP

TP + FN

(3.2)

F1 = 2P ×R

P + R
(3.3)

where TP represents true positives (i.e. positive predictions which agree with ground

truth), FP represents false positives (i.e. positive predictions which disagree with

ground truth), and FN represents false negatives (i.e. negative predictions which

disagree with ground truth). Citizen science annotations are treated as predictions

and gold standard data are treated as ground truths in these calculations.
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Figure 3.3: Visualisation of the concept of intersection over union (IoU) in the context
of satellite imagery annotation, where an annotation is shown in blue and a ground truth
is shown in green.

As these image annotations are shapes, to determine whether a ground truth

and a prediction are equivalent requires looking at how much they overlap. In

practice, a ground truth and a good prediction might not be exactly the same – for

instance, the amount of overlap could be 80% or 90% of the union of the area of

both shapes. To account for this, a threshold value for the intersection over union

(IoU) between a ground truth and a prediction is defined in order to count that

prediction as TP . This IoU value is also used to identify FN (i.e. ground truths

that have an overlap less than IoU with any prediction). IoU can be calculated

for a prediction A and ground truth B as:

IoU = A ∩B

A ∪B
(3.4)

This can also be shown graphically as in Figure 3.3. An IoU threshold of 0.5 is

used here; this is a commonly used and acceptable threshold. This means that

IoU ≥ 0.5 between a prediction and any ground truth is counted as TP , IoU < 0.5

between a prediction and any ground truth is counted as a FP , and IoU < 0.5

between a ground truth and any prediction is counted as a FN .

3.2.5 Impact Evaluation

Given the principle of mutual benefit underlying the citizen science methodology,

it is important to evaluate not only the quality of the resulting data, but also the

quality of the volunteer experience. Specifically, to understand the impacts of citizen

science, it is important to evaluate the composition of the citizen science community,

their motivations, and any impact that working on the project has had on them.
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To this end, an evaluation survey is conducted to evaluate the citizen science

experience and impact. A survey is disseminated to gather data about the

composition, motivations, and experiences of the citizen science community, centered

around the following lines of inquiry:

• Who is contributing to PTTP?

• Why do they choose to engage?

• What are the impacts of engagement for contributors?

• What are the benefits and challenges of contributing?

Here, this survey is promoted via the online citizen science interface and other digital

channels to collect insights from existing project contributors. It is disseminated to-

wards the end of the project when contributors have had ample time to experience the

project and learn from it. A full list of survey questions is included in Appendix A.

3.3 Results

These citizen science mapping methods are applied in the experimental PTTP citizen

science project, whose outputs are then evaluated to determine methodological per-

formance. First, the experimental setup and execution is detailed; then, the resulting

data, both in terms of imagery annotation and contributor experience, is evaluated.

3.3.1 Experimental Setup

Satellite imagery used for PTTP were captured by the Superview-1 constellation,the

Disaster Monitoring Constellation 3 (DMC-3), and the Korea Multi-Purpose Satellite

(KOMPSAT) 3A. Details on each these satellite constellations are presented in Table

3.1. Each has a GSD ≤ 1 m in the panchromatic band. The most recent available

images were used to ensure that the resulting home maps were as up-to-date as

possible. These images had capture dates ranging from 2015 to 2019. As acquiring

new imagery is more expensive than using archive imagery, archive images were

used where possible to minimize costs. New imagery was acquired where no suitable

imagery was available with a capture date in 2015 or later.
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Table 3.1: Satellite constellations which acquired imagery for the citizen science project,
alongside their operators, launch dates, satellite quantities, and ground sample distances
(GSD). GSDP is for panchromatic imagery while GSDM is for multispectral imagery.

Name Operator Launch
date(s)

# of
satellites

GSDP
(m)

GSDM
(m)

Superview-1 Beijing Space
View Technology

2016-12-28
2018-01-09 4 0.5 2

DMC-3 DMC International
Imaging 2015-07-10 3 1 4

KOMPSAT-3A Korea Aerospace
Research Institute 2015-03-25 1 0.55 2.2

It was selected to focus PTTP’s mapping effort in Kenya, Sierra Leone, and

Uganda. These countries have ongoing rural electrification efforts at different stages,

have home location data gaps in OSM, and contain diverse, underrepresented

rural home styles which require more accurate mapping (e.g. agricultural, clustered

community, refugee, etc.). Specific satellite image sample locations were chosen based

on visual inspection and prior knowledge of rural settled areas with underrepresented

housing styles. These included thatched roofs, or communities containing both

thatched and corrugated roofs; homesteads constituted by multiple structures; homes

far from roads or surrounded by vegetation; and homes in refugee settings, where set-

tlements do not follow roads and contain both temporary and permanent structures.

The Zooniverse online citizen science platform was selected to host PTTP, as

it meets the requirements outlined in Section 3.1.2. It is free to use and allows

rapid and easy project construction, which was critical here, as no budget was

available for extended web development. The Zooniverse is the largest and most

popular platform for online citizen science, with a contributor base of over 2

million contributors [251]. It offers dedicated project landing pages, built-in project

information pages, and a built-in project “Talk” forum for discussion amongst

volunteers and researchers. Space is available for up to 10,000 imagery subjects

per project, with more space available upon request. The Zooniverse platform has

built-in image annotation and data export tools.

Satellite imagery was pre-processed as described in Section 3.2.1. Image tiles

were divided into “subjects” for upload to the Zooniverse platform, each of which
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Figure 3.4: Examples of the three satellite imagery types provided to citizen scientists
for annotation. Left: Multispectral imagery visualised in natural colour. Center:
Panchromatic imagery visualised in greyscale. Right: Pansharpened imagery visualised in
natural colour.

included a pansharpened, panchromatic, and multispectral tile of the same area

that the citizen scientist could cycle through as they annotated the area. This

allowed citizen scientists to view three image types for the area in each tile, which

can help them during annotation, as certain information and features are easier to

distinguish in each image type. For instance, colour information is easier to see in

multi-spectral imagery, while panchromatic imagery can make it easier to perceive

edges. An example of the three imagery types is shown in Figure 3.4.

The citizen science workflow described in Section 3.2.2 was implemented in the

Zooniverse platform as shown in Figure 3.5. It was tested internally by researchers,

and beta tested by citizen scientists, before proceeding to full launch.

3.3.2 Project Execution

PTTP launched on 2nd March and ran until 28th August 2020. A total of 519,420

image classifications including 578,010 home annotations were made on 74,802

subjects throughout project execution. Cumulative classifications over the project

duration are shown in Figure 3.6.

Engagement on the project spiked at a number of points during execution based

on world events and promotion. First, this project coincidentally started just before

the escalation of the Covid-19 pandemic which prompted lockdowns worldwide.

Engagement spiked as lockdowns increased in mid-March through early April. The



3. Mapping Off-Grid Homes With Citizen Science 59

Figure 3.5: Home annotation interface used in the Power to the People citizen science
project. Top: The citizen scientist is asked whether they can see any homes. Middle:
The citizen scientist is asked to annotate homes (left) and answer follow-up questions
for each home annotated (right). Bottom: The citizen scientist is asked to confirm their
annotations before proceeding to another image. Please ignore the “finished” banner in
the top-left corner of each image.
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Figure 3.6: Cumulative classifications on satellite imagery subjects over the course of
the Power to the People citizen science project.

Zooniverse platform as a whole saw increased use during early lockdowns [252],

and this project was no exception. Another spike occurred on Easter weekend (i.e.

around 12th April 2020). While there is no way to confirm this, it is likely that

with extra time off work and children off school during Easter, contributors were

again looking for a way to pass the time. The project was also promoted by various

institutions (e.g. Northwestern University [253]) and at virtual events (e.g. the

International Science and Engineering Fair [254]), which encouraged engagement

as a way to volunteer time towards science and sustainability initiatives.

Throughout the project, 71,251 Superview subjects, 2,915 KOMPSAT 3A

subjects, and 636 DMC-3 subjects were mapped, totalling approximately 1,267 km2

of imagery. Examples of citizen science annotations in various imagery contexts are

shown in Figure 3.7. The average imagery retirement speed of satellite imagery tiles

was 7.1 km2/ day. While the Zooniverse platform does not log time spent by citizen

scientists on-task, they estimate that for similar annotation tasks on their platform,

between 20-75 classifications can be completed per hour [255]. Using an estimate of

two minutes per classification, approximately 17,314 hours of volunteer time were

contributed throughout the project, or 13.7 volunteer hours per km2 mapped.
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Figure 3.7: Raw citizen science annotations from the Power to the People citizen science
project shown as yellow boxes in a number of different geographic contexts.

Following project completion, a record of all annotations was exported from the

Zooniverse platform as a CSV with one row per classification containing nested

JavaScript object notation (JSON) describing individual annotations. Any classifi-

cations made when the project was not “live” (i.e. during platform development,

beta testing, or erroneously after project termination) were discarded. The data

were then post-processed for validation.
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Figure 3.8: The progression from satellite imagery input data through to citizen science
annotation and post-processing to identify home footprints. This is illustrated for a
sample community area in Sierra Leone (9°32’47.823", -12°10’9.611"). Top: Satellite
imagery used as input data. Middle: Raw home annotations produced through the Power
to the People citizen science project. Bottom: Clustered annotations.

3.3.3 Data Validation

To understand the accuracy of the generated data, P , R, and F1 are calculated

using raw annotations as predictions and gold standard data as ground truth, as

outlined in Section 3.2.4. The resulting values are P = 0.492, R = 0.933, and

F1 = 0.644. The high R value here may indicate that citizen scientists found
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most ground truths, but is also influenced by the fact that the raw annotations

contain as many as ten sets of annotations per image, and multiple overlapping

raw annotations each count as a distinct TP in this case. The P value of 0.492

indicates that, of all annotations made, 50.8% were FP – that is, about half of all

annotations made did not match an annotation in the gold standard annotation set.

This validates the assumption that some method is needed to help find consensus

amongst the raw annotations and eliminate the noise.

The data are clustered as outlined in Section 3.2.3 to group overlapping

annotations into a singular home footprint wherever possible. An example of

the resulting clustered footprints is shown for a case study community in Figure

3.8. P , R, and F1 accuracy metrics are calculated for annotation clusters produced

by HDBSCAN* with different mclSize values to identify the mclSize value which

maximised accuracy, as shown in Figure 3.9. The highest precision (P = 0.689) is

seen for mclSize = 4 while the highest recall (R = 0.487) and F1 score (F1 = 0.568)

are seen at mclSize = 2. Clustering improves P compared to the results for

raw annotations, but the R for clusters is consistently lower than the R for raw

annotations. Again, this is likely due at least in part to the inflation of the TP

count stemming from overlapping annotations.

Figure 3.9: Accuracy results for home annotation clusters from the Power to the People
citizen science project. Precision, recall, and F1 results are plotted for the clusters
generated using HDBSCAN* with mclSize varied between two and ten.
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Figure 3.10: Trends observed in satellite image annotations on the Power to the People
citizen science project. These include: clustering issues, difficulties with crowded images
and under-rotation, different home interpretations, misunderstandings, and spurious
annotations. Citizen science annotations are shown in yellow, clusters are shown in red,
and gold standard data are shown in green.

A sample of the data are visualised for inspection and interpretation to give

a more intuitive understanding of annotation and cluster accuracy. Raw citizen

science annotations, clusters for HDBSCAN* with mclSize = 2, and gold standard

annotations are visualised over pansharpened image tiles. A number of interesting

observations arise from comparing the raw data, clusters, and gold standard data,

each of which is visualized in Figure 3.10. The following observations appear to

have negative impacts on data quality:

• Clustering issues: HDBSCAN* occasionally “splits the difference” between

annotations, or groups of annotations, which are close together yet too sparse

to form distinct clusters. This leads to erroneous cluster locations.

• Crowding: Annotation quality is highly variable on crowded images. In

these cases, citizen scientists often miss homes. This is unsurprising, given
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their communicated inability to complete annotation on many crowded

images. Crowded images with rectangular high-contrast homes generally

have higher-quality annotations than those with irregular lower-contrast

homes. Furthermore, HDBSCAN* does not tolerate the variable density

and completeness of annotation in these images well, and the clustering

behaviour is somewhat erratic.

• Rotation: Some citizen scientists elected not to rotate their annotations to

align with roof edges, despite having a tool to do so and being instructed

to do so if possible. This makes little difference to the clustering results for

homes with circular roofs (as no rotation of a square can best align with a

circle) or for homes whose roof edges are already aligned in the image tile

with the initial rotation of the annotation tool (i.e. orthogonal to the edges

of the image tile) as no rotation was needed in this case anyway. However,

for rectangular homes whose roof edges are not orthogonal to the edges of

the tile, the lack of rotation on annotations causes subsequent clusters to be

under-rotated. This did not pose a problem for smaller square buildings, as

their general roof area stays the same and the cluster will be generally placed

correctly if at the wrong angle, but for larger and longer rectangular buildings,

it can have quite a significant impact.

Meanwhile, the following observations do not appear to dramatically or negatively

affect data quality, but are still interesting to note:

• Home interpretation: At times, citizen scientists differently interpreted the

instruction to “carefully draw a box around each home or building you see”.

In images with groups of small buildings, many citizen scientists annotated

each structure as a home, while some interpreted the whole group as one

home. During clustering, HDBSCAN* tends to place clusters at the locations

with the highest density of annotations and disregards other interpretations.

This leads to the clustered dataset generally agreeing with the interpretation

of each building as a home. However, this interpretation can be debated; in
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many contexts, particularly in rural areas, multiple buildings can constitute

one homestead. For electrification design, locating each building is useful,

even though each building may not be an individual home, as residents may

desire electrical access in each sub-building of their homestead.

• Misunderstandings: In certain images, citizen scientists seem to have

misunderstood non-home objects (i.e. fields, rectangular yards) to be homes.

This is somewhat expected, as there are diverse home styles and settlement

types in the input satellite data. It can be challenging to keep track of

what a home actually looks like in each particular context when dealing with

such diversity. In most instances, misunderstandings are the minority of

annotations, and HDBSCAN* eliminated these when clustering.

• Spurious annotations: Some images contain annotations which appear to

be completely incorrect or accidental. These differ from misunderstandings, in

that there are no obvious features which could be misunderstood homes where

the annotations are placed. Again, these are a small minority of annotations,

and HDBSCAN* typically eliminates them from clusters.

3.3.4 Impact Evaluation

To evaluate the impact of the citizen science project on volunteer contributors, an

impact evaluation survey was completed as detailed in Section 3.2.5. The survey was

open for responses from 14th August to 14th September 2020 (i.e. approximately two

weeks prior to and two weeks after project completion). The survey was advertised

via an email to the contributor mailing list, a banner notice on the project homepage,

and a post on the project discussion forum. It received 142 responses, which is

approximately a 2% completion rate from all contributors. Anonymized quotes from

survey responses are provided in italicized block quotes throughout these results

as appropriate to illustrate and evidence the findings.

The results of the evaluation survey indicate that this project succeeded in

attracting a diverse group of citizen scientists. Survey respondents represent six
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continents (Asia, Europe, North America, South America, Africa, and Australia)

and 25 countries. As several countries are present in the survey results in small

proportions, it seems likely that there would be even more countries represented

amongst the full citizen base who contributed to the work in similarly small

proportions, but given the quantity of survey responses they are not represented.

Web analytics on the PTTP homepage collected by the Zooniverse during the

project support this, which found web traffic to the project from 54 countries,

including 36 which are not represented in the evaluation survey results. There are

high proportions of evaluation survey respondents from the United Kingdom and

the United States of America (44% and 27% respectively), which is expected, as

the Zooniverse platform has a high pre-existing contributor base in these countries.

Based on survey results, the citizen scientists who contributed to PTTP do not

at all fall into the stereotypical bucket of characteristics often attributed to interest

in engineering (i.e. middle-aged, well-educated men). In fact, there were more

women (59%) than men (36%) represented in survey respondents: the remaining

5% of respondents either identified as non-binary, preferred to self-describe, or

preferred not to answer (see Figure 3.11). Over half (54%) of the respondents had

no background in science or engineering, and their employment status’ varied: 31%

were students, 30% were employed full-time, and 19% were retired. The remainder

were either employed part-time, in some other employment status (e.g. on disability

leave), or preferred not to answer. While 56% of respondents had achieved some

higher education degree (i.e. Bachelor’s, Master’s, or PhD), the remainder were all

over the educational spectrum, from currently in school (11%) to having completed

high school (20%) or done vocational training (6%). Respondents also varied

significantly in age, as shown in Figure 3.12. Evidently, this project succeeded in

reaching people who are not the audience typically associated with engineering work.

Evaluation survey respondents reported an overwhelmingly positive experience

contributing to the project. 87% qualified their experience as either “good” or

“excellent” as shown in Figure 3.13. The most popular reasons reported for engaging

in this citizen science effort were a desire to contribute to projects with real-world
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Figure 3.11: Genders of the Power to the People citizen science evaluation survey
respondents. Note the higher proportion of women than men represented in the survey.

Figure 3.12: Ages of the Power to the People citizen science evaluation survey
respondents.

impact (91% reporting) and a desire to contribute to scientific research (79%

reporting). When asked to explain any parts of the project they found particularly

enjoyable, respondents highlighted the potential for project impact, their sense of

discovery (e.g. finding interesting buildings, artifacts, and geographical features),

learning about new places, the convenience of volunteering on their own time in

their own home, and connecting with researchers (as expressed in the quote below).
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“I hugely appreciate the time and effort you took to participate in the

talk boards with the volunteers. Believe it or not, but that is the thing

that will make or break the project.”

Several respondents also indicated that contributing to this work was a great use of

their time during the COVID-19 lockdowns, as indicated in the following quotes.

This is supported by the spike in engagement seen as lockdowns escalated worldwide.

“It has been really great to contribute to this project particularly over

the corona-virus lockdown period.”

“Has been a useful distraction during the lockdown imposed by Covid,

and has been good to know that I have helped in some small way.”

“Power To The People has been an easy platform for desktop volunteering

for the construction industry teams I work with. Covid has prevented

our other community investment activities within the UK in local to

our sites, but now that 2 community development projects in Uganda

have been cancelled (UK personnel being unable to travel to Africa) it’s

meant we can still make a contribution while waiting to reorganise the

projects.”

In general comments at the end of the survey, some respondents engaged

with the ethical and scientific concepts of the research in depth, as evident in

the following quotes:

“I did have a nagging feeling throughout the time I worked on Power

to the People. Sometimes people like the way they live even if it seems

backward or difficult to us. Like, who are we to say that our way of

life is the right way so we ‘force’ our way on other people of vastly

different cultures. Are we really enriching their lives or just changing it

when they’re perfectly content living the way they do. I realize that it
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Figure 3.13: Evaluation survey responses for contributor experience on the Power to
the People citizen science project. 87% reported that their experience was either “Good”
or “Excellent”.

would be a significant improvement if there was refrigeration for vaccines

and things like that. I just felt conflicted while I was working on your

project.”

“I found it concerning developing more infrastructure around the world

as most of the planet is already wrecked on a daily basis. This is very

concerning. It is also critical this does not lead to increased demand for

fossil fuels or radioactive waste. Although I do believe these people have

a right to electricity we should keep a low worldwide population.”

To think about the ethical concerns of this work, in terms of impacts on the cultures

and way of life of rural communities as well as the possible environmental damage

of additional electrification, indicates a deep, engaged participation. This speaks

to the power of citizen science as an engagement tool.

In-project learning was a key impact that this survey sought to evaluate. Results

on this are positive: nearly two-thirds (66%) of respondents reported learning

something through their experience on this project. Many reported learning about
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the geography and settlement patterns in the studied countries through their

observation of satellite imagery. For instance, when asked what they learned,

responses included:

“How to ‘read’ satellite imagery; something about conditions on the

ground in rural Kenya”

“I learnt more about the layout and construction of housing in the

Uganda.”

“Housing patterns in rural S. L. [sic]”

“The communities in Africa are very numerous and they seem to have

great agricultural skills.”

“I learned more about the landscape of Africa buy [sic] looking at the

photos and seeing trees and buildings. It gave me a better understanding

of the landscape.”

Others reported learning about the status of electricity access worldwide:

“I learned that even in today’s world there are still many people living

without things that we consider basic necessities like electricity.”

“That access to electricity is not something to be taken for granted”

“I learned that access to reliable and sustainable electricity was part of

the UN SDGs and how important it is for livelihoods in Africa to have

it.”

“It hit home what we take for granted. And, it wasn’t as easy as I

thought to locate the homes.”

“That there are SO many rural houses that may not have any power,

it’s sad that the governments in these countries aren’t doing more.”
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Furthermore, and excitingly, participating in this project also prompted 17.6% of

respondents to do their own investigations into concepts relevant to the project.

Most of those who sought further information did so via internet search, and the

most popular research topic was information about the countries of Kenya, Sierra

Leone, and Uganda. This speaks to the broader potential of citizen science to raise

awareness and to mobilize curiosity amongst citizen scientists.

3.4 Discussion

These results show citizen science to be a viable method for home-level mapping of

rural off-grid areas. The PTTP project was completed successfully and produced

high-quality data, albeit with some issues (e.g. crowded images, under-rotated

annotations) which require further work. Some lessons identified through the

challenges faced in this work are detailed in the following sections, with a focus on

how this approach can support better energy access system design in the future.

3.4.1 Annotation Performance

As discussed in Section 3.3.3, the quality of citizen science annotations was reduced

in certain circumstances. Three particular cases have been identified where quality

could be improved by adjusting the experimental design: addressing image crowding,

adjusting expectations regarding rotation, and by improving image clarity through

heightened contrast.

Crowded Images

Citizen scientists struggled to annotate images with many homes. As one of the

off-grid settlement types mapped in this work was the often-crowded refugee camp

context, this difficulty is problematic. Poor mapping of such under-resourced

crowded areas could engender poor electrical system design, perpetuating existing

inequities. It appears that it was not the relative size of homes in crowded images

that contributors found to be challenging, as non-crowded images had homes of
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similar sizes, but the quantity of homes per tile. Crowded images seemed to make

contributors less likely to annotate all homes in each tile.

In retrospect, the response to the prompt on crowded images in the annotation

workflow (i.e. “Did you label every home you have seen in the image?”) could have

been used to reduce the impact of these struggles on final data quality. For instance,

for every contributor who indicated that an image contained too many homes to

label, another contributor could be added to the total count of contributors required

to label the image. This would help ensure that there would be abundant home

annotations. This is an easy improvement for similar projects in the future.

Crowded images could also be presented at a higher zoom level in future projects

to reduce the quantity of homes per tile. Gridded population density datasets (e.g.

HRSL, GPW) could be used to identify higher-density areas needing higher zoom

levels. Depending on the distribution of homes in each grid cell (i.e. the settlement

style of the population there), this could result in some empty or sparse areas being

presented at higher zoom than needed, but this would be minimally harmful aside

from slowing the annotation process. Crowded images could also be excluded from

citizen science altogether based on some density threshold. Identifying the density

cut-off for higher zoom or exclusion which maximises resulting data accuracy could

be an interesting question for future research.

Another option would be to alter the citizen science architecture to divert crowded

images out of the pipeline or to iteratively improve crowded images. For instance,

a multi-stage citizen science pipeline could allow citizens themselves to identify

crowded images requiring increased zoom in a preliminary classification workflow

(e.g. through a quantitative approximation of the number of homes contained in the

image, or with a qualitative label of “empty”, “sparse”, or “crowded”). Crowded

images could then be reprocessed at a higher zoom level before annotation. Each

of these potential mitigation strategies can be applied not only to crowded images

in home mapping projects, but to other citizen science projects which involve

annotating crowded images in ecology, astronomy, or other fields.
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Under-Rotation

Not all citizen scientists rotated their annotations to align with roof edges. This

reduces the accuracy of the annotations and leads to inconsistent information

about roof size (i.e. home footprint), reducing its viability as a proxy for electrical

demand. Contributors may have found rotating annotations to be difficult or time

consuming, encountered issues with the rotation interface, or been influenced by

their experience with previous projects on the Zooniverse platform with non-rotating

bounding box annotation tools. Further follow-up would be required to determine the

reason. Regardless, this seems to validate the initial assumption that more difficult

annotation tools (i.e. with more steps) may be used less frequently, completely,

or accurately, leading to more variable data quality. Given the inconsistency of

rotation, perhaps a simple box (i.e. no rotation) or circular annotation tool may

create more consistent data in future projects.

Contrast

Finally, images could be pre-processed for higher contrast to help improve annotation

accuracy. In this work, images were pre-processed to achieve a “natural” colour

profile, which varied depending on the specific satellite, setting, and atmospheric

conditions at time of capture. Despite this, on the project “Talk” board, citizen

scientists often lamented the image clarity. This could be due to the inherent

properties of the image, such as the GSD achieved by the satellites. However,

even if resolution cannot be enhanced, pre-processing for high contrast instead of

natural colour could help to improve the perceived image clarity. This could in

turn improve the accuracy of annotations, particularly in blurry or overexposed

images, so long as it does not make homes unrecognizable. This may create a

trade-off between the accuracy of locations and roof colour information, which

would be acceptable here as location was the priority.
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3.4.2 Clustering Performance

There is room for improvement in annotation clustering methods for home mapping.

While theoretically well-suited to the task, HDBSCAN* had some issues, such as

the tendency to “split the difference” discussed in Section 3.3.3, leading to imperfect

results. Of particular note is the low recall (R) achieved by the clusters. This

is somewhat expected; mapping diverse home types in rural areas is inherently

challenging, causing inconsistencies in annotations. These inconsistencies can

translate into cluster misidentification or misplacement. Low R is a known challenge

in home mapping: OSM data also has low R [256]. It is likely that low R was

caused by contributors not managing to label every home, particularly in crowded

images, which is then exacerbated by the clustering algorithm behaviour. Future

work may wish to explore other clustering methods, or to create custom variations

on HDBSCAN* particularly tailored to home mapping and to the quality of data

which can be achieved through citizen science. For instance, it could be explored

whether clustering parameters could be tuned to suit each context (e.g. each region,

settlement type, or image tile) to produce more accurate clusters.

3.4.3 Cost and Speed

To understand the scalability of this approach, its speed (km2/day) and cost ($/km2)

of mapping are evaluated using the example of the PTTP project. PTTP achieved

an average mapping speed of 7 km2/day, which improves on the benchmark by

a factor of 28. As the Zooniverse platform is free to use, the main material cost

of this approach is satellite imagery. The highest resolution imagery used in this

work is commercially available at $10/km2 [257]. Other costs include researcher or

practitioner time and computing facilities, though it is likely that practitioners and

researchers already have access to the facilities required to utilize the Zooniverse

platform and pre-process data. Given this speed improvement and the low costs of

this approach, citizen science seems viable as a competitor to commercial mapping

alternatives. However, as will be subsequently discussed, this viability relies on

the availability and interest of volunteer contributors.
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The costs of this approach can be illustrated using the example of replicating

this project11. Assuming a cost of $10/km2 for satellite imagery, the total imagery

cost would be $12,670. Based on the experience of PTTP, one researcher working

half-time on the project should be able to replicate the project at the same precision

and mapping speed as achieved here. As such, to hire this researcher over the project

duration (26 weeks) at a pay rate of $28/hour [258] assuming a 37.5 hour work week

would cost $13,650. Therefore, this project could be replicated with a total cost of

$26,410, or $20.84/km2. These quantitative results are summarized in Table 3.2.

Table 3.2: Summary of citizen-science-based mapping results compared to benchmarks
from the literature12. Costs are estimated in Section 3.4.3.

Metric Benchmark Citizen science
(annotations)

Citizen science
(clusters)

Precision (%) 100% 49% 69%
Recall (%) 62% 93% 49%

Speed (km2/day) 0.25 7 7
Cost ($/km2) $465 $20.84 $20.84

Of course, it must be considered that, despite the validated mutual benefit of

this approach to citizen scientists and professional researchers, volunteer time is

essentially free labour. In this project, an estimated 13.7 volunteer hours were

required per km2 mapped. If volunteers were instead paid the United States

minimum wage of $7.25/hour, this would add an additional cost of $99/km2, which

would outweigh other costs. For instance, in the case study of replicating this project,

this would add an additional cost of $125,844, roughly five times the total original

approximated project cost. Volunteers are critical to the financial feasibility of this

approach. It can be debated whether, ethically, these volunteers ought to be paid;

however, given their existing desire to contribute without payment, as detailed in

Section 3.3.4, citizen scientists can be taken at their word so to speak and assumed to

be happy to contribute without pay for reasons of personal satisfaction and interest.

11Costs provided in this example are representative, not exact.
12It is assumed that the benchmark would achieve 100% precision (i.e. no FP ).
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3.4.4 Implications

Home location data is required as an input to produce detailed grid designs including

topology and costing. Consider, for instance the REM [238], an innovative model

at the intersection of large-area energy access planning and local topology design.

Home locations are required as an input to this approach, and computer vision

is used to generate home location data for REM where missing from available

sources like the OSM. To train their home mapping algorithm, the REM team

used location data hand-annotated by research assistants, as even data annotated

by Amazon Mechanical Turk workers were found to be of an inadequate quality

[259]. Meanwhile, this chapter demonstrates that citizen science can produce home

location data which can be directly used as input to models like REM quickly, at

scale, and at far less expense. The higher accuracy of citizen scientists compared to

Mechanical Turk workers may be attributed to their familiarity with the annotation

interface or the task, their interest in the research question, their enthusiasm, or

their emotional investment in ensuring good research outcomes; further study is

needed to investigate this discrepancy.

This work also has implications beyond academia. Many governments and

utilities worldwide undertake extensive home-level mapping when planning energy

access initiatives. Such a project was, for instance, recently undertaken in Kenya

for a geospatial electrification planning exercise [260]. This begs the question:

could citizen science be leveraged beyond academia, in practical and governmental

initiatives? Would the same contributor enthusiasm persist in projects driven

by public service and not by research advancement? Given the motivations of

citizen scientists to participate in this project discussed in Section 3.3.4, including

the real-world nature and social benefit of the project, it is certainly plausible

that, if communicated correctly, there could be. Perhaps a desire for data control

would limit such non-academic citizen science efforts, but as the world adapts to

an increasingly open data system in public and private organisations, this may

become less relevant. Probing this possibility, and testing the application of citizen
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science in practical application for public service or other initiatives, would be

an exciting avenue for future study.

3.5 Key Outcomes

The work in this chapter has shown citizen science to be a feasible method to map

remote off-grid populations. A large-scale online citizen science project mapped

approximately 1,267 km2 of rural Kenya, Sierra Leone and Uganda at an average

rate of 7 km2/day. Home annotations produced through citizen science achieved

a recall of 93% and precision of 49%, which could be increased to 69% through

clustering. The estimated cost for this approach is $20.84/km2. The dataset of

home annotations produced through the PTTP project is made publicly available

for future research use – access details are provided in Appendix B.

These results are orders of magnitude faster and cheaper than benchmarks

from the literature. As the cost of satellite imagery decreases ever further, this

approach is set to become even more accessible over time. Moreover, this approach

can bring together a global community of enthusiastic volunteers motivated by

the opportunity to contribute to meaningful research. Community members on

PTTP learned about rural developing countries and electricity access through their

participation; working on the project even mobilized some to continue learning

about the work through independent study.

While this approach can produce the home-level location data needed for

electrical system design quickly and cheaply while creating positive benefits for the

citizen science community, its speed still needs improvement when considering the

scale of the global electrification challenge. A speed of 7 km2/day is great when

mapping a town or small county; however, at a global scale, mapping efforts at this

rate would take thousands of years. In the next chapter, it is therefore explored

whether home mapping can be accelerated even further by leveraging the power of

artificial intelligence and computer vision for home-level mapping at a global scale.
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So far in this work, one method – citizen science – has been explored as a

means to map rural off-grid homes for electricity access system design. Though

this method offers significant cost and speed improvements over conventional site

survey community mapping methods, and comes with the added benefits of proven

community learning and mobilization, it cannot scale to match the size of the global

electricity access gap within a reasonable time frame. To address this, this chapter

therefore tackles the question: Can we map off-grid populations rapidly at a global

scale? It is argued that by using a computer-vision-based mapping approach which

builds on robust training data generated through citizen science, mapping speeds

and costs can be achieved that match the scale of the electricity access gap.

Given the numerical and spatial enormity of the global electricity access gap,

home-level citizen-science-based mapping simply cannot scale to match this urgent

challenge. To illustrate, consider the citizen science approach in Chapter 3, which

79
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achieved a mapping speed of 7 km2/day with an approximate cost of $20.84/km2.

These results are appropriate and realistic at a regional mapping level. For instance,

a county government wishing to map a 500 km2 rural area at the home-level for

electrical design taking this approach would be able to do so at a cost of $9,000-

10,000 in 2-3 months. This is a reasonable time frame and cost in this context,

and is likely represent large cost and time savings over an in-person site survey or

non-citizen-science satellite imagery labelling endeavour. However, scaling these

costs up to the size of the global electricity access gap tells a different story. The

world has 112 million km2 of rural land, 78 million km2 of which is in LMICs

[261]. Mapping the entire rural area of LMICs at home level with citizen science,

at a rate of 7 km2/day and a cost of $20.84/km2, would take over 11 million days

(i.e. 30,000 years) and cost over $1.6 billion.

While one could argue that this would be financially worthwhile, the infeasibility

of the time constraint is hard to debate. Even if it is assumed that the speed

of mapping would scale linearly with the size of the contributor base, and that

more citizen scientists could be recruited to accelerate the process, over 200 million

volunteers would need to be mobilized to map the entire rural area of LMICs at

home level within a year. This seems highly unrealistic; alternative methods must

therefore be explored to accelerate rural mapping at scale.

One promising method to enable home mapping at scale is computer vision.

Computer vision can automate tasks which humans can accomplish by eye, ranging

from the classification of images based on their contents to the detection or segmen-

tation of individual image features, as reviewed in Chapter 2. With the explosion

of AI research in recent years and the dramatic increase in graphics processing unit

(GPU) efficiency [262], computer vision algorithms have become supercharged with

CNNs. These algorithms dramatically outperform classic predecessors in terms of

accuracy and speed. Just as citizen scientists learned to identify homes in satellite

imagery through observation and practice, computer vision algorithms can learn

to do the same. As more and more satellites are launched (see Figure 4.1) with

greater data capacities (see Figure 4.2), satellite EO images to enable this approach
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should become increasingly available and inexpensive. Additionally, as GPU power

continues to increase [262], the computational resources required to enable computer

vision should equally become ever more accessible and powerful. Leveraging EO

imagery and GPU-driven computation, computer vision could make home-level

mapping for rural electricity planning feasible at a global scale.

Of course, satellite images cannot be used to train computer vision algorithms

for home mapping in their raw state: they must first be labeled. Unfortunately, the

availability of such labeled satellite data in rural LMICs is limited, as identified

in Gap 3 presented in Chapter 2. Most available training datasets for home

location in satellite imagery are either only focused on urban areas (e.g. SpaceNet

[80], OpenCities AI [143]), only focused on HICs (e.g. the Landcover.ai dataset

in Poland [141], the SkyScapes dataset in Munich [142], the Mnih dataset in

Massachusetts [128]), or both. The utility of these data is limited when mapping

rural off-grid homes in LMICs, whose appearance (e.g. roofing material, size) and

context (e.g. proximity to roads, arrangement, surrounding land use) are often very

different than urban or HIC homes. Helpfully, however, citizen-science-generated

data can be used as training data in this kind of computer vision research. Large

Figure 4.1: Objects launched into space each year as recorded by the United Nations
Office for Outer Space Affairs [263]. There is a clear upward trend in launches which
is escalating quickly. While not all of these objects are satellites, many are. As more
satellites are launched, satellite imagery should become increasingly accessible.
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Figure 4.2: Data volume per hectare provided by different satellite constellations over
time [264]. The amount of data provided per hectare has increased from 100 B in Landsat
1 to 100 MB in Pleiades-Neo.

annotated image datasets generated through citizen science have been used in

computer vision to classify images or detect specific features in previous projects.

For instance, the Snapshot Serengeti [265] and Penguin Watch [266] citizen science

projects have generated large computer-vision-ready datasets of labelled animal

images from camera trap images. The citizen-science-generated home location

dataset generated in Chapter 3 will thus be useful here, given the scarcity of

other relevant training data.

This chapter argues that computer vision can be used to map off-grid homes at

a global scale and at low cost to enable electrification design for universal access.

Using VHR satellite imagery and home annotations generated in the PTTP citizen

science project, an object detection algorithm is experimentally trained and tested

as a means to achieve scalable home-level mapping in Kenya, Uganda, and Sierra

Leone. This method retains the advantages of high-temporal specificity and near-

worldwide coverage that come with the use of satellite imagery as input data while
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promising to cut mapping time and costs significantly compared to on-the-ground

benchmarks and previous citizen science results. To be shown to be successful, the

computer vision approach must accurately map homes in rural off-grid areas of

LMICs at a rate which can scale to global coverage within a reasonable timeframe

and cost given the urgency of achieving universal electrification (i.e. less than 5

years, on the order of magnitude of $1 billion).

This chapter proceeds by first outlining the materials and methodologies applied

in Section 4.1. This includes the selection of a computer vision algorithm, data

pre-processing, configuration and training, and performance evaluation metrics.

Section 4.2 outlines the resulting performance of the trained algorithm in the rural

home detection task. Then, Section 4.3 elaborates upon insights and implications

of the mapping performance as it pertains to electrical system design for rural

off-grid areas and discusses scalability. Finally, key insights from the chapter

are discussed in Section 4.4.

4.1 Methods and Materials

The methodology used in this chapter is illustrated in Figure 4.3. The annotations

produced in Chapter 3 are pre-processed to be used as training data alongside EO

satellite imagery. A computer vision algorithm is trained using these data and

applied for detection. Its performance is evaluated using cross-validation and is

compared to the previous citizen science results.

4.1.1 Computer Vision Approach and Tools

As reviewed in Section 2.1.4 of Chapter 2, computer vision algorithms for clas-

sification, object detection, and segmentation can each be applied in different

ways to enable satellite-imagery-based mapping. Classification can for instance

be used to identify whether each tile is populated (e.g. by assigning a binary

“inhabited” or “deserted” label) to create a gridded population dataset similar

to HRSL [15] or GPW [248]. However, a gridded dataset is not the goal here;
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Figure 4.3: Overview of the computer-vision-based method for mapping potential
connection points (i.e. homes) in rural off-grid areas.

instead, specific home locations are desired. As such, classification is not used

given its unsuitability to the required task.

Object detection and segmentation, however, are both potentially appropriate

for the task of mapping homes in rural off-grid areas using satellite imagery. Each

can identify individual features in an image, either within a bounding box (object

detection) or at the pixel level (segmentation). Note that instance segmentation

would be needed in this application, as semantic segmentation would not differentiate

between individual homes.

These two algorithm families require different types of training data. Both

require labels of individual instances of the feature to be identified; however, instance

segmentation requires pixel-level annotations, while object detection requires only

bounding boxes. In this case, the available training data produced in Chapter

3 contains bounding box annotations; therefore, object detection is selected as

the general computer vision approach.
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Computer vision tools are selected to implement and test the feasibility of the

object detection based home mapping. Free and open source computer vision

tools are preferred, as these are more accessible in resource-constrained contexts

(i.e. rural areas of LMICs). Similarly, straightforward and user-friendly tools

are preferred, as these minimise the barrier to entry for the use of this method

by practitioners and rural development planners. That said, high performance

state-of-the-art algorithm implementations and GPU compatibility are also required

to match the scale of the problem.

Tensorflow is selected as the computer vision toolkit to meet these needs.

Tensorflow has a relatively user-friendly Python-based computer vision application

programming interface (API). It is widely supported by an active online community

with numerous tutorials and forums available. There is a version of Tensorflow

which is compatible with Nvidia GPUs so long as required supporting software

(e.g. CUDA, Python dependencies) are installed. The Tensorflow object detection

API and model zoo implement many cutting-edge object detection algorithms with

minimal barrier to entry for use aside from basic Python literacy. This makes

Tensorflow well-suited for practical application in home mapping for grid design.

4.1.2 Training Data Pre-Processing

The home annotation clusters produced in Chapter 3 are used alongside VHR

satellite imagery as training data, given the scarcity of rural off-grid homes in

alternative training data sources. Specifically, the clusters with the highest R

and F1 compared to the gold standard are used for the main experiment of this

chapter, which are those produced using HDBSCAN* with mclSize = 2. Unclustered

raw annotations are also used in one specific exploration, the results of which are

presented in Section 4.2.3; all other results used clustered data.

Several pre-processing steps are required to convert the annotations produced

in Chapter 3 to a form which could be used for training in Tensorflow. First, the

annotation records are translated to a set of four corner coordinates, based on the five

data points recorded in Zooniverse exports which indicate their position: an x and y
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coordinate in pixels, an angle of rotation (hereafter θ), and the width (w) and height

(h) of the box. While generally highly documented, the Zooniverse documentation is

ambiguous about the exact position of the x and y coordinate provided (i.e. whether

this point represents the center of the box or any of the corners), and whether θ is

in radians or degrees. Through data visualisation alongside satellite imagery and

gold standard annotations, it was determined that the x and y coordinate represent

the top right corner of the bounding box, measured from the top right corner of

the image, and that θ is measured from 0 in degrees in a negative (i.e. clockwise)

direction about the center of the defined rectangle. This is likely due to the treatment

of the upper right corner of an image as (0, 0) in most image processing applications;

given this, one could consider the picture in a vertically flipped state, which would

make the bottom left corner the conventional (0, 0) for the Cartesian plane and

which would make θ actually point in the conventionally positive counter-clockwise

direction. However, in this case, the images are not flipped, and instead a −θ is

used when converting annotation records to corner coordinates.

To obtain the xn and yn coordinates for each corner of the rotated bounding box

for n = 1 : 4, the “unrotated” bounding box are first generated by adding w and h to

x and y respectively; then, all points are rotated about the center point of this box (i.e.

xc, yc) by −θ. The “unrotated” annotation corners (xnu , ynu) are first calculated as:

(x1u , y1u) = (x, y) (4.1)

(x2u , y2u) = (x + w, y) (4.2)

(x3u , y3u) = (x + w, y + h) (4.3)

(x4u , y4u) = (x, y + h) (4.4)

Then, the box center is obtained as:

(xc, yc) = (x + w

2 , y + h

2 ) (4.5)

Finally, rotated annotation corner coordinates are obtained for each corner n as:

xn = xc + (xnu − xc) cos(−θ) + (ynu − yc) sin(−θ) (4.6)
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yn = yc − (xnu − xc) sin(−θ) + (ynu − yc) cos(−θ) (4.7)

Training data annotations for object detection in Tensorflow are defined as

minimum and maximum x and y coordinates of bounding boxes whose edges lie

orthogonal to image edges. Such data could be taken directly from the (xnu , ynu)

pairs, but these annotations are not guaranteed to fully contain each home, especially

if annotations were made very close to the roof edges (as was instructed in the

original annotation workflow – see details in Chapter 3, Section 3.2.2). Alternatively,

satellite images could be clipped around each home annotation such that each image

clipping contains one footprint which laid orthogonal to edges. However, if clipped

closely to ensure that no additional homes are accidentally included, this might

deprive the detector of adequate negative (i.e. non-home) training samples.

Here, to ensure that the entire roof is contained in each annotation and that

adequate negative samples were provided, the maximum and minimum x and y

amongst all of the rotated (xn, yn) pairs are taken as the training labels for Tensorflow.

This reduces label accuracy regarding rooftop size, as rooftops on an angle are

annotated in a box orthogonal to image edges, and therefore the boxes are oversized

compared to the roofs contained therein. Depending on the intended use of the

detector output, this error may or may not represent an acceptable trade-off with the

speed gained over manual or citizen science mapping methods. In this case, the main

aim is to locate connection points at global scale, so connection speed and precise

location are the priority, not the exact roof size, making this trade-off acceptable.

The coordinates are then adjusted to reflect the discrete and finite nature of

the satellite imagery tiles to be used in training. All annotation coordinates are

rounded to integer values to reflect the discrete nature of the satellite image pixels

Any annotations which extend outside the bounds of an image tile are “clipped” to

the nearest edge. For instance, during annotation, if the annotator’s mouse had

extended beyond the image edge at x = 0, the annotation could have a corner

coordinate of x = −15 or another negative number. All negative coordinate values

are thus set to zero, and all coordinate values exceeding the maximum image width

or height are set to that width or height. Finally, any annotations with 0 width or
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height are removed. These could result if an annotator had accidentally drawn a

vertical line with no width, a horizontal line with no height instead of a bounding

box, or the entire width or height of an annotation outside the image area (which

was then clipped back to the same value).

The training data are finally processed into appropriate data formats for use in

Tensorflow. Annotation coordinates are saved with one annotation per row in a CSV,

where each row also contains the name of the file for the pansharpened image tile

containing that annotation, the width and height of that tile, and a class value for

the annotation. While only one class is used to identify all home annotations in the

following experiments (i.e. “home”), these annotations could instead be split into

different classes based on roof colour, shape, or size if desired. The resulting CSV

is split into training, validation, and testing segments using an 80/10/10 split and

converted into a tf.record format required by Tensorflow [267]. Pansharpened image

tiles in PNG format are used in training because, based on metadata associated with

the exported annotations, the pansharpened tiles are the most frequently annotated

by citizen science contributors out of the three imagery types. Additionally, these

tiles are likely to contain the most information at the highest resolution of all three

imagery types, as they contain the colour information of the multispectral image

and the high-resolution edge details of the panchromatic image. Refer back to

Figure 3.4 for an illustration of each imagery type for clarification if needed.

4.1.3 Object Detection Algorithm

There are numerous object detection algorithms which could be applied to the home

mapping problem, as reviewed in Chapter 2. An algorithm is selected to best suit the

specific application of mapping rural homes in LMICs for electrification, principally

based on speed and user-friendliness. Mapping at scale for rural electrification does

not need to be accomplished real-time, as home locations are not in continuous

movement, but should not slow down the electrical design process. As such, training

times should be on the order of days at a maximum, and detection times on the

order of minutes to hours, over a community-scale region requiring electrification.
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As discussed in Section 4.1.1, a user-friendly and open-source approach accessible to

academics, engineers, and practitioners is preferred, particularly in under-resourced

LMIC contexts where the rural electrification gap is most prominent and pressing.

An algorithm from the R-CNN family is chosen for the user-friendliness of their

open-source implementations compared to alternatives like those in the YOLO

family. A judicious choice is made to use Faster R-CNN [268], a high performing

R-CNN which uses a region proposal network (RPN) to predict where there may be

an object in an image and then predicts object class for these regions using a single

pass through a CNN. Its RPN shares convolutional features with the detection

network, minimising the region proposal bottleneck found in previous R-CNN

versions [268]. Specifically, a Faster R-CNN implementation from the Tensorflow 1

model zoo [269] with an Inception v2 RPN [270] is used. Using an implementation

from the model zoo makes this approach much more user-friendly to practitioners

than having to implement the architecture from scratch. This implementation has

been timed at 58 ms per 600×600 (360,000 px) image using an Nvidia GeForce GTX

Titan X GPU [269]. As each tile of the highest-resolution imagery used in this

work represents approximately 0.0164 km2, approximately 24,400 km2/day could

be mapped per day with the specified GPU using this implementation according

to the benchmarked speed. For context, this translates to mapping the entirety

of London in about an hour and a half, or all of Kenya in about 24 days. Note

that since this speed was benchmarked on a single Nvidia GeForce GTX Titan X

GPU, a somewhat dated model first released in 2015, it is not expected to exactly

match the speeds achieved in the the following experiments, which used two more

up-to-date Nvidia GeForce RTX 2080 GPUs.

4.1.4 Hyperparameters and Training

A Faster R-CNN implementation is pre-trained with the Common Objects in

Context (COCO) dataset and fine-tuned with the prepared training data for home

detection. This approach makes use of transfer learning, a common method in

object detection which leverages low-level features (e.g. corners, edges, etc.) learned
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from generalized object detection (i.e. via pre-training with COCO in this case)

to jump-start a specific detection task.

Training hyperparameters are adapted from published hyperparameters for

the selected Faster R-CNN implementation [271] initially configured for transfer

learning with the Oxford-IIIT Pets Dataset [272]. Data augmentation options are

selected to realistically reflect the variance which can be expected in satellite imagery.

Satellite imagery tiles may vary in brightness, contrast, saturation, and hue based on

atmospheric conditions, time of capture, and other effects. Additionally, they may

contain more or less context surrounding each home annotation due to different tile

sizes, zoom levels, or image resolutions. The following data augmentation options

are therefore implemented: random horizontal flipping, brightness adjustments,

contrast adjustments, hue adjustments, saturation adjustments, colour distortions,

and image cropping. As these variations are realistic to the task at hand, they make

the training data and subsequently the trained detector more robust.

To select a learning rate, rates from 10−2 to 10−9 are tested for 105 steps,

descending by one order of magnitude with each testing iteration. The performance

of the model trained at each learning rate (in terms of the AP IoU=0.5:.05:.95 metric

described in further detail in Section 4.1.5) is recorded and visualised to find

the learning rate resulting in peak performance. Learning rate values on either

side of the initially identified peak are also tested to confirm the peak. The

learning rate which produces the best results (i.e. the highest AP IoU=0.5:.05:.95)

taking this approach is 10−3, as shown in Figure 4.4, so this learning rate is used

in object detection experiments.

4.1.5 Performance Evaluation

The performance of the object detection algorithm is first evaluated using average

precision (AP ) and average recall (AR) metrics. The standard set of AP and AR

metrics employed in the COCO competition are used, which evaluate detection

accuracy over a number of IoU thresholds, maximum detection counts, and object

sizes. These metrics build on the basic definitions of P (Equation 4.8) and R
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Figure 4.4: Experimental results used to select the best learning rate for subsequent
object detection experiments. The best performance (i.e. the highest APIoU = 0.5:.05:.95

value) can be seen at a learning rate of 10−3.

(Equation 3.2) provided in Chapter 3. AP is the precision averaged across all recall

levels. It describes how many predictions were TP over n varying R values (i.e.

as the confidence in these predictions varies) and is defined as the area under the

interpolated P -R curve for any object class being detected:

AP =
n−1∑
k=1

(Rk+1 −Rk)Pinterp(Rk+1) (4.8)

Note that as the P -R curve tends to “wiggle”, an interpolated P -R curve Pinterp

generated using number n of R-values is used in this calculation, defined as:

Pinterp = max P (R′), R′ ≥ R (4.9)

For multi-class object detection, the mean average precision (mAP ) is the mean of

the AP values across all classes. Here, since only one class is being detected, AP

is sufficient. AR on the other hand describes how many TP were “recalled” (i.e.

predicted) over various IoU values – that is, for various thresholds dictating how

much overlap is needed between a prediction and a detection to count as TP , as

defined in Chapter 3. It is calculated as the mean R over IoU values between 0.5

and 1.0, or twice the area under the R-IoU curve, defined as:

AR = 2
∫ 1

0.5
R(x)dx (4.10)

where x represents the range of IoU values.



4. Mapping at Scale With Computer Vision 92

In the standard COCO metrics, AP and AR are calculated for different data

subsets and constraints to evaluate detection accuracy in different circumstances.

These include different IoU thresholds, different maximum quantities of detections

per image, and different detection sizes. IoU thresholds of 0.5 and 0.75 are used

for AP , as well as the average for thresholds from 0.5 to 0.95 in 0.05 steps. The

maximum number of detections considered per image is varied for AR: 1, 10, and

100 detections are considered. Different sizes of detected objects (i.e. “small” with

area ≤ 32×32, “medium” with 32×32 < area < 96×96, “large” with area ≥ 96×96)

are used for both AP and AR [273]. These metrics are listed in Table 4.1.

Ten-fold cross-validation is used in this evaluation. This involves training the

selected algorithm ten times with different random data subsets to ensure that the

results are robust and not artificially inflated by overfitting or by use of a biased

partition between training and testing data. The pansharpened image tiles are

divided into ten random partitions and Faster R-CNN is trained ten times; during

each training round, a different partition of images (and associated annotations)

is set aside for testing. After training, each model is tested, and its AP and AR

performance metrics are recorded. The final performance metrics for this model

are taken as the average of the performance metrics across all ten models.

Note that cross-validation evaluates the model performance against the training

data itself, not against gold standard data. This does not give much indication about

how the model actually achieves the desired task, but rather it indicates how the

model succeeds in replicating training data. Since imperfect training data is used, as

described in Section 3.3, model performance is compared to an imperfect standard.

The performance of the trained model is therefore also evaluated against gold

standard data to evaluate its ability to accomplish the actual desired task outcome.

The model is trained one more time while intentionally withholding the 188 images

for which gold standard labels are produced in Chapter 3. This allows a direct

comparison between detections, citizen science annotations, and gold standard

researcher-produced data. P , R, and F1 are calculated using the detections on these

images as predictions, as described in Chapter 3, to evaluate detection accuracy.
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4.2 Results

Faster R-CNN was trained using satellite imagery tiles and citizen science annotation

clusters to detect homes using the methods described in Section 4.1.3. After

training, models were exported and their performance was evaluated using the

metrics outlined in Section 4.1.5.

4.2.1 Cross-Validation

Faster R-CNN was trained ten times for cross-validation with a different data

subset withheld for testing each time. The results of the object detection algorithm

performance across the ten-fold cross validation are provided in Figure 4.5 and

Table 4.1. Note that the columns of Table 4.1 simply show the results over each

iteration of cross-validation, to illustrate that the variation between iterations was

not significant. Given this, it is the average values in the final column which are

the primary interest, and which are plotted by theme in Figure 4.5. Across all

metrics, as both AP and AR values range between 0 and 1 with 1 being optimal, it

is evident that the performance of the object detection model could be improved.

Nevertheless, these results show promise. AP values for state-of-the-art models can

range from 0.5 to 0.8 depending on the training data and task at hand. The AP

results for IoU = 0.5 fall within this range, as shown in Figure 4.5a. The results

also provide some indication of detector performance in different types of images

with different sizes and quantities of homes. As shown in Figure 4.5b and 4.5d,

medium and large objects (i.e. with area ≥ 32×32) are detected more accurately

than small objects. This indicates that larger homes are more easily detected than

smaller homes. It can be theorized that these homes were better annotated in the

training data by citizen scientists, generating higher performance. Additionally,

performance improves as more homes are allowed to be detected per image, as

shown in Figure 4.5c. This makes sense, as some images (e.g. those representing

village centers or refugee camps) do contain many homes, and if only one or ten

detections are allowed, many homes will be missed.
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4.2.2 Comparison With Gold Standard

For a more intuitive understanding of performance, Faster R-CNN was also trained

with the 188 images with gold standard annotations purposefully withheld. The

trained detector was then applied to these images, and P , R, and F1 were calculated

using the gold standard annotations as ground truth. The results were P = 0.67,

R = 0.36, and F1 = 0.47. This P result is is similar to the P of the citizen science

annotations used in training (i.e. P = 0.68 for the the annotations used with

mclSize = 2). This indicates that a similar proportion of the detections made by

Faster R-CNN were correct as compared to the training annotations; that is, the

model was able to “learn” to label with the same precision as the input training

data. However, the detector achieved lower R when compared to the citizen-science-

generated training data (which achieved R = 0.487). This indicates that the trained

detector missed more ground truths than the clustered citizen science annotations

did. The detector thus seemed to suffer from some accuracy issues that the citizen-

science-generated training data did not. This is further explored in Section 4.2.4.

4.2.3 Training With Raw Data

Faster R-CNN was trained one additional time with raw citizen science annotations

instead of clustered annotations to see if this would improve the performance

compared to the gold standard. Aside from the usage of raw annotations instead

of annotation clusters, the data pre-processing and experimental setup was held

constant, and the 188 images with gold standard annotations were purposefully

withheld from training. The trained detector was then applied on the images

containing gold standard annotations, and P , R, and F1 were calculated using the

gold standard annotations as ground truth. The results were P = 0.53, R = 0.57,

and F1 = 0.55. This is a lower P value than achieved in the clustered annotations

(0.53 < 0.67), but a much higher R value (0.57 > 0.36) and an improvement in the F1

score (0.55 > 0.47). These improvements are likely due to the differing data input:

the raw annotation data has overlapping annotations on high-consensus homes but

also contains more noise than the clustered training set. The raw annotation dataset
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is more likely to contain at least one annotation on all homes than the clustered

dataset, which purposefully discarded annotations with low consensus, eliminating

both a lot of noise and some correct home locations which were more difficult to

detect. This was the likely cause of the higher R (i.e. more ground truth homes

were included in the training set, meaning the algorithm managed to learn to detect

more of them) and the lower P (i.e. more noise annotations are also included in the

training set, making the algorithm learn to misdetect more noise as homes). It must

also be considered that there are more training data within raw annotations than

clusters (i.e. 577,366 raw annotations which could be used in training versus 63,106

clusters), and this has an impact on the accuracy which can be achieved in training.

4.2.4 Visualisations

To gain a better intuitive understanding of detector performance, sample detections

were superimposed on satellite imagery tiles and visualized for inspection. Examples

from various contexts are visualised in Figure 4.6. Generally speaking, the model

appears to perform well and detect diverse home styles in varying contexts.

That said, it is perhaps more useful to understand difficulties the detector faced

than to laud its successes. The detector replicated several of the issues present in the

citizen-science-generated training data, including struggling to annotate crowded

images containing many homes. It makes sense that the detector would replicate

this problem inherent to the training data. Furthermore, the detector struggled

with lower resolution and lower contrast images, as well as images blurred due to

atmospheric effects. These factors made citizen scientists more likely to generate

inaccurate annotations, which were then used for training, and therefore these types

of inaccurate annotations were replicated by the detector.

The detector however also struggled in certain ways that the citizen scientists

did not. Given the diversity of contexts present in the training dataset, the detector

appeared in some cases to have learned features which, when cross-applied in

different contexts, led to false home detections. For instance, the detector seemed

to have learned that a high contrast bounded edge in an image is likely to indicate
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Figure 4.6: Home detection examples for Faster R-CNN trained with the clustered
citizen science data in different geographic contexts, superimposed on satellite imagery.
Detections with a probability of 50% or higher are visualized as green boxes.

a roof, prompting a detection. However, in certain contexts in the training dataset,

dark fences or hedges created a high-contrast feature and caused misdetections

(e.g. fenced yards were occasionally detected as homes). While it is easy for a

human to tell that a hedge or a fence is not a roof, the detector does not have this

contextual knowledge, and so it mistakenly predicts homes in some of these cases.

The detector also performed poorly in certain, but not all, agricultural contexts.

It is unclear based on intuitive observation what differentiated these contexts and

caused such good performance in some circumstances and poor performance in
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Figure 4.7: Issues observed in the trained detector. It struggled with crowded (bottom
left) and blurred images (bottom right), misdetected some fenced homesteads as homes
(top right), and performed poorly in certain, but not all, agricultural settings (top left).

others. Further study is needed on this point. Issues in the detection results are

illustrated in the examples provided in Figure 4.7.

4.2.5 Training and Application Speed

The model was timed during both training and application. On two Nvidia GeForce

RTX 2080 Ti GPUs, training proceeded at approximately 86 ms per step, and

detections took an average of 33 ms per detection. To put this in more intuitive

terms, this means that 100,000 steps of training would take approximately 2.4

hours, and approximately 30 images could be put through the detector each second

for detection. This is an improvement over the benchmark speed provided for

this algorithm implementation, likely due to the use of more advanced GPUs

and slightly smaller image files.
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Table 4.2: Summary of computer-vision-based mapping results compared to citizen
science results. Costs for citizen science were previously estimated in Chapter 3. Costs
for the computer vision approach are estimated in Section 4.3.2.

Metric Citizen science Object detection
Precision (%) 69% 67%

Recall (%) 49% 36%
Speed (km2/day) 7 42,938

Cost ($/km2) $20.84 $11.40

4.3 Discussion

The results of the computer vision mapping approach are summarized and compared

to the citizen science results from Chapter 3 in Table 4.2. These results show object

detection to be a promising scalable mapping method for rural off-grid areas.

4.3.1 Algorithm Performance

The results of the object detection experiments in this chapter confirm the intuition

that CNN-driven computer vision algorithms can only work as well as the data you

train them with. To train a high-performing object detection algorithm, accurate

training data are needed, with P and R values approaching 1. The clustered citizen

science annotations used to train the object detection algorithms in this chapter

do not achieve this, and so the resulting trained detector performs imperfectly.

As highlighted in Section 3.4.1, a number of citizen science process improvements

could improve the quality of the training data. This would be a key piece of future

work to improve the detector performance. For instance, crowded images could be

processed by more citizen scientists, or excluded from training to improve training

data quality. It would be interesting to see whether computer vision algorithms

trained only on annotations in non-crowded images could still accurately detect

homes in crowded images. This is an interesting avenue for future study.

Despite these issues with training data quality, the visual detector results (e.g.

in Figure 4.6) indicate that even this imperfect algorithm could make a useful

first pass home-level mapping tool. It could at least act as a filtering step, which

could be used to simplify the work required from humans to annotate satellite
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imagery. For instance, detections could be fed back into a citizen science pipeline

for classification (e.g. using this prompt “Does this annotation contain a home

roof?”), a task which can be achieved much more quickly through citizen science

than annotating from scratch. It could alternatively be used to accelerate and

improve the accuracy of a citizen-science generated dataset in a tandem process. For

instance, citizens could be integrated in an iterative verification feedback loop with

an object detection algorithm to improve annotation quality on crowded images.

The algorithm could be periodically retrained throughout the citizen science project,

and its detections could be fed back into a citizen science workflow for verification

(e.g. as “correct” or “incorect”). These verifications could be used to refine training

data on challenging or crowded images over time.

Pre-processing methods could be also tested to improve the quality of the

training data and thus the performance of the object detection algorithm. For

instance, images could be clipped closely around the annotations used for training

prior to training the algorithm to minimize the number of non-labelled homes the

algorithm was exposed to as “false” samples. As previously discussed however, this

could also create class imbalance issues between positives and negatives; a certain

amount of negative samples would need to be preserved. Striking an appropriate

balance here is also an interesting line of inquiry for future work.

As highlighted in Section 4.2.4, the overall P and R values do not tell the whole

story, as the detector performance is far better in some contexts than others. For

instance, the detector struggled in certain agricultural areas, and replicated mistakes

made by citizen scientists in crowded areas (see Section 3.4.1). A quantitative

study of these discrepancies in performance would add to the qualitative and

visualisation-based study presented here. For instance, the trained detector could

be run over particular regional data subsets to quantify differences in performance in

different contexts. Additionally, it could be investigated whether training multiple

separate detectors with different data subsets would improve performance. There

is necessarily a limit to the regional or contextual specificity of any detector –

to ensure that there is adequate training data available to train a detector, and
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for it to be a useful tool which is easy and efficient to apply over large areas,

tradeoffs between specificity and performance must be made. However, increasing

specificity slightly (e.g. to country level, or for specific settlement styles, such as

agricultural and refugee) may offer improved performance with little extra effort.

This is an interesting avenue for future study.

4.3.2 Cost and Speed

To validate the presented argument, this approach must improve upon the citizen

science approach in terms of speed (km2/day) and cost ($/km2) of mapping, showing

it to be appropriate to the scale of the electricity access gap. The citizen science

project which produced the initial training data achieved an average mapping

speed of 7 km2/day, which was already much faster than the on-the-ground or

manual benchmark. Meanwhile, the Faster R-CNN implementation used in this

experimental setup could map at 42,938 km2/day using two Nvidia GeForce RTX

2080 Ti GPUs. This is a speed improvement of multiple orders of magnitude.

Once a detector is trained using these data, each additional km2 mapped tends

towards a cost of $10 (i.e. the cost of imagery). For instance, if another 10,000 km2 of

imagery were mapped using the trained detector produced using PTTP annotations,

the cost per km2 mapped would drop to $11.40, assuming a $2,000 investment cost

in a GPU to run the detector1. The only other cost besides the imagery and the

graphics card is researcher time – which, given the speed of the detector trained

here, is negligible (i.e. 10,000 km2 can be mapped in less than one day).

Global Cost and Speed

To illustrate the scalability of this approach, the example of mapping the entire

rural land area of LMICs globally is considered. First, to map rural areas of LMICs

at home level using this approach, adequate representative training data for all

LMICs would be required. These data could be acquired through a series of citizen

science projects similar to that presented in Chapter 3, with very small imagery
1Nvidia GPUs compatible with Tensorflow are available in the $300-$2,000 range – see https:
//shop.nvidia.com/en-gb/geforce/store.
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samples compared to the scale of the entire area to be mapped. The costs of

such a project can be estimated as follows:

• Cost of training set imagery: A common rule of thumb is that at least 1,000

annotations are needed per object class to train object detection algorithms

successfully. Given the diversity of rural settlement styles and home types

in LMICs, 5,000 annotations per country could be targeted, stemming from

settled regions with varied styles. As a conservative estimate, 10,000 image

tiles similar to those created in Chapter 3 could be selected for annotation per

LMIC being mapped to ensure that 5,000 annotations can be achieved. Regions

could be selected based on prior knowledge of regions with differing rural

settlement styles, and tiles could be pre-filtered using larger-scale population

density datasets such as HRSL or GPW. As there are 137 LMICs recognized

by the World Bank [274], 685,000 tiles would need to be annotated to generate

this training dataset; with 0.0164 km2 tiles as used in Chapter 3, this is

11,234 km2 of imagery. This would cost $111,234 at $10/km2 [257].

• Citizen science duration and cost: At the speed of 7 km2/day achieved in

Chapter 3, annotating these 11,234 km2 of imagery would take approximately

4.4 years to complete. However, it is worth considering that the citizen science

project in Chapter 3 was run with no promotion budget. With an investment

in promotion and additional staff time on the order of hundreds of thousands

of dollars, perhaps additional citizen scientists could be mobilized to double

or even quadruple the contributor base (i.e. approximately 12,000 or 24,000

contributors respectively), resulting in a proportional decrease in execution

time to 1-2 years. This is not an unreasonable increase; popular citizen science

projects have contributor bases in this range (e.g. 30,000+ for Snapshot

Serengeti2, 77,000+ for Galaxy Zoo3).

2https://www.zooniverse.org/projects/zooniverse/snapshot-serengeti
3https://www.zooniverse.org/projects/zookeeper/galaxy-zoo/
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• Researcher time for citizen science execution: The cost of a researcher

to run the basic mechanics of the project would be $115,500, assuming 4.4

years of half-time work at 18.75 hours/week and 50 weeks/year, paid at a rate

of $28/hour [258]. Should the project be accelerated as described above, this

may be better allocated to a full-time researcher over two years.

Subsequently, to train a detector using these data and apply it at global scale, the

following costs would be incurred for computing resources, staff time, and imagery:

• Computing resources for detector training and application: These

will be dominated by either the purchase of GPUs or a subscription to a cloud

GPU computing resource such as Google Colab. In the case of purchasing

GPUs, Nvidia models compatible with Tensorflow are commercially available

in the $300-$2,000 range4. At a speed of 42,938 km2/day, as achieved using two

GPUs by the trained detector in this work, the entire rural LMIC area globally

could be mapped at home level in 1,817 days, or 5 years. By increasing the

quantity of GPUs used and splitting the detection task amongst them, this

could be reduced to a year or less (i.e. using 10 GPUs instead of two). These

ten GPUs would incur a maximum $20,000 one-time start up cost.

• Researcher time for computer vision: Staff time will be required to

run training and detection. Over one year, this should run $52,500 for one

staff member, assuming 37.5 hours/week and 50 weeks/year paid at a rate of

$28/hour [258] as above. One could invest in further GPUs to reduce the staff

time required (as more GPUs would accelerate the entire process). There is a

trade-off between staff time requirements and GPU investment; this can be

cost-optimised depending on the GPUs to be purchased and the hourly rate

of researchers to be hired.

• Satellite imagery for detection: Unsurprisingly, at the scale discussed,

the satellite imagery required as input data for the area to be mapped is the
4https://shop.nvidia.com/en-gb/geforce/store.
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largest expense. For instance, to map the entire rural area of LMICs with

imagery costing $10/km2, the imagery cost would be over $780 million dollars.

This is undoubtedly expensive. However, considering the huge global benefit

and possible reuse of this data in other development initiatives, it is not at all

absurd, particularly if large organizations or country governments are willing to

contribute to the cost. Additionally, one could reduce this cost by pre-filtering

the rural area of LMICs with a population density dataset, and only acquiring

imagery in the areas which are anticipated to be inhabited. As population

density datasets are not perfect, this could mean that some households,

particularly in low-density areas, are missed. However, it would eliminate a

lot of unpopulated land, which would be likely to result in significant cost

savings. This tradeoff would need to be negotiated by the project team.

In sum, mapping the entire rural land area of LMICs globally using this ap-

proach would cost $299,234 for training imagery, researcher time, and computing

facilities, and up to $780 million for imagery upon which to apply the detector,

though this can be reduced dramatically through pre-filtering. These costs are

summarized in Table 4.3.

Table 4.3: Summary of costs for computer-vision-based mapping over the entire rural
area of low- and middle-income countries globally.

Research Stage Item Cost

Citizen science Imagery $111,234
Researcher time $115,500

Computer vision
Computing (GPUs) $20,000

Researcher time $52,500
Imagery Up to $780,000,000

Country-Level Cost and Speed

Moving down one step in scale from global to country level, consider as a case study

the cost and timeline of using this approach to map the entire rural area of Kenya

(i.e. 576,334 km2 [261]). To generate a training dataset with thousands of rural

Kenyan homes at the speed achieved in Chapter 3 would take less than three months.
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Assuming a 500 km2 sample for training data, imagery would cost approximately

$5,000. Researcher time would cost $6,825, assuming a half-time researcher for 13

weeks paid at $28/hour [258]. Then, by using two Nvidia GeForce RTX 2080 Ti

GPUs to train and apply the Tensorflow Faster R-CNN implementation used here,

the area could be mapped in under two weeks. Budgeting $10/km2 for imagery,

$5,000 in start-up computing costs to acquire two GPUs, and an additional month

of full-time staffing ($4,515) to supervise the detector training and application, the

whole area could be mapped for just under $5.8 million. While $5.8 million is a

hefty bill, it is well within the range of governmental budget items for infrastructure

or development projects. Again, this is dominated by the imagery cost, which

will decrease as satellite EO imagery costs decrease. Imagery costs could also be

reduced dramatically through pre-filtering imagery purchases with a population

density dataset, at the risk of missing homes in sparsely populated areas.

Cost and Speed Implications

As illustrated in these examples, the larger the area mapped using the same training

data set and computing resources, the closer the cost per km2 mapped gets to the

cost of the imagery itself. This is illustrated in Figure 4.8 for the case of mapping

all of rural Kenya. With all costs and time constraints considered, this approach

allows home level mapping to be easily scalable at the country level and feasibly

scalable at a global level within a realistic timeline and cost.

4.4 Key Outcomes

The work in this chapter has shown computer vision to be a an effective method to

map remote off-grid populations at global scale. Given the scarcity of other useful

training data in a rural context, the citizen-science-generated VHR satellite imagery

annotations generated in Chapter 3 are used to train a Faster R-CNN model to map

rural homes in Kenya, Uganda, and Sierra Leone. The detector achieved a precision

of 67% and recall of 36% when trained on the clustered citizen science annotations
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Figure 4.8: Costs of mapping with the object detection approach as the mapped area
increases, for the case study of mapping rural Kenya. As more area is mapped, the cost
of mapping approaches the cost of imagery. Assumptions are detailed in Section 4.3.2

.

and could map at a rate of 42,938 km2/day. The recall could be improved to 57%

by training on raw annotations instead of annotation clusters.

This work shows that once adequate training data is acquired, the costs per km2

for computer-vision-based mapping are marginal beyond the cost of the satellite

imagery data input. This approach is proven to be scalable for home-level mapping

of rural area of LMICs worldwide to enable electrification design. Furthermore,

these methods will become increasingly accessible as VHR satellite imagery becomes

more widely available and cheaper, and computational power continues to grow.

With the location data problem for potential connection points solved at a

cost and speed acceptable to the scale of the rural electrification challenge, the

demand data gap is next considered.
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To design electricity access systems for rural off-grid people in LMICs, two

key data gaps must be filled: the locations of the potential consumers, and their

anticipated electrical demands. Having developed methods in Chapters 3 and 4

to tackle the location data gap, this chapter explores the issue of demand data by

addressing the question: Can we estimate the diverse and spatially specific energy

needs of off-grid populations? It is argued that by leveraging existing empirical

socioeconomic datasets, spatially specific estimates can be generated for off-grid

communities quickly and at low cost to enable electricity access system design.

As discussed in Chapter 2, the most appropriate demand estimation method

in rural off-grid LMIC contexts is the stochastic bottom-up engineering-based

approach, which models demands based on appliance power ratings and physical

behaviour and aggregates these at household and community levels. This approach

allows for a high degree of spatial specificity by utilizing site-specific input data

107
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to configure appliance usage and ownership assumptions. This is useful when

modelling anticipated demands in off-grid regions of LMICs with high spatial

cultural variance and varying energy usage norms.

To estimate demand using bottom-up engineering methods, energy usage must

first be understood at the household level in terms of devices and appliances owned,

and how these are used. As identified in Chapter 2, household energy use can be

generally divided into four categories: (1) lighting, (2) cooking, (3) thermal comfort,

and (4) other appliances. The importance of each of these categories, and the

preferred energy vector to accomplish each, varies based on context.

The proportion of households expected to use electricity to fulfill each of these

needs must be integrated in demand estimation. As discussed in Chapter 2, while one

might safely assume that electric lighting will be near universal amongst electrified

households, the prevalence of electric thermal comfort and other appliances can

vary significantly. Additionally, the expected timing and frequency of usage of each

electrical technology will vary. As such, data is needed to understand how the

expected ownership and usage of electrical appliances will vary across households

in the context under study.

Regrettably and unsurprisingly, appliance use datasets which are typically used

as inputs for demand estimation in HICs [155–160, 275] are lacking in LMICs,

as identified in Gap 4 from Chapter 2. Recent MTF surveys conducted by the

World Bank and ESMAP [276] are beginning to collect this type of information in

LMICs, but do not approach the precise georeferencing and minute-level temporal

resolution in HIC datasets. Furthermore, these data are necessarily unavailable

in communities without electricity access, as electrical appliance usage cannot be

recorded in an unelectrified community. Cross-applying time-of-use data collected in

HICs for LMIC demand estimation is not realistic given the cultural and economic

differences impacting energy usage.

Demand estimation methods built for rural LMICs [168, 170, 174] therefore

instead rely on local surveys to understand energy needs and aspirations. However,

such surveys are expensive, time-consuming, and prone to inaccuracies. Off-grid
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Figure 5.1: Surveyed and actual average daily demand per customer in eight Kenyan
villages [178]. Load profiles constructed from local surveys on aspirations in off-grid
communities can be prone to significant error, resulting in oversized and therefore
unaffordable systems.

communities tend to often overestimate their future consumption given their limited

experience with electricity [177], as shown in Figure 5.1. This can unnecessarily

increase system size and costs [178]. While a certain amount of oversizing can

beneficially allow for load growth and add resilience, dramatic oversizing will simply

render energy unaffordable, limiting the resulting access. Innovative approaches

such as service-based [180] or value-based [181] surveying can collect more detailed

and nuanced data on energy and underlying developmental needs than traditional

surveys. However, these approaches entail a higher time investment and cost, and

require strong community trust difficult to achieve at scale.

Given these issues, it can be tempting to use crude demand estimation heuristics

[165] or to “design for” a specific tier of access as defined by the MTF [189] (e.g. as

in OnSSET [233]). However, such approaches disregard the local specificity and

diversity which must be taken into account in the design best-fit systems. Therefore,

as identified in Gap 4 from Chapter 2, spatially specific, scalable, and accurate
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demand estimation approaches for off-grid LMIC regions are needed. These should

account for local context and diversity while producing realistic estimates quickly and

cheaply. Such methods can serve as a “sanity check” to ensure that systems are not

unnecessarily and dramatically oversized based on unrealistic community aspirations.

In this chapter, a scalable and spatially specific demand estimation approach is

proposed to estimate electricity demands in rural off-grid communities at low-cost

using existing empirical data. MICS data produced and made freely available by

UNICEF are used to understand the combinations of appliances owned amongst

different spatial subsets of a country and their relative prevalence. These results are

then used as inputs to an LMIC-tailored stochastic engineering demand estimation

approach to generate spatially specific demand estimates which account for intra-

community diversity. This approach is applied in a case study in Sierra Leone

to explore the spatial variance in resulting electrical demand estimates and the

discrepancies between these estimates and tier-based alternatives. Finally, the

implications of this approach are discussed in terms of electrical design and energy

affordability. To be shown to be successful, this approach must (1) produce spatially

specific demand estimates which (2) show significant geographic variance, and (3)

differ from tier-based and non-spatially specific load profiles in ways that could

influence electrical design, while (4) remaining scalable across rural off-grid contexts

in LMICs quickly and at low cost.

This chapter first outlines the methods and materials used in the work in Section

5.1, including the MICS survey data, the appliance ownership analysis method,

and the stochastic bottom-up demand estimation approach. Then, Section 5.2

presents the results of a case study application in Sierra Leone: first, the spatially

specific appliance ownership trends resulting from analysis of MICS data, and

then load profiles estimated using these data as inputs to a stochastic bottom-up

method for synthetic communities for each region. The results are compared with

an MTF tier-based demand estimation approach. The implications of these results

in electrical design and the core limitations of the work are elaborated in Section

5.3, and the key takeaways are outlined in Section 5.4.
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5.1 Methods

The general methodology for this chapter is illustrated in Figure 5.2. First, appliance

ownership is analysed using existing MICS data. Then, load profiles are estimated

using appliance ownership data as inputs. These are finally compared with tier-

based load profile estimates.

Figure 5.2: Overview of the methodology applied for spatially specific stochastic demand
estimation in rural off-grid areas.

5.1.1 Appliance Analysis

Spatially specific appliance ownership is studied in LMICs using MICS data. The

MICS programme surveys key indicators of women’s and children’s health; it is

currently undertaking its seventh survey round since its inception in 1993. MICS

rounds three through six document ownership of a selection of household appliances

and cover 96 countries, 89 of which are LMICs, as shown in Figure 5.3. As these

data are drawn from an existing UNICEF-funded programme, there are no data

collection costs associated with re-using them for demand estimation.
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Figure 5.3: Geographic coverage of the Multiple Indicator Cluster Survey rounds 3, 4,
5 and 6 datasets collectively, shown in dark blue. These datasets document appliance
ownership in 89 low- and middle-income countries.

Table 5.1: Multiple Indicator Cluster Survey (MICS) questions documenting home
location, electricity access, and appliance ownership. Note that “Area” refers to urban or
rural designation.

MICS round Area Region Electricity Appliances
MICS 3 HH6 HH7 HC9 HC9
MICS 4 HH6 HH7 HC8 HC8
MICS 5 HH6 HH7 HC8 HC8, HC9
MICS 6 HH6 HH7 HC8 HC7, HC8, HC11, HC12

The MICS survey tools collect data on locations of households, their electricity

status, and the appliances they own. Relevant questions for each survey round are

listed in Table 5.1. New appliance options have been added over time: while MICS

rounds three and four record mobile phones, radios, televisions, refrigerators, and

fixed telephones, MICS round five adds the option for country-specific appliances,

and MICS round six additionally studies computer ownership. It is assumed that

country-specific appliances are added based on their importance and prevalence

in the country being surveyed. Note that the ownership of electric lighting is not

tracked in MICS, but is assumed to be present in all newly electrified households.

The electrification status of homes collected in MICS is used to pre-filter the

data; appliance ownership is only studied amongst those who report existing access.
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By studying electrified households, a realistic appreciation of what households

may own once they have electrical access is obtained. This filtering additionally

reduces appliance ownership “noise” from any homes without electricity access

who happen to own appliances. However, it is important to note that electrified

households in countries with low overall electricity access rates are likely to be

relatively wealthy. This increases their ability to purchase appliances and electricity,

potentially inflating their demands compared to an average or low-income household,

as will be later discussed in Section 5.3.5.

The relative prevalence of appliance combinations are studied across households

(i.e. not simply the relative prevalence of each appliance across households in a

community). It is hypothesized that certain combinations of appliances are unlikely

to occur in practice, even if their constituent appliances are owned in the community

in varying quantities. So, a combination-based approach is taken to preserve the

option to generate realistic and representative household-level profiles.

All possible combinations of the n appliances studied in the MICS under

consideration are generated. Combinations of size r = 1 : n are considered, as a

household may own any number of the appliances. Additionally, one combination

of size r = 0 must be considered, representing a household that owns none of the

studied appliances but is electrified (i.e. only owning lighting). The total number

of possible appliance combinations (ncombs) can therefore be calculated as:

ncombs = (
n∑

r=1
nCr) + 1 = (

n∑
r=1

n!
r!(n− r)!) + 1

The number of households who own each combination of appliances is then calculated

over different spatial subsets of the MICS dataset, including along regional, urban,

and rural divides. Data subsets with higher spatial resolution can be pursued

if available and feasible in the MICS under study. The relative proportions of

households owning each appliance combination are studied to understand the

diversity of loads in that subset. The top ten appliance combinations are compared

across subsets to identify similarities and differences in appliance ownership trends.
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Popular appliance combinations are also ranked in terms of their electricity

access level (i.e. as per the MTF) to understand the relationship between variance

in appliance combinations owned and access rates. This is accomplished by first

ranking all appliances studied in terms of access level based on the MTF tier at

which each appliance is introduced [189]. Where two appliances are introduced in

the same tier, they are ordered by the appliance’s minimum energy consumption for

that tier. Then, the combinations of appliances are ranked by access level based on

the number of appliances included in the combination and the access ranking of those

appliances. The prevalence of appliance combinations in data subsets is visualised

in access level order to understand the variance in access levels across households.

5.1.2 Demand Estimation

The results of the appliance ownership analysis are used to configure stochastic

bottom-up engineering demand estimation. Load profiles are built up from the

appliance level, based on appliance combination prevalence, to the household level,

and then aggregated at the community level. The demand estimation framework

adopted in the RAMP model [174] is used, given its user-friendly open-source Python-

based approach accessible to practitioners or policymakers in under-resourced LMIC

contexts. However, the appliance ownership results could be similarly applied in

other stochastic bottom-up engineering demand estimation frameworks.

The demand estimation approach can be summarized as shown in Algorithm

1. Three modelling layers are employed: usertypes, users, and appliances. The

relationship between these attributes is illustrated in Figure 5.4. To estimate

demand in a community of n households, a set of i different usertypes is defined,

each containing a certain number of households (j) which each have a given set of

appliances (k). The quantity j of the n households belonging to each usertype i

is defined based on the prevalence fraci of the relevant appliance combination in

the MICS data being considered (i.e. j = n× fraci). Appliance types belonging

to each usertype are defined in terms of their power consumption (P ), total time

of use in a day (ttot), minimum time kept on after switch-on (tmin), time frames
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Algorithm 1 Stochastic bottom-up algorithm used to estimate community
demands.

Get randomized tpeak within theoretical peak at maximum usage.
framepeak ← [tpeak − t, tpeak + t]
Psum ← [0, 0, 0...0] ▷ Placeholder for daily profile
for i in Usertypes:

for j in Users:
for k in Appliances:

Check fijk for appliance usage.
if Applianceijk is used:

Get randomized ttot

Get randomized frames
trunning ← 0
while trunning < ttot:

Compute random switch-on time and duration ton

Ensure ton in frames & ton > tminijk

if P of Applianceijk can vary:
Compute randomized P during switch-on event

Compute randomized m from [0...mijk]
Compute Pijk for duration of switch-on event
Psum ← Psum + Pijk

trunning ← trunning + ton

in which a switch-on can occur (frames), duty cycle (cycle), weekly frequency of

use (f), quantity of occurrences in a household (m), and a constraint to define

whether switch-on for all instances of this appliance in a household are always

simultaneous (fixed). A percentage random variability (δ) is attributed to ttot,

frames, and optionally P (i.e. for thermal appliances or those with variable power).

It is suggested to assign δ to one of three values based on the likelihood of random

variability: δ = 0 for no variability, δ = 20% for a small amount of variability,

and δ = 35% for more substantial variability. However, these parameters can be

configured to specifically suit the study context.

To account for the higher likelihood of intensive appliance use during a peak

window (framepeak) wherein household members are more likely to switch on more

than one of the same appliance (e.g. multiple indoor lights), a peak time (tpeak) is

calculated. This is randomly selected with uniform distribution from the window

of time in which appliance usage would peak under the fictitious assumption of
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Figure 5.4: Illustration of the nested modelling layers employed in stochastic bottom-up
demand estimation. In this example, there are two usertypes; the first has three users,
and the second has two users, for a total of five users in the community. Each user in
usertype 1 has two appliance types, while each user in usertype 2 has three appliance
types. These appliances and their stochastic behaviour are defined and aggregated to
estimate demands.

all appliance instances in the household being used at full power. Then, a peak

time window of usage is computed as framepeak = [tpeak − t, tpeak + t] where t

is the product of a random sampling with normal distribution around tpeak and

standard deviation equal to tpeak · δpeak and δpeak = 0.15 · tpeak [173]. The number of

appliances turned on (monijk
) is selected randomly based on a uniform distribution

ranging [0, mijk] outside of framepeak, whereas it is selected randomly based on a

Gaussian distribution with a mean value that is the average of the range [0, mijk]

and a standard deviation at the extremes of [0, mijk] during framepeak.

To configure this approach, the results of the previous appliance analysis are used

to define usertypes, by creating one usertype per appliance combination represented

in the relevant data subset. The quantity of households to be modelled for any

particular community is obtained from either OSM (where accurate and complete),

or through the methods in Chapters 3 and 4. It is assumed that all households
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are to be modeled as gaining electrical access and using their connection; however,

this could be modified if desired.

Note that in the case where there are many possible appliance combinations

and a small number of households, rounding error can affect the quantities j and n.

For instance, in a case where four different appliance combinations each account for

0.5% of the population, if a community of 50 households is modelled, the number of

households represented by each of these combinations will be 0.25 and will thus each

round down to 0, effectively erasing one household from the total community. To

counteract this, if rounding error makes the total community population allocated

to usertypes less than n, additional homes are added to usertypes to reach n by

either: (a) adding households to the lowest-access combination represented in the

data subset, or (b) randomly allocating households to usertypes represented in the

data subset. Here, the first approach is taken. Similarly, if more than n homes are

allocated to usertypes, households are removed to reach a count of n.

Other input parameters are retrieved from openly-available datasets where

available and sourced from expert opinion where unavailable. Appliance P values

are taken from the MTF [189]. Sunrise and sunset times are retrieved at the specific

locations of study from the National Oceanic and Atmospheric Administration

(NOAA) [277] to time the possible frames of use for lights and appliances. Weather

data are retrieved at specific study locations from Renewables.Ninja [54] – these

are used to define the frequency of use of thermal comfort appliances and the duty

cycling of appliances affected by outdoor temperature (e.g. refrigerators). Fan use

is varied based on temperature fluctuation throughout the year; during the hotter,

dry season, fan use is increased compared to the cooler, wet season. Refrigerators

are assigned a lighter duty cycle during cooler night-time hours and a heavier

duty cycle during hotter day-time hours. Additional input data on the timing

of appliance use (e.g. frames, ttot, and tmin) are sourced from country-specific

datasets where available, or expert opinion where unavailable. This varies based

on the context considered. Further details on the sourcing of these input data

specific to the case study will be discussed in Section 5.2.
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5.1.3 Affordability Check

Resulting demand estimates are analysed alongside household expenditure data

to understand whether the modelled demand would place communities at risk of

energy poverty. Expenditure data can be found through different data sources

depending on the country studied, including through a census, an LSMS, or an

integrated household survey (IHS).

Using these data, a maximum monthly energy budget before energy poverty

risk is calculated as a percentage of total expenditure. Thresholds for this vary

in the literature; given the propensity for fuel stacking in LMICs, a threshold of

5-10% of household expenditure on electricity can be used, and 10% is used here.

The average electricity usage in kWh per household per month is then obtained

from the demand estimate, and the energy budget is divided by that number of

kWh. This sets a price cap for electricity per kWh before energy poverty risks

kick in, assuming a price-per-kWh tariff structure.

These rates are compared with existing grid electricity tariffs to determine if

they represent politically coherent energy prices. They can also be compared with

the capital cost of proposed infrastructure to meet estimated demands to determine

payback period and any required subsidy. If no subsidy is available, it can be

determined whether the system is financially feasible at this size. If subsidy is

available, the difference between the system costs and the sum of the affordable

payments over the system lifetime can be allocated to subsidize the system.

5.2 Case Study Application and Results

This approach is applied within the context of Sierra Leone. The most pop-

ular appliance combinations are first determined over each spatial data subset.

Community load profiles representing a synthetic village in each region are then

generated using stochastic bottom-up methods and appliance combinations as

inputs. Results are compared to tier-based and non-spatially specific demand
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Table 5.2: Questions relevant to electrical appliances or household location from the
Sierra Leone 2017 Multiple Indicator Cluster Survey.

Code Topic
HH6 Urban/rural
HH7 Region
HH7a District
HC7b Radio ownership
HC8 Electricity access
HC9a Television ownership
HC9b Refrigerator/freezer ownership
HC9c Iron ownership
HC9d Fan ownership
HC11 Computer ownership
HC12 Mobile telephone ownership

Table 5.3: Ranking of appliances in the 2017 Multiple Indicator Cluster Survey for
Sierra Leone from lowest to highest access level1.

Rank Appliance Tier Emin (kWh/year) P (W)
1 Mobile telephone (charging) 1 1.5 2
2 Radio 1 1.5 4
3 Television 2 14.6 40
4 Fan 2 29.2 40
5 Computer 2 31 50
6 Iron 4 120.5 1100
7 Refrigerator/Freezer 4 657.0 300

estimation alternatives. Finally, affordability checks are undertaken to understand

the potential for energy poverty.

5.2.1 Appliance Analysis Results

Data from Sierra Leone’s 2017 MICS survey are analyzed to understand spatial

variance in the combinations of appliances owned by households. Specific questions

in this survey on the locations of households, their electricity status, and their

appliances are listed in Table 5.2. As landlines were rarely owned based in the

MICS data (i.e. only 1.5% of households with electricity access owned a landline),

reflecting the tendency of LMICs like Sierra Leone tend to technologically “leap-frog”

directly to mobile phones [278], these are excluded from the analysis.
1Tiers, power ratings and minimum energy consumption values from Table 6.13 in [189].
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These appliances are ranked in access level order as shown in Table 5.3. As

the computer is not considered in the MTF appliance definition [189], it is placed

in Tier 2 following Mullen [279]. While MICS does not specify whether computer

ownership refers to laptops or desktops, it is assumed here that all computers owned

by households for personal use are laptops. As such, their energy consumption is

taken as 31 kWh/year from [280] and their rated power is taken at 50 W [281].

Each possible combination of these appliances is generated. With n = 7 and

r = 1 : 7, the total number of combinations is:

ncombs = (
7∑

r=1
7Cr) + 1 = (

7∑
r=1

7!
r!(7− r)!) + 1 = 128

The number of electrified households owning each combination of appliances is

calculated over regional, district, urban and rural data subsets. Only 79 of the

possible appliance combinations are found to be represented across the whole

dataset. Looking at rural and urban subsets of the data, only 42 different appliance

combinations are represented in the rural subset while 76 are represented in the

urban subset. Urban households have a higher diversity of appliance combinations,

perhaps representing better access to appliances or differing priorities.

The ten most prevalent combinations are identified in each spatial data subset,

and are shown in Table 5.4. Additionally, the combinations are ranked by their

frequency within the top ten combinations of the regional and district subsets. For

instance, if a combination is within the top ten combinations for 12 of 14 districts,

it is assigned a frequency score of 12 for districts, and then ranked compared

to the frequency score of other combinations. Observing the results, the same

top eight combinations appear across rural, urban, ranked district, and ranked

regions lists in different orders, namely:

• Mobile phone

• Mobile phone, radio

• Mobile phone, television

• Mobile phone, radio, television
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• Mobile phone, radio, television, fan

• Mobile phone, radio, television, fan, refrigerator/freezer

• Mobile phone, radio, television, fan, iron, refrigerator/freezer

• Mobile phone, radio, television, fan, computer, iron, refrigerator/freezer

These eight combinations also represent either six or seven of the top eight

combinations across each regional data subset as well as in the rural subset.

However, these lists also contain the following three combinations amongst their

top eight combinations:

• None (no appliances)

• Radio

• Mobile phone, radio, television, refrigerator/freezer

As there are more urban than rural electrified households in the Sierra Leone 2017

MICS data, it is unsurprising that the rural combinations deviate from the other

subsets. However, as this thesis tackles system design for rural electrification,

demands important to rural users must be prioritized. These three combinations are

therefore added to the previous list, resulting in a list of 11 popular combinations

which are studied in further detail and used to compare appliance ownership in

different areas. These 11 combinations represent 70% of all electrified households in

the dataset. The remaining 30% of households have other appliance combinations

which are less popular or only present in much smaller quantities across the dataset.

These combinations are ordered by access level, and their relative prevalence

is visualized across urban and rural (Figure 5.5) and regional (Figure 5.6) data

subsets. Each subset is also visualized on an individual graph in Figure 5.7.

Urban and Rural Combinations

There is a higher prevalence of “None” (i.e. electrified homes owning none of the

appliances tracked in MICS) amongst rural households than urban households. One

could theorize that this is a result of rural households gaining a connection but
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Figure 5.5: Prevalence of ownership of appliance combinations in urban and rural
electrified homes in Sierra Leone. Combinations are arranged in increasing access order.

Figure 5.6: Prevalence of ownership of appliance combinations in electrified homes in
each region of Sierra Leone. Combinations are arranged in increasing access order.
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Figure 5.7: Prevalence of ownership of appliance combinations in electrified homes for
the following data subsets for Sierra Leone: a) North, b) South, c) East, d) West, e)
Urban, and f) Rural. Combinations are arranged in increasing access order. Appliances
are represented by their first letter, aside from Refrigerator/Freezer, represented by “Z”.
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then being unable to purchase appliances due to low availability or affordability.

It has previously been seen in rural electrification programmes that low energy

usage can follow after household connection (e.g. in Kenya [282]). It should be

investigated whether affordability, accessibility, cultural norms, or some other factor

are encouraging rural Sierra Leoneans not to acquire appliances following connection.

Radio ownership is much more prevalent in rural areas than urban areas. This

can be seen in the higher prevalence of the “Radio” and “Mobile, radio” appliance

combinations in rural than urban households from Figure 5.5. This may speak to

the rural population gaining more of their information and entertainment from

the radio than from other sources (e.g. television, internet). It may also reflect

lower literacy amongst rural populations, who may find it harder to access written

information and news via mobile phone or online and who instead gain it through

radio. It may also indicate that radios are sometimes used by farmers in the fields;

perhaps the higher radio prevalence is related to the higher agricultural population

in rural areas who listen to the radio as they work.

Appliance combinations that indicate higher levels of access are more prevalent

amongst urban households than rural households. This may reflect the wealth

discrepancy between urban and rural homes; urban households are more likely to

have the means to purchase more expensive, higher-access-level appliances. They

are also more likely to have the means to pay for more energy and actually make

use of these appliances. It may also reflect differences in electrical capacity and

quality amongst urban and rural energy access systems. Smaller systems like

SHS often cannot sustain power-hungry appliances (e.g. refrigerators, irons), but

grid connection can, and is much more common in urban than in rural areas

of Sierra Leone.

The relationship between rurality, poverty, and grid reliability must also be

considered. Richer areas are reported to have fewer power cuts and less load

shedding than poorer areas in many LMICs (e.g. as shown in Accra, Ghana [283]).

It can be hard for those experiencing more frequent cuts to climb the ladder to
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higher-access appliances, which can become damaged by voltage inconsistencies

and other electricity quality issues.

Regional Combinations

From Figures 5.7d and 5.7e, it is evident that the Western region appliance ownership

pattern closely reflects the urban appliance ownership pattern. This makes sense,

as a large proportion of the urban population in Sierra Leone lives in the Western

region, specifically in Freetown and the surrounding area.

Given this, one might consider consider whether other regional patterns truly

represent geographic variation, or simply a weighted combination of the urban and

rural appliance patterns for that region. This was investigated with MICS data and

proven to be untrue. The percentage of electrified urban and rural homes in each

region were used to create weighted averages of the prevalence of each appliance

combination. These did not match the regional prevalences, showing that there

is more than a weighted combination of urban and rural dynamics at play. An

example showing the difference for the Eastern region is provided in Figure 5.8

Looking at the North, East, and South regions in Figures 5.7a-c, there are other

non-negligible variations in the popularity of different appliance combinations. For

instance, households in the North are much more likely than those in other regions

to own just a radio. These differences are considered during demand estimation.

5.2.2 Demand Estimation Setup

To test how these spatially varying appliance data translate into load profiles,

demand estimates were generated for a synthetic communities representing different

data subsets and approaches. A community size of of n = 200 dwellings was

used to represent a synthetic rural off-grid village in each region. Demand was

estimated over a month (i.e. 31 days) at minute-level resolution, using the month

of January as a case study. The demand estimation approach described above

based on spatially specific MICS data estimation is compared to demand estimates

based on achieving a defined MTF tier of access.
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Figure 5.8: Prevalence of ownership of appliance combinations in electrified homes for
the Eastern region of Sierra Leone compared with a weighted average of Urban and Rural
prevalences for this region. The regional data do not reflect a mere weighted average of
rural and urban trends, indicating more nuanced geographic trends.

MICS-Based Spatially Specific Demand Estimation

Using the MICS appliance ownership data, demand was estimated for a synthetic

village in the North, South, East, and West regions of Sierra Leone. Additionally,

a synthetic village was modelled after the rural and urban MICS data subsets, as

well as based on the entire country-wide dataset.

For other spatially specific data inputs (e.g. sunrise, sunset, weather), specific

locations in each region were selected as data retrieval landmarks: Freetown for

the West, Kenema for the East, Kabala for the North, and Pujehun for the South2.

Sunrise and sunset times from NOAA [277] and weather data from Renewables.Ninja

[54] were used to configure appliance usage windows and refrigerator demand cycles,

as shown in Tables 5.5 and 5.6 respectively. Appliance P values were taken from

2Note that the synthetic communities are not intended to represent these actual towns, which
vary in size and relative urbanity.
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the MTF3 [189]. For input parameters where no data was available (i.e. frames,

ttot, tmin, m lights per household), estimates were sourced from a Sierra Leonean

expert with significant experience in the energy sector and held constant through

all demand estimation experiments. Note that for all appliances besides lights, one

occurrence of each appliance was modelled per household. Specific input parameters

for each appliance are explained in detail in Appendix C and shown in Table 5.7.

Tier-Based Estimation

Estimates made using MICS data inputs were compared with estimates based on

MTF tier definitions [189]. As the appliances considered in the MICS profiles

represented Tiers 1, 2, and 4 (as per Table 5.3), load profiles for these MTF tiers

were created. The appliances included were modelled based on the power levels

and usage times defined in the MTF – see Table 6.13 in [189]. As the weekly

frequency of use for each appliance is not specified in the MTF, all are assumed

to be used each day. While the refrigerator is defined as used at a rated power

of 300 W for 6 hours [189], this is interpreted as a duty cycle at 300 W power,

25% of the time (i.e. 300 W for 5 minutes, 0 W for 15 minutes) all day. The

RAMP framework was still used for demand estimation based on these inputs,

and unless specified, all remaining parameters were held constant. Inputs for each

tier are shown in Tables 5.8, 5.9, and 5.10.

5.2.3 Demand Estimation Results

The resulting average load profile and range is shown for each synthetic community

in Figures 5.9 and 5.10. All of these load profiles follow roughly the same pattern: a

peak in the evening from lighting and entertainment devices, steady usage overnight

from fans and outdoor lights, and lower use during the day. There is a small bump

at mid-day resulting from fan usage on weekends; the difference between weekday

and weekend average profiles is shown in Figure 5.11. This also shows a higher

peak in the evenings on weekends due to the impact of iron usage on weekend
3Where two possible values were provided, the higher was used to ensure that the resulting demand
profile would err towards overestimation.
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Figure 5.9: Average daily load profiles for the synthetic communities of 200 households
generated using appliance combinations for each region of Sierra Leone from MICS data.
The full range of data for each case is shown in the lighter semi-transparent band.

evenings. The similarity between the load profile shapes is expected, given the

same possible windows of operation and expected durations of operation modelled

across all experiments. The differences expected are indeed not in terms of general

load shape, but in terms of the amplitude. Note that there are some artifacts near

midnight at the start and end of the profile, as the stochastic framework simulates

each day individually and does not account for continuity between days.

Looking across regions, the load profile for the Western community is the highest

consistently throughout the day and has the highest peak power. This is expected,

as the Western province is highly urban and had more households with high-access

and high-powered appliance combinations. The load profiles for the Northern and

Eastern communities are very similar; the Southern community load profile lies

between these and the Western community. There is an average gap of 10.3 kW

between the average Northern and Western community load profiles throughout

the day, ranging between 7.9 and 14.3 kW depending on the time. The average
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Figure 5.10: Average daily load profile for the synthetic communities of 200 households
generated using appliance combinations from urban and rural subsets of Multiple Indicator
Cluster Survey data for Sierra Leone. The full range of data for each case is shown in the
lighter semi-transparent band.

Southern community profile lies 5.8 kW on average below the average Western

community profile, ranging between 3.9 and 8.4 kW below depending on the time.

Considering the urban and rural community load profiles in Figure 5.10, it

is immediately clear that the demand profile generated from the entire dataset

(“All”) is dominated by urban respondents. This makes sense; there were far more

urban households than rural households with electricity access in the MICS dataset,

as the grid in Sierra Leone does not extend to many rural communities. It is

also evident that the load profile for the rural synthetic community is far lower

than the urban-only profile, with an average 9.5 kW discrepancy throughout the

day, ranging between 7.4 kW and 13.6 kW. This result aligns with the intuitive

expectation that poorer rural populations have lower power requirements than

more affluent urban populations with better access to higher-powered appliances

and reliable grid connections.
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Figure 5.11: Average daily load profile on weekends and weekdays for a synthetic
community of 200 households based on appliance combinations across the entire Multiple
Indicator Cluster Survey dataset. The full range of data for each case is shown in the
lighter semi-transparent band.

Daily energy consumption is calculated across the synthetic communities for

each region. Results are shown in ascending energy order in Figure 5.12. The rural

community uses the least energy each day, followed by North and East communities,

then South, Urban, and West. The energy results are also shown in Table 5.11,

alongside their standard deviation (σ) and the coefficient of variance (CV ). This

table also includes the average energy usage at day and at night, calculated using

the sunrise and sunset times for each region, and using the average of these for

the urban, rural, overall, and tier-based villages. More energy is used at night

than during the day in all cases. This of course has implications for the design

of solar stand-alone or autonomous mini-grid systems, two common electricity

access technologies in Sierra Leone. As these cannot produce energy at night,

when the majority of the energy use occurs according to these results, storage or

back-up (i.e. diesel) generation would be necessary to ensure energy needs can be
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Figure 5.12: Daily energy consumption for each synthetic community of 200 households
representing different Multiple Indicator Cluster Survey data subsets in Sierra Leone and
different energy access tiers, in ascending energy use order.

Table 5.11: Daily energy consumption results in each synthetic village for the case study
application in Sierra Leone. From top to bottom: average energy consumption; average
energy used during day and night hours; minimum, median, and maximum daily energy
consumption; standard deviation (σ); and coefficient of variance (CV).

N S E W Urb Rur All T1 T2 T4
Eavg 437 545 453 683 603 374 592 2.00 49.1 756
Eday 164 218 169 288 247 135 235 0.07 2.46 258

Enight 272 327 284 395 356 240 357 1.93 46.6 498
Emin 426 533 442 660 588 366 579 1.98 48.8 747
Emed 432 540 447 674 597 370 586 2.00 49.1 756
Emax 455 572 475 718 630 392 618 2.01 49.4 773

σ 9.26 11.93 11.91 18.43 14.53 7.91 13.67 0.01 0.16 5.60
CV 0.021 0.022 0.026 0.027 0.024 0.021 0.023 0.005 0.003 0.007

met. This speaks to the marriage of solar and storage which is often necessary in

green off-grid electrification to avoid night-time fossil fuel consumption. Finally,

note that the CV values in Table 5.11 for tier-based profiles are smaller than for

the MICS-based profiles, reflecting the increased intra-community variance when

different appliance combinations are considered.

Comparing the Urban and Western communities, the Western profile actually

has a greater amplitude throughout the day. This is interesting, since as previously

discussed, most people Western residents are urban. One can hypothesize that urban
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(a) Regions

(b) Urban and rural

Figure 5.13: Comparison of regional and urban/rural synthetic community load profiles
for Sierra Leone with tier-based community load profiles. The full range of data for each
case is shown in the lighter semi-transparent band.
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residents in the Western province have better access to higher-powered appliances

and/or higher income than the average urban resident in Sierra Leone. This could

increase their usage compared to other urban residents. People in Western province

are also likely to have better grid access, which may encourage them to buy more

high powered appliances than urban households in other areas with SHS power

or mini-grids which may offer lower power ratings.

These load profiles are compared to profiles generated based on tier definitions

in Figure 5.13. Most load profiles fall between Tier 2 and Tier 4. The Urban and

Western profiles are near or above the Tier 4 profile at times, and below it at others.

5.2.4 Affordability Check

Household expenditure data from the Sierra Leone IHS [284] is used to check

demand estimates against the risks of energy poverty. This income and expenditure

survey, which serves as Sierra Leone’s LSMS, is openly available online through

Statistics Sierra Leone [285]. Average household consumption expenditure in each

region of Sierra Leone is shown in Table 5.12, alongside a maximum budget that

can be allocated to energy each month before energy poverty risk (i.e. 10% of

total expenditure) and a maximum tariff per kWh to meet estimated demands

without energy poverty risk. Costs are taken in Leones (Le) from the 2018 IHS,

so the 2018 average conversion rate from Leones to USD (i.e. 7,712 Le/USD

[286]) is used in Table 5.12.

Table 5.12: Average monthly nominal consumption expenditure and estimated energy
consumption per household, as well as the electricity tariff required per kWh for energy
poverty prevention (i.e. such that energy does not exceed 10% of total expenditure).

Region
Monthly

expenditure
(Le)

Energy
budget

(Le)

Electricity
use

(kWh)

Tariff
required

(Le/kWh)

Tariff
required
($/kWh)

North 334,001 33,400 67.7 493 0.06
South 325,231 32,523 84.4 385 0.05
East 356,487 35,649 70.2 508 0.07
West 781,640 78,164 105.9 738 0.10
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The resulting required tariffs are on a reasonable order of magnitude, but

generally speaking rather low. For instance, in the United States, average residential

electricity prices in 2020 were $0.13/kWh [287]; all of these tariffs fall below that.

To understand how they compare to actual tariffs in-country, these results were

compared to existing electricity tariffs in Sierra Leone. These vary amongst consumer

groups and infrastructure types. For on-grid electrification, residential customers

in Sierra Leone pay either a “social” tariff of 560 Le/kWh (i.e. $0.07/kWh) if they

use less than 25 kWh/month, or a “normal” tariff of 1,600 Le/kWh (i.e. $0.21/kWh)

if they use more than that [288]. Residential tariffs on mini-grids are much more

variable [289], ranging from 1,400 Le/kWh (i.e. $0.18/kWh) for basic residential

service on the Segbwema grid to 6,715 Le/kWh (i.e. $0.87/kWh) for residential

service from Power Leone WP 2. The maximum tariffs identified to avoid energy

poverty risk based on demand estimates fall below the on-grid social tariff for North,

South, and East, and between the social and normal tariffs for the West. Were the

normal on-grid tariff to apply across all regions – as it would, based on the average

estimated demand in each being above 25 kWh/month – the resulting average

electricity charge per month would range between 22% and 42% of average income

depending on the region considered. The mini-grid tariffs equally appear unrealistic

to the level of usage estimated here; for instance, in the Northern region, satisfying

estimated demands at a tariff of 6,715 Le/kWh (i.e. $0.87/kWh) would represent

33% of total household expenditure. One can assume mini-grids are designed for

lower tiers of access, with a capacity limit close to Tier 1 or 2 use, and not designed

to meet eventual demands experienced by wealthier grid-connected customers. A

principal reason for the high proportion of average income which would be required

to meet these demands is, as previously discussed, the fact that most people in

Sierra Leone with existing electricity access are comparatively wealthy.

5.3 Discussion

These results prompt interesting observations not only on the spatial variance of

demands and the utility of the proposed methodology, but on patterns within
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appliance acquisition and a number of areas for future study.

5.3.1 Spatial Variance

The appliance combinations and demand estimates produced using the MICS

data varied regionally and across rural and urban divides, proving spatial demand

variance. This has implications for the design of electricity access systems. Consider

the case of designing a mini-grid based on solar and battery storage in a rural

Northern community of n = 200 households. If demand was estimated to enable

system sizing based on appliance ownership across the whole MICS dataset, the

resulting system design would have oversized generation and storage. For instance,

the worst-case estimated peak power was simulated at 33 kW for such a community

with n = 200 based on the rural MICS subset, compared 47 kW if the whole MICS

dataset is used. If designing for 100% reliability, then the system will be designed

to provide a peak power which overshoots the rural context by at least 40%. This

oversizing could provide useful room to grow demands or could trigger a “failure to

launch” if it rendered the energy produced by the system completely unaffordable.

Storage oversizing is particularly important to consider in this example, as the

peak load occurs in the evening after sun-down when solar PV cannot generate

energy. To quantify this, consider the daily energy which must be used after

nightfall (i.e. which must be satisfied by battery capacity alone), as presented in

Table 5.11. In the synthetic community modelled based on rural MICS data, the

average daily energy consumed at night was 240 kWh. Meanwhile, the synthetic

community modelled after the entire dataset in aggregate consumed 357 kWh on

average overnight. Comparing 240 kWh to 357 kWh, designing based on the overall

case would create a 49% overshoot in energy storage sizing. Again, this may not

be a bad thing in terms of technical operation, simply allowing for more days of

battery-only autonomy in the case of poor weather. Indeed, this could improve the

resilience of the system and allow for future load growth. However, it could render

electricity prohibitively expensive, causing a failure to launch (i.e. low system
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uptake). The tradeoff between reasonable system cost, ability to meet future load,

and resilience will be further explored in Chapter 6.

5.3.2 Comparison With MTF

By using MICS appliance ownership data to configure stochastic modelling, demand

estimates better integrate intra-community diversity than the tier-based approach.

Designing for a certain tier of access across all households erases the diversity of

needs, life-stages, ability-to-pay, and other factors impacting electrical demand

amongst households. This is evident in the results, as stochastic estimates based

on a uniform tier of access across a community shows lower variance compared to

the developed approach using MICS data (see CV in Table 5.11).

The demand estimates configured with MICS data approximate a Tier 3

community, as shown in Figure 5.13, despite the fact that no Tier 3 appliances (i.e.

washing machines, food processors) are considered in the analysis. Indeed, no Tier

3 appliances are studied at all in the 2017 MICS in Sierra Leone. This shows one

issue with the MTF definitions in practice; when applied at the community level,

a distribution of households at different access tiers is more likely to be present

than a single energy usage mode. While a constellation of access levels can emulate

a certain tier of behaviour on average, it includes variance that a uniform tier

assumption does not. It seems that the general definition of Tier 3 in the MTF may

not be useful in the context of Sierra Leone. This prompts the question of whether

this or other tiers are not useful in other particular country contexts. Perhaps

country-specific definitions appliance definitions for each tier are needed.

This analysis highlights issues with the expectation that everyone should reach

Tier 5 access. In practice, even amongst the wealthiest people in Sierra Leone,

there are a diversity of appliance ownership patterns. Not everyone owns high-

powered, high-tier appliances like irons and refrigerators. If it is assumed that

households all will want and acquire high-powered white goods such as freezers when

estimating demands for electrification, the shape of the resulting load profiles changes

dramatically and becomes unrealistic. As discussed in Chapter 2, the expectation of
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eventual uniform ownership of “white goods” (e.g. dishwashers, washing machines)

is a primarily white and western phenomenon; appliance ownership aspirations

actually vary based on local and familial wealth, class, race, and religion [150].

Expecting everyone in Sierra Leone or any LMIC to eventually attain Tier 5 might

indeed be a neo-colonial or assimilationist goal which is not actually desired at

the community level.

One additional peculiarity of the tier-based estimation approach is the definition

of the refrigerator provided in the MTF [189]: that is, a usage of 6 hours a day at

300 W without mention of a duty cycle. It is up to the reader to interpret that

this is likely to indicate a duty cycle with a 25% “on” window. Put in the hands of

someone with less electrical literacy, this could be misinterpreted as six consecutive

hours of usage, which would grossly misrepresent the effect of a refrigerator on

household and community load profiles.

Give these issues, it can be questioned whether designing an electrical system

such that all households attain a given tier of access is actually useful. This approach,

where applied, should be reviewed in terms of its suitability to purpose.‘

5.3.3 Appliance Acquisition Pathway

Observing the 11 most popular appliance combinations in the MICS dataset for

Sierra Leone as outlined in Section 5.2.1, one can observe a potential trend in

appliance acquisition. These combinations, presented in access-level-order at both

appliance and combination levels, are:

• None (lights only)

• Mobile phone

• Radio

• Mobile phone, radio

• Mobile phone, television

• Mobile phone, radio, television

• Mobile phone, radio, television, fan
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• Mobile phone, radio, television, refrigerator/freezer

• Mobile phone, radio, television, fan, refrigerator/freezer

• Mobile phone, radio, television, fan, iron, refrigerator/freezer

• Mobile phone, radio, television, fan, computer, iron, refrigerator/freezer

Ordered this way, a potential appliance acquisition pathway becomes apparent.

Once a household obtains an electrical connection and lighting, they may next

acquire a mobile phone or a radio, eventually getting both. They then add a

television, and subsequently a fan or refrigerator/freezer, eventually getting both.

Next an iron is purchased, and finally a computer is acquired.

This is not necessarily the case in all households, nor is it even confirmed here.

Perhaps all households in these cases acquired all of their appliances at once, and

this progression is incorrect. It is just interesting that when ordered this way, a

potential appliance “build-up” becomes apparent.

When considered in this order, it also becomes interesting that a computer

can be considered a Tier 2 appliance based on its power consumption when it

is seemingly the last appliance added. One can hypothesize that this is because

it is the least affordable appliance of the set, which is the least attainable as a

household moves up the access ladder. It is the most likely to be seen as a luxury

despite its lower energy consumption than something like a refrigerator, which

may justify its placement in a higher tier (e.g. Tier 5). Conversely, looking at

energy consumption and social benefit instead of purchase cost, it can instead be

argued that the social mobility provided by access to information and education

via a computer is incredibly high per kWh consumed, assuming that an internet

connection is available. This would make a computer incredibly efficient in terms

of social benefit, perhaps far more efficient than other Tier 5 appliances. This

raises the question of whether appliances should be assigned to tiers based primarily

on power consumption, or whether their relative affordability, efficiency of social

benefit, or other factors should also factor into their ranking.
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5.3.4 Extension: Appliance Quantities

The MICS data used in the appliance combination analysis does not contain

information on the quantity of each appliance owned by households. As such, this

factor is omitted from the previous methods to maintain a generalized approach

which can be cross-applied in other contexts with MICS data available. However,

depending on the country under consideration, there may be other data sources to fill

this gap. For instance, in Sierra Leone, the 2018 IHS survey can be used to analyze

appliance quantities. The IHS captures appliance quantities in Questions 1 and 2 of

Section L (durable goods). As in the MICS survey, IHS data are labelled by province,

district, and urban or rural classification, allowing for spatially specific analysis.

To explore the importance of varying appliance quantities, the proportion of

households in each region of Sierra Leone found to own any quantity of each

appliance, which owned m quantity of the appliance for m = 1 : 10, is investigated

over each spatial IHS subset. The results of this exploration are shown in Figure

5.14. Across all data subsets, 72% or more of households only own one of each

appliance for all appliances except for mobile phones. Looking at the urban and

rural subsets, it is far more common for households in urban areas to own multiple

cell phones compared to urban areas (i.e. 67% versus 36% owning multiples).

Owning more than one of a given appliance does not necessarily increase overall

household demands. For instance, while two refrigerators in one household are

likely to consume twice as much energy as one refrigerator – as both refrigerators

are likely to be always on – two televisions in one household do not necessarily

mean that energy consumption by televisions is doubled. A household may own

multiples of certain appliances (i.e. televisions, lights, fans) such that as household

members move between rooms, they need not carry the appliance with them, but

instead can turn one on and the other off. Conversely, appliances like mobile phones

and computers are more likely to be used independently by individual household

members, making it more likely that each additional appliance in the household will

linearly scale the load from that appliance type. So, if appliance quantities were to

be considered in demand estimation for Sierra Leone, only multiples of mobile phones
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Figure 5.14: Quantities of appliances owned per household from subsets of the Sierra
Leone Integrated Household Survey dataset: a) North, b) South, c) East, d) West, e)
Urban, and f) Rural. Each bar represents 100% of households which own the appliance.
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and refrigerators/freezers might be considered to linearly scale energy consumption

in the household. Note that these appliance usage assumptions are culturally-

dependent, and would need to be reviewed and adjusted depending on the context.

Additionally, the impact of owning appliance multiples on demand is proportional

to the power consumption of the appliance and its expected duration of use.

Appliances with higher rated power and more frequent use will have a greater

impact on demand even if infrequently owned in multiples. For instance, while the

proportion of households owning refrigerators which own more than one only falls

within the range of 7-20% depending on the data subset considered, these are higher-

powered appliances which are always on. This makes their impact different from

something like irons which, while also high-powered with a small proportion of homes

owning multiples, are used very occasionally for a short duration of time. While

refrigerators will create a sustained amplitude increase, irons are therefore more

likely to create demand peaks. The intersection of appliance quantity, rated power,

and usage pattern can be considered to more accurately determine resulting demand.

5.3.5 Extension: Demand Scaling

The methodology developed in this chapter leverages the appliance ownership

patterns of those with existing electricity access to project the demands of the newly

electrified. However, it must be considered that those who currently have electricity

access in a country like Sierra Leone with low access rates and grid coverage are

usually among the relatively wealthy. Indeed, as shown in Figure 5.15, those in

Sierra Leone with electricity access fall exclusively in the top three wealth quintiles.

These households have more income to spend on appliances and electricity than

average. As such, resulting demand estimates can be seen as inherently aspirational

when applied in an off-grid community spanning lower wealth quintiles. They

therefore may more realistically represent a high-end bound on anticipated electrical

demand, or may represent electrical demands a number of years after connection,

rather than being interpreted as average demand immediately following connection.
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Figure 5.15: Proportion of those in each region of Sierra Leone and those with electricity
access in each wealth quintile as recorded in the 2017 Multiple Indicator Cluster Survey.
No one with electricity access fell in the lowest two quintiles; most are in the richest
wealth quintile. Wealth across regions is uneven, with the West being the richest.

To account for this, the methodology presented in this chapter can be extended

to downscale demand expectations towards a lower-end estimate. This can be

accomplished by assigning appliance ownership proportionally to the current

distribution of households amongst wealth quintiles. To achieve this, wealth

quintile data can be retrieved from MICS for the region under consideration,

and the proportion of all households falling within each wealth quintile can be

calculated. Then, appliance ownership in each quintile can be evaluated at the

location under study.

Appliance ownership in a community can be estimated based on a weighted sum

of appliance ownership in each quintile. The number n of households over which

demand is to be estimated can be subdivided into groups n1 : n5 proportional to

the prevalence of wealth quintiles one (poorest) through five (richest). Appliances

can then be allocated to the households based on appliance ownership in their

quintile and region.

Cognizant that lower wealth quintiles in poorly-electrified LMICs are unlikely

to have appliance ownership data available, as few such households are electrified,

the following heuristics are recommended to estimate the lower-wealth appliance

ownership patterns for quintiles one, two, and three where data may be unavailable:
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• Quintile 1: All households use task lighting, and 50% of the households

additionally charge one mobile phone.

• Quintile 2: All households use task lighting and general indoor lighting. They

may also own a mobile phone, radio, or both. It is modelled that 25% have

neither, 25% have a mobile phone, 25% have a radio, and 25% have both.

• Quintile 3: All households use task lighting, general indoor lighting, and

outdoor lighting. These households may also own a mobile phone, radio,

television, and fan, or some combination of these. This creates a total

of 16 possible appliance combinations. The relative proportions of these

combinations are taken from the fourth wealth quintile. If the total of

these proportions does not add up to 100% (i.e. because there are other

combinations included in the fourth wealth quintile besides these 16), the

difference is distributed evenly amongst all 16 possible combinations.

Appliance ownership can then be aggregated across households of all wealth quintiles,

and community demand can be simulated using a bottom-up stochastic approach.

This creates a lower-end demand estimate for generation and storage sizing.

A similar approach can be taken to downscale to a “mid-level” demand based on

anticipated (or desired) wealth growth in a region following electrification. Demand

estimates can be generated based on the projected or desired proportions of people

in each wealth quintile following electrification. For instance, in areas where the

population is currently skewed towards lower wealth quintiles, an eventual movement

towards an even distribution amongst wealth quintiles (i.e. n1 : n5 are equal) can

be used to project mid-level demands. While not tested here, these methodological

alterations are explored in Chapter 6.

5.3.6 Limitations and Areas for Future Study

This demand estimation approach assumes 100% reliability, which is not realistic in

Sierra Leone at present. The grid in Sierra Leone experiences frequent and lengthy

disruptions, with a system average interruption duration index (SAIDI) of 62.1
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minutes and system average interruption frequency index (SAIFI) of 24.8 disruptions

in 20204 [290]. These outages would impact expected demand first by depressing

overall average load profiles; when electricity can be used on fewer days of a month,

the monthly average will decrease despite the same usage on the days it is available.

Lower reliability can also engender reluctance to purchase expensive high-powered

appliances. Though these appliances might be accessible to the relatively-wealthier

people who currently have electricity and may be able to afford the risk of these

appliances being damaged by a service disruption, this risk could be too great for

lower-income households to bear. Even if they can afford initial appliance purchase,

perhaps they would not be able to afford the replacement cost in the case of damage,

causing reluctance to connect. This is the type of distrust that could spread socially;

for instance, once a neighbour has had their refrigerator fried by a service disruption,

it could be difficult to trust the grid enough to buy one yourself. The effect of poor

reliability on appliance purchase needs further psychological and anthropological

study. In the absence of reliable grid energy, perhaps robust appliances which can

accommodate frequent disruptions are a solution.

Additionally, this approach does not account for the possibility of different

versions of the same appliance. Each instance of each appliance was modelled

identically for each usertype; no variance was included to account for different

versions of the same appliance (e.g. with different power ratings). While such

variation is likely in practice, this is beyond the scope of this work and left

for future study.

Finally, no sensitivity analysis has been undertaken in this work. This approach

is sensitive to the input data used; the level of uncertainty in this data will have

affect the accuracy of the load profiles produced. It is assumed that the MICS

dataset on appliance ownership is highly accurate, given the rigorous standards

of this international UNICEF-driven effort. A greater source of uncertainty is the

expert-sourced appliance usage windows. An interesting piece of future work would

be to collect empirical data to confirm these windows, or to interview multiple
4For disruptions greater than 5 minutes.
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experts to see if their anticipated usage windows agree. A sensitivity analysis

could then be undertaken for the range of usage windows sourced through these

methods. Stochastic parameters such as the δ values of 20% and 35% represent a

final source of uncertainty. These are selected based on the original RAMP model

literature [174] which undertakes a sensitivity analysis and finds them to be robust

in the case study presented therein. However, as the application of this approach

in Sierra Leone takes different data inputs and makes different assumptions than

the case study presented in the literature, the sensitivity to these values could be

reevaluated in this context. This is left to future study.

5.3.7 Scalability

This method’s scalability stems from its reuse of data produced in existing, well-

funded programmes. Collecting MICS or similar data is undoubtedly expensive,

and requires a huge time investment, but this cost is already allocated and absorbed

by the organisation undertaking the survey (i.e. UNICEF). The data is freely

available online, and is being continuously collected in incrementing rounds in

LMICs all over the world.

Once data is acquired, the analysis and demand estimation approach described

herein can be completed swiftly. For instance, producing a synthetic community

profile (n = 200) over a month (31 days) was timed at 613 seconds on a laptop with

a Intel(R) Core(TM) i7-7500U CPU and 8 GB RAM with no graphics in this work.

That is, it takes about 10 minutes to estimate demand over a month at village level

on quite an average laptop computer. For an electrical engineer working on a grid

design for a rural area, this should not represent a huge time impediment.

5.4 Key Outcomes

This chapter has proposed a scalable method which uses existing data to estimate

spatially specific household demands in off-grid regions of LMICs. MICS data is

proposed as an input data source for stochastic bottom-up demand estimation.

Appliance ownership methodologies are proposed to analyze the most popular
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appliances in a given spatial context and implications in terms of access level.

Through a case study application of this approach in Sierra Leone, which leverages

the 2017 MICS dataset and the RAMP stochastic demand estimation framework,

the underlying premise of spatial variance of demand amplitude is shown to be true

in this context. Urban and Western demand estimates are of greater amplitude

than other regions and rural contexts. Furthermore, regional differences cannot

simply be attributed to urban and rural dynamics. The load profiles generated

using this approach are compared to a tier-based demand estimation approach

that does not account for intra-community diversity (i.e. by designing “for” a

certain tier such that all households have the same level of access). They are

found to approximate a Tier 3 load, despite a total lack of Tier 3 appliances.

This leads to a critique of the definition of the tiers themselves which, defined

at the household level with a given set of appliances, may not be suitable in all

contexts or when applied across communities. By leveraging existing appliance

ownership data to generate spatially specific stochastic bottom-up demand estimates

at scale, data collection cost and time are eliminated, making accelerated spatially

specific demand estimation possible.

Having proposed feasible solutions to the location and demand data problems,

these data can finally be applied in the spatial feasibility design of electricity

access systems.
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With scalable methods to generate connection point location data and spatially

specific demand estimates in hand, these data can finally be applied in the design

of electricity access systems. This chapter therefore addresses the question: Can we

design appropriate least-cost electrical systems to match community spatial context?

It is argued that, using a scalable spatial framework, feasibility-stage electrical design

can be achieved with home-level specificity at low cost and computational expense.

Rural electrification design is not a new problem; as such, models for this

purpose are well-covered in the literature. These generally take either local or

large-scale approaches, each of which provides useful information at different stages

of the design process. Local electrical system design models such as HOMER [212],

DER-CAM [214], and HOGA [215] typically focus on optimal sizing and operation

of generation technologies and other large infrastructure components (e.g. storage,

inverters) to meet local energy needs. Topology and associated conductor costs

150
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are rarely considered in these models. They typically assume that the number of

connection points within a system and/or the estimated load profile are known

to the designer and can be used as inputs. These models can be quite useful in

final design, once these parameters have been ascertained. However, as shown

in Section 2.1 of Chapter 2, the locations of potential connection points are not

always available in off-grid regions, and so it can be difficult to know how many

connection points to consider. Furthermore, it is not always clear where to draw

the boundaries between different autonomous local electricity systems, or how to

identify which households lie outside their economically-optimal geographic range.

As such, while these local models can be very useful when accurate connection

point data are available and have been pre-processed to identify candidate areas

for grid design, they do not assist in the scoping stage.

Large scale electrification design models such as OnSSET [233] or Network

Planner [229] specify least-cost grid types (e.g. mini-grid, grid extension, SHS)

and generation types (e.g. solar, wind, diesel) over geographic grid cells based on

raster data. Topology is also neglected in these gridded models, as illustrated by

the outputs of OnSSET shown in Figure 6.1. Assigning technologies by grid cell

area can be useful in preliminary design when scoping the coverage of different

electrification technologies. However, without consideration of the distribution of

homes within grid cells and the possibilities of interconnection between cells, the

outputs of these models miss a significant chunk of the implementation picture.

This leaves a wide gulf over which the designer must leap when progressing from

preliminary design in large-scale models to final design in local models. Few models

attempt to bridge that gap. The REM [238] is relatively unique in attempting

to model at the interface of local and large-scale design by specifying grid types

over large areas while simultaneously proposing topologies at home-level. However,

REM requires extensive data inputs, is computationally expensive, and is not open

source, making it less accessible to practitioners and policymakers designing rural

electrification strategies. By endeavouring to create a fully-integrated pipeline from
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Figure 6.1: Outputs of the OnSSET model from the Global Electrification Platform in
Sierra Leone. The inset image is an expansion of results at the indicated area. Note that
the technologies are assigned over grid cells without accounting for topology.

raw data to final design, it becomes opaque to users and therefore difficult to

operate and trust.

Adding to this difficulty, across both local and large-scale modelling approaches,

few methods account for demand evolution in rural off-grid areas [175], as highlighted

in Gap 5 identified in Chapter 2. This is an issue, as access to electricity has been

shown to stimulate loads which increase over time, particularly via social pressure

to acquire higher-consumption appliances [46]. Planning a growth trajectory for

increasing demand over time can be challenging when designing local grids, which

will either require oversizing, retrofitting, modular expansion, or interconnection to

handle increased demands. However, there is an ethical argument to be made that

since grid-connected customers have access to higher power ratings allowing demand

growth, the same opportunity for growth should be afforded to local grid and SHS

customers. Planning to allow for demand increase allows for this self-determination
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while simultaneously helping to minimize stranded assets.

Surveying the current literature, Gap 6 identified in Chapter 2 becomes evident:

practical and accessible spatial design approaches requiring minimal and realistic

data inputs which can produce designs with home-level specificity are scarce. Any

approach developed to fill this gap should navigate the transition between large-scale

preliminary design models and local-scale final design models by: (1) identifying off-

grid communities requiring unified grid technologies, (2) selecting best-fit grid types

for each, (3) suggesting and costing preliminary topology designs, (4) specifying

and sizing generation and storage, and (5) allowing the selection of an appropriate

design point while accounting for potential future demand growth.

This chapter argues that a practical feasibility-level spatial electrical design

framework can be implemented at low computational expense while still accounting

for home-level data. Clustering, graph theory, GIS analysis, cost optimisation, and

visualisation are leveraged in this framework to locate candidate communities for

electrification, propose grid types and topologies, and size generation and storage.

To account for increasing demand over time, a method is developed to map the

technically feasible and affordable space of generation and storage design points

and to chart possible demand accommodation trajectories. A proof-of-concept for

the framework is demonstrated using a case study in Sierra Leone. This framework

requires only openly-available input data alongside the connection-point-location

and demand data which can be generated as shown in Chapters 3 through 5. The

outputs provide a policy-ready feasibility-level electrical design proposal that can

be actioned through on-the-ground verification and implementation.

This chapter proceeds as follows. First, the spatial design framework is developed

in Section 6.1. This includes: a clustering approach to identify communities best-

suited to an integrated electrical topology, and an accompanying grid type decision

algorithm; graph theory methods to estimate the most effective electrical topology

for each community; GIS analysis to select best-fit generation and storage types

for each local grid cluster; and a method to map possible design points in terms of

demand and affordability to chart pathways towards modular demand growth. This
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framework is demonstrated for a case study area in Sierra Leone and the results

are presented and discussed in Section 6.2. Finally, Section 6.3 summarizes the key

outcomes and implications of this work in terms of the broader questions of the thesis.

6.1 Methodology

The general methodology for the spatial electrification design process is shown in

Figure 6.2 and proceeds as described in the following steps:

1. Potential connection points (as located in Chapters 3 and 4) are clustered

into energy communities and grid types are selected for each cluster.

2. Distribution and interconnection grid topologies are proposed for each cluster

using graph theory.

3. Site-specific resource potentials and availability are analysed in GIS to select

generation types for each cluster.

4. These results are used in combination with regionally tailored demand es-

timates (as described in Chapter 5) as inputs to a cost optimisation for

generation and storage sizing.

5. Potential design points are mapped in terms of technical feasibility and

affordability to chart pathways towards higher demand through modular

technology expansion or capacity reduction. The outputs of all stages are

collated into an actionable spatial feasibility design.

6.1.1 Energy Community Clustering

Household location data produced in Chapters 3 and 4 are first spatially clustered

into “electricity communities” which may benefit from a unified electrical system.

While clustering algorithms can be based on definitions of data similarity including

distribution, density, connectivity, and centroid [291], a density-based approach

which allows outliers is best suited to capture natural geographic clusters of homes.
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Figure 6.2: General methodology for the spatial electrification design framework.

The Density-Based Clustering of Applications with Noise (DBSCAN) algorithm

is well-suited to this task. This algorithm groups data based on density and does

not force all points to join clusters. This is useful, as outliers can be identified

as distant households which are more likely to benefit from stand-alone systems.

Unlike other common clustering methods such as K-means, DBSCAN does not

require the expected number of clusters as an input. This is useful here, as the

expected number of electricity communities in a large set of homes (i.e. over a

region or country) is difficult to specify in advance without counting communities

manually. DBSCAN requires the specification of two hyperparameters, but these can

be set without tedious manual analysis. For instance, Ordering Points to Identify

the Clustering Structure (OPTICS) [292] can be used to investigate the impact

of different hyperparameter selections. Here, a tuning heuristic is proposed to

configure the DBSCAN hyperparameters to the spatial context under consideration.
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In DBSCAN, each point is classified as either a core point, border point, or

noise based on the density of points near to it. Core points have at least a defined

minimum number of points (minPts) within a radius ε, while border points have a

number of points < minPts within radius ε, and noise points (i.e. outliers) have

no other points within that radius. To build clusters, core points are first identified

throughout the data. A random core point is selected as a starting point; each core

point within radius ε of that point will then check how many other core points

exist within radius ε from themselves to see if they can “grow” the cluster. Each

core point added to the cluster repeats this process until no more core points can

be found. Then, non-core points within the radius ε of any of these points are

added to the cluster as border points. Another non-clustered random core point

is then selected and the process repeats until all core points have been clustered

[293]. This process is visualised in Figure 6.3.

To configure DBSCAN to spatially cluster home locations into electricity

communities suited to unified distribution infrastructures, ε and minPts are set as

described in the following subsections. Clusters are then sorted into best-fit spatial

grid types using the thresholding algorithm described thereafter.

Setting minP ts

minPts is set to the minimum number of connections accommodated by the smallest

communal electrical infrastructure option under consideration. Clusters below this

threshold, as well as isolated homes, are marked as outliers to be evaluated for SHS

deployment and/or eventual interconnection to a nearby cluster. For instance, if

the smallest communal option under consideration when applying this approach is

a 15-connection micro-grid, minPts would be set to 15. However, this parameter

should be customized based on local policy or planning needs depending on the

palette of infrastructures under consideration.

Setting ε

The ε hyperparameter can either be tuned based on the density of households

in the region under consideration or set based on under-grid distances defined in
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Figure 6.3: Visualisation of the DBSCAN algorithm. (a) Core points are identified, and
a random core point is selected to begin cluster growth. (b) Each core point within radius
ε of that core point looks for additional core points until no more core points are found.
Then, border points are added. (c) Steps a and b are repeated until all core points are
clustered. (d) Any remaining unclustered points are identified as outliers.

electrification policy. To motivate the usefulness of an ε tuning heuristic, consider

the difference between urban and rural settlement styles. Both have clusters of

homes, but the typical distance between homes is likely to differ; urban households

are likely to be closer together on average. If a distance threshold for cluster

formation based on the urban context is used in the rural context, it is likely

that the resulting clusters would not follow visible groupings, instead splitting

communities into multiple sub-segments or classifying all homes as outliers. This

is undesirable and unhelpful in the context of electrical design.

To avoid this, ε is tuned based on the density of homes in the region surrounding

the cluster. This region can be defined based on a political boundary (e.g. county,

district) or a specified radius. Within this region, the K nearest neighbours to

each building are found, and ε is taken as the knee point of these. This tuning
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approach is originally suggested in [293], and is applied here in the context of home

clustering. In nearest neighbour calculations, K is set to minPts, or the size of the

smallest communal infrastructure option under consideration. The distance to the

Kth nearest neighbour for each building is plotted in ascending order, creating a

k− dist plot which tends to make a sharp curve with a reflected L-shape. The knee

of this curve is found, and the distance value at that knee point is used as ε.

While building location data do tend to make a single-kneed L-shaped k − dist

plot, it could be possible to have multiple-kneed plot in a region with multiple

distinct community densities. In this case, a multi-stage application of DBSCAN

will be required, using ε values taken at each knee point. An approach that allows

for this, such as using OPTICS [292] or Dynamic Method DBSCAN [294], could

be applied instead of vanilla DBSCAN to handle this.

Alternatively, ε can be set as the “under-grid” distance (dunder) defined in regional

or national electricity policy. Many countries undergoing electrification define a

maximum distance from existing supply points after which grid electrification shall

not be provided and before which a home is considered under-grid. For instance, the

Sierra Leone National Electricity Act dictates that electricity shall not be supplied

to premises more than 200 m from the nearest supply point [295]. To incorporate

these policy constraints into the clustering approach, ε can instead be set to dunder

instead of being tuned to suit the regional density. Note, however, that setting ε to

dunder is not a direct translation of the policy’s intention. Whereas policy typically

refers to a maximum distance to a supply point (i.e. transformer, substation),

setting ε to dunder instead limits the radius between homes to form a cluster. Since

transformers are not yet placed in off-grid areas, resulting clusters may include

homes more than dunder from eventual transformer locations. To account for this, a

percentage of dunder may be used as ε instead, but this percentage must be selected

somewhat arbitrarily. Alternatively, after clustering is complete, households outside

a dunder radius from the cluster centroid could be retroactively assigned as outliers,

assuming that the transformer will be placed at the centroid. Here, ε is simply set

to dunder to explore the impact of this approach without these adjustments.
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Grid Type Selection Algorithm

Each cluster is assigned a likely best-fit grid type based on size and distance-from-

grid thresholds. As defined in Algorithm 2, each outlier is treated as an individual

cluster of size one, and assigned SHS as their best fit technology. Clusters above

the minimum communal size minPts are assigned either grid extension or local

grid technologies. Grid-extension is assigned if the cluster is less than dunder from

an existing national grid transformer or substation. Local grid electrification is

assigned if they are further than dunder from transformers or substations.

Algorithm 2 Best-fit grid type decision process for clusters.
dunder ← under-grid distance
for c in clusters:

nc ← quantity of homes in c
if nc == 1:

return SHS
else if nc > 1:

d = distance from c to nearest transformer or substation
if d ≤ dunder :

return Grid extension
else if d > dunder :

return Local grid

6.1.2 Topology Estimation

Grid topologies are next estimated for electricity communities. A two-stage graph

theory process is applied, wherein lower-voltage distribution grids and higher-

voltage interconnection or transmission grids are constructed separately then

considered together.

Distribution

The distribution grid for each electricity community requiring grid extension or an

autonomous local grid is treated as a graph, where homes are nodes and the paths

between them (i.e. conductors) are edges. An undirected fully-connected graph

is first calculated as a Delaunay triangulation of all building locations within an

electricity community. The edges of this graph are weighted by the distance between
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the homes at either end-point. Then, the minimum spanning tree (MST) of the

graph is then calculated using Kruskal’s algorithm [296]. The MST is treated as the

distribution network estimate which uses the minimal possible conductor distance

to implement, since it connects all homes in the community at a theoretically

minimal distance cost. A purely radial distribution network is also generated for

each electricity community, and treated as the maximum bound for conductor

distance required. This is generated by connecting each home in an electricity

community to its cluster centroid.

Interconnection

To estimate how electricity communities may become interconnected, an undirected

fully-connected graph of community centroids is next calculated as a Delaunay

triangulation of community centroids. An MST of the centroids is then generated

using Kruskal’s algorithm on this graph, where community centroids are nodes and

edges are interconnection lines. The resulting network interconnects the clusters

with the theoretical lowest possible cabling distance. A high-end radial estimate

is not considered for interconnection, as this is highly unrealistic.

6.1.3 Context-Appropriate Generation and Storage

Generation and storage types are selected to meet demands in communities requiring

local grids. To facilitate this, demands are estimated using the methods described in

Chapter 5, including the expansion to estimate low, middle, and high-end demands as

discussed in Section 5.3.5. GIS-based analysis of generation potentials and weather

is then undertaken at cluster locations to select generation and storage types which

can meet demands. Solar and wind generation resource potentials are retrieved from

GlobalSolarAtlas, GlobalWindAtlas, and Renewables.Ninja [54–56] and analysed

for their relative strength and suitability. Potential for hydro development is

evaluated based on the International Renewable Energy Agency (IRENA) African

Renewable Electricity Profiles for Energy Modelling (AFREP) database [297]. If

no opportunities for hydro development are highlighted within a 3 km radius of
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the community under consideration in this database, then hydro is disregarded

as a possible generation type. Weather patterns at each community location are

also retrieved from Renewables.Ninja and visualised to better understand potential

impacts of diurnal or intra-annual variance in renewable resource potentials on

generation feasibility. While other thermal generation types (e.g. diesel) could be

included in this analysis, as stated in Chapter 1, this thesis focuses on renewable

electrification, so this option is disregarded.

6.1.4 Demand and Design Pathways

As discussed in Chapter 5, there is a trade-off between generation and storage

capacity, expected grid reliability, affordability of electricity to the consumer, and

the frequency of grid expansion or retrofitting. A method is therefore developed to

map demand evolution trajectories through the “design point space” of generation

and storage sizes. This is used to chart paths for demand growth via modular

expansion or reliability reduction.

As an industry standard in micro-grid generation and storage optimisation,

HOMER is first used to optimize the sizing of the selected generation and storage

types for each cluster for lowest net present cost. This is done for low-end, mid-

level, and high-end demands calculated using the methods described in Chapter

5. Costs per kW of generation components are retrieved from IRENA [298], and

costs per kWh for battery storage are taken from United States National Renewable

Energy Laboratory (NREL) benchmarks [299]. These benchmarks define different

costs for residential (i.e. 4 kW to 7 kW), commercial (i.e. 100 kW to 2 MW), or

utility-scale (i.e. 5 MW to 100 MW) systems; the appropriate level is selected

based on the demand estimates for the cluster under consideration. The remainder

of parameter configurations in HOMER are routine for local grid optimisation;

details are included in Appendix D.

After cost-optimal generation and storage sizes are found, the levelized cost of

energy1 (LCOE) is calculated over a search space of generation and storage extending
1Note that LCOE calculations in HOMER do not account for distribution grid installation and
conductor costs. As such, they are an underestimate.
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outwards. For instance, in the case where a 10 kW of generation and 10 kWh of

storage are optimal, a search space from 1-100 kW of solar and 0-99 kWh of batteries

is simulated. LCOE at each design point is visualised for each demand estimate.

Overlaps in these design point spaces are identified to understand the affordability

impact of oversizing a system to accommodate future demands. This enables the

selection of an initial design point, either to meet current needs (thus requiring future

modular expansion) or to meet future needs (thus reducing present affordability).

The feasible space for each demand level is limited by affordability constraints

which represent energy poverty prevention. An energy expenditure budget is

defined as a maximum of 10% of household expenditure in the region under study2

to prevent energy poverty. This is translated into a maximum affordable cost

per kWh based on the demand estimate considered and compared to the LCOE

results across the design space. Here, LCOE figures greater than this cost per

kWh are eliminated from consideration as economically unfeasible. If desired, they

could instead be kept under consideration with a caveat that they will necessarily

require subsidy to remain feasible.

It may be impossible to design a system which is both affordable in the present

and fully reliable in the future. The effect of reducing capacity in high-end demand

cases is therefore studied to observe whether the feasible design space for high-end

demand can be expanded inwards towards lower capacity generation and storage

at lower cost by introducing reliability risk. A capacity shortage percentage is

introduced in HOMER simulations to investigate this, defined as the total capacity

shortage (in kWh/year) divided by the total annual electric load (in kWh/year).

For instance, a capacity shortage of 1% allows for systems which can provide 99% of

the energy requirements (kWh) of the input load profile to be considered. Typically,

this results in peak shaving on outlier days with low generation potential. For

instance, given the stochasticity of the load profiles used, there could be a particular

load peak which occurs on a remarkably cloudy day. To provide full reliability (i.e.

0% capacity shortage) on this outlier day would mean installing far more battery
2This can be retrieved from an LSMS, IHS, or another context-specific survey.



6. Spatial Design of Appropriate Electrification 163

capacity than is typically needed at high expense. However, by introducing a small

acceptable capacity shortage, which would result in a small amount of lost load

during this outlier peak, perhaps a much more affordable system design can be

implemented while retaining most of the benefit to the community.

Results are analysed to estimate the feasibility of modular generation and storage

expansion which preserves affordability as demand grows. Modular expansion

pathways are planned by assuming that demands will start closer to the low-

end estimate and proceed to mid- and high-level estimates over time. The cost

of expansion is calculated based on the cost of the net addition of generation

and storage elements required to reach the inner boundary (i.e optimal design

point) of the next demand level. As this will occur in the future, this is based on

future projections of technology costs, which can be drawn from the NREL annual

technology baseline [300] or cost projections [301] among other possible sources.

Finally, these results are augmented with conductor costs and land-use feasibility.

Given the expected demands to be met by the system, a distribution voltage

can be estimated, and costs for aluminium conductor steel reinforced (ACSR)

or other conductor type can be calculated based on distribution grid distances

previously generated. These cost can then be used to adjust LCOE to a more

expected level based on the full bill of materials cost. As renewable generation

installations can require significant land use and particular land types, the land

requirements to install the generation required at the initial design point and any

subsequent modular expansions are also evaluated and cross-checked with land

use data from OSM or Copernicus. The likelihood of adequate land availability

near each cluster to implement required generation capacity is evaluated to ensure

practicality of the demand trajectory.

6.2 Case Study Results and Discussion

These methods are demonstrated in a case study region in the Northern province of

Sierra Leone containing a number of small communities over an area of 32.8 km2.

Homes are located in this area in Chapter 3; there are a total of 335 home locations
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Figure 6.4: Case study area containing home locations (shown as white dots) identified
through citizen science in Chapter 3.

identified. The case study area is visualised in Figure 6.4, overlaid with the home-

level location data collected in Chapter 3.

Stage 1: Clustering

Home locations are first clustered with DBSCAN as outlined in Section 6.1.1. It

is selected to use minPts = 5 as a minimum estimate for the amount of homes

that may be feasible with the smallest possible communal electrical infrastructure.

Using the ε tuning heuristic, the knee of the k − dist plot is found to be 76.8 m, as

illustrated in Figure 6.5. As such, home locations are clustered with ε = 76.8 to

produce the results shown in Figure 6.6a. This results in 12 natural and distinct

visible clusters, and 11 homes classified as outliers.

The homes are also clustered using DBSCAN with ε set to the policy-defined

dunder of 200 m in Sierra Leone. The clustering results, shown in Figure 6.6b, do not

change very much, as the homes in this case are generally grouped in closely-packed

communities with large gaps (e.g. > 200 m) in between. However, two small changes

can be noted. First, two clusters identified individually in the ε = 76.8 case merge

into one cluster when ε = 200. This can be seen as the pink and green clusters
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Figure 6.5: K-dist plot for the case study (k = 5 = minPts) with the knee point identified.
The knee of 76.8 m is used as ε in DBSCAN.

in Figure 6.6a becoming a single pink cluster in Figure 6.6b. Additionally, some

outliers identified in the ε = 76.8 case merge into clusters in the ε = 200 case –

see, for instance, the royal blue cluster in Figures 6.6a and 6.6b. Clustering with

ε = 200 creates 11 clusters as opposed to the 12 found using the ε = 76.8 and

excludes six homes as outliers compared to 11 in the ε = 76.8 case.

While the results for the tuned and under-grid cluster cases are similar, one

set of clusters must be used going forward in the design process; the tuned cluster

set (i.e. ε = 76.8) is selected to be carried forward.

A spatial best-fit grid type is selected for each of these clusters based on their

size and distance from existing grid infrastructure. As outlined in Algorithm 2, all

outliers (i.e. cluster size one) are assigned stand-alone SHS systems. Clusters with

more than one household are evaluated to see whether they are located within dunder

of existing transformers and substations. Existing grid infrastructure is not within

dunder for any of these clusters; so, each is specified as best-suited to a local grid.
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(a) Tuned: ε = 76.8 m, 12 clusters. (b) dunder: ε = 200 m, 11 clusters.

Figure 6.6: Clusters identified in the case study area using DBSCAN with (a) ε = 76.8 m
based on the tuning heuristic and (b) ε = 200 m based on policy-defined under-grid
distance in Sierra Leone. Clusters are each a different color; outliers are shown in black.

Stage 2: Topology

Distribution grids are next estimated for these clusters. The MST approach outlined

in Section 6.1.2 is first applied to generate estimates which bound the low-end of

required conductor distance. A radial approach is also taken to gain a high-end

conductor estimate. Resulting conductor lengths required in each cluster for MST

and radial approaches are provided in Table 6.1. Finally, an interconnection grid

is estimated for the local grid clusters. This is shown in Figure 6.7 alongside two

inset examples of the MST-based distribution grids. The interconnection network

would require 12 km of conductor to connect all clusters in this area.

To validate the use of the MST as a low-end conductor estimate for distribution

grids, a mid-level conductor estimate is also generated by connecting all homes

in each cluster via drop lines using conductor following roadways. An example

is shown in Figure 6.8. The conductor length for these grids (droad) is compared

with the conductor length of the MST-based grid (dMST ) for all communities. The

results are also shown in Table 6.1. Depending on the cluster considered, droad is

between 10% and 90% larger than dMST . The sum of droad across all clusters is

35% longer than the sum of dMST . Amongst clusters, the gap between dMST and
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Figure 6.7: Interconnection lines in the case study area with two examples of minimum-
spanning-tree-based distribution grids inset.

droad is smaller in more linear communities with homes closer to roads, and larger

in communities with homes deeper set from roads. The MST is thus shown to be a

good low-end estimate. To convert it to a more realistic estimate based on these

results, dMST can be multiplied by a factor of 1.35 on average.

Stage 3: Generation and Storage selection

As the remainder of spatial design is undertaken for each cluster individually, results

for one cluster are presented as an example. This is cluster four in Table 6.1, or the

orange cluster shown in Figure 6.6 and 6.8, hereafter referred to as C4.

A high-end demand estimate is generated for C4 using the methods proposed

in Chapter 5. The alteration to these methods proposed in Section 5.3.5 is used
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Table 6.1: Distribution conductor lengths for each cluster using the minimum spanning
tree approach (dMST), the road-following (droad) approach, and the radial (drad) approach.
The number of homes in the cluster (n), the length of conductor required per home in the
minimum spanning tree case (dMST/n) and the ratio of the road-following length to the
minimum spanning tree length (droad/dMST) are also listed.

Cluster n dMST
(m)

droad
(m)

drad
(m)

dMST/n
(m) droad/dMST

0 18 229 301 574 13 1.3
1 5 66 75 82 13 1.1
2 9 234 434 456 26 1.9
3 36 571 727 2,419 16 1.3
4 133 2,169 3,075 23,472 16 1.4
5 10 138 213 230 14 1.5
6 14 223 303 531 16 1.4
7 26 506 636 2,701 20 1.3
8 22 552 728 1,642 25 1.3
9 10 170 217 348 17 1.3
10 28 421 491 1,640 15 1.2
11 13 299 355 703 23 1.2

to generate low-end and mid-level estimates. The low-end estimate is calculated

using the currently expected distribution of wealth quintiles in the Northern region

of Sierra Leone, while the mid-level estimate assumes an equal distribution of

the population amongst wealth quintiles. Demand is estimated over one year at

minute-level resolution. The resulting average daily load profiles for C4 are shown

in Figure 6.9. Average daily energy consumption in C4 is estimated at 53 kWh in

the low-end case, 102 kWh in the mid-level case, and 301 kWh in the high-end case.

Generation and storage types are next selected as described in Section 6.1.3.

Weather, climatic, and resource potential data are retrieved for Sierra Leone and

identified at the C4 centroid (i.e. 9°32’47.823", -12°10’9.611") from Renewables.Ninja,

GlobalSolarAtlas, and GlobalWindAtlas [54–56], and analyzed to determine the

feasibility of different generation types. As there are no opportunities for hydroelec-

tric development identified in the AFREP dataset in a 3 km radius of C4, hydro

generation is not viable. For the 10% windiest regions within a 3 km radius of the

C4 centroid, the mean wind speed is 3.98 m/s (i.e. 14.3 km/h); this is is quite low

for wind turbine operation. The average specific yield of solar PV at this cluster
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(a) Minimum spanning tree: 2,169 m

(b) Road: 3,075 m

(c) Radial: 23,472 m

Figure 6.8: Minimum spanning tree, road-based, and radial distribution grid topologies
for an example electricity community (C4) in the case study region in Sierra Leone. While
the minimum spanning tree result does not exactly resemble the road-based topology, it
is a realistic low-end distance estimate.

location is found to be 4.2 kWh/kWp per day [55], as shown in Figure 6.10. Weather

patterns in this community vary both intra-annually (based on the dry and rainy

seasons) and diurnally. Importantly, irradiance (see Figure 6.11) and cloud cover
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Figure 6.9: High-end, mid-level, and low-end average daily load profile estimates for C4.
The full range of data for each case is shown in the lighter semi-transparent band.

(see Figure 6.12) vary throughout the year, resulting in less sunny weather in the

rainy season which can limit PV generation. As described in Chapter 5, however,

this season is likely to have lighter loads due to lower air circulation needs, which

should help to compensate for the lower generation capacity. Grid sizing for C4

therefore proceeds based on PV as the selected generation type. Battery storage is

also incorporated since peak demands tend to occur after nightfall, so movement

of the solar energy in time will be necessary to satisfy this peak.

Stage 4: Cost Optimisation and Demand Trajectory Planning

PV generation and battery storage sizes for C4 are then cost-optimised in HOMER.

The cost for solar PV modules is drawn from the IRENA costs of renewable power

generation in 2020 [298]. Since specific costs for Sierra Leone are not included, costs

from India are used as an LMIC with costs available. This gives a PV module cost

of $224/kW. Battery cost estimates are taken from the NREL benchmarks [299] in

the commercial system range. These vary based on battery duration – here, the four
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Figure 6.10: Specific yield of solar photovoltaic panels in Sierra Leone, with the
approximate location of C4 marked [55].

(a) Diurnal variance (b) Intra-annual variance

Figure 6.11: Direct normal irradiance varies (a) diurnally and (b) intra-annually in C4.

(a) Diurnal variance (b) Intra-annual variance

Figure 6.12: Cloud cover varies (a) diurnally and (b) intra-annually in C4.
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Table 6.2: Cost-optimized battery and storage sizes for each simulated demand level, no
capacity shortage.

Demand PV (kW) Battery (kWh) LCOE ($/kWh)
Low-end 24.6 63 0.15
Mid-level 64.4 113 0.15
High-end 191.9 302 0.13

hour duration battery costs of $194/kWh are used. Global horizontal irradiation

(GHI) input data for HOMER are retrieved from Renewables.Ninja.

Generation and storage are optimally sized for least net present cost with full

reliability in low-end, mid-level, and high-end demand cases. The resulting optimal

PV and battery sizes, and LCOE at each size, are listed in Table 6.2. LCOE is then

determined for a design point space extending outward from each optimal point.

These spaces are limited based on affordability constraints for energy poverty

prevention. As calculated in Table 5.12, the average household in the Northern

region of Sierra Leone has a maximum monthly energy budget of 33,400 Le before

energy poverty risk. This translates to a different tariff cap depending on the

demand level considered; a monthly average usage of 8.0 kWh per household is

expected for low-end demands, while 15.5 kWh is expected for mid-level demands

and 45.8 kWh for high-end demands. Based on these consumption levels, tariff caps

for energy poverty prevention for the average family would need to be 4149 Le/kWh

($0.54/kWh) for the low-end case, 2149 Le/kWh ($0.28/kWh) for the mid-level

case, and 729 Le/kWh ($0.09/kWh) for the high-end case. Comparing these tariffs

with the LCOE results in Table 6.2, it becomes clear that serving C4 at high-

end demand while maintaining a $0.09/kWh tariff cap is likely to be impossible.

Building a system to serve this demand will either be financially unsustainable,

require subsidy, or risk energy poverty amongst users. Based on these results, the

low-end and mid-level design point spaces are limited based on their respective

tariff caps (i.e. $0.54/kWh and $0.28/kWh), and it is noted that there is unlikely

to be any affordable design point to meet high-end demands at present.

The high-end optimisation is then re-run allowing for capacity shortages from 0%

to 25% in 0.1% increments to investigate of whether affordability can be improved by
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Figure 6.13: Levelized cost of energy (LCOE) achieved at lowest net present cost for
capacity shortages between 0% and 25%.

sacrificing reliability. The results are illustrated in Figure 6.13. Even with capacity

shortages up to 25%, LCOE does not reduce below $0.10/kWh. This confirms

that system designs to meet the high-end demand estimate are unaffordable to

the average household in Northern Sierra Leone at present. As expected, the high-

end estimate is aspirational and is more likely to represent future load following

income and demand growth. Observing that even a 1% capacity shortage creates a

noticeable LCOE decrease in the high-end demand case, however, the same capacity

shortage is simulated in the low- and mid-level demand cases to test its effects.

The resulting design point spaces for no capacity shortage and 1% capacity

shortage are shown in Figures 6.14a and 6.14b respectively. Note that the optimal

corner and boundary of technical feasibility expand inwards towards lower PV and

battery sizes slightly in the 1% capacity shortage case. There is significant overlap

between the affordable and feasible design point spaces for low-end and mid-level

estimated demands. As such, it would be possible to select a design which is

affordable and feasible to meet low-end demands and which can also meet mid-level

demands as electricity use increases. For instance, in the 1% capacity shortage

case, the system could be initially oversized for low-end demand at 50 kW solar

and 108 kWh storage. This increases the initial LCOE to $0.24/kWh – however,

this is still within the energy budget for energy poverty prevention at this usage



6. Spatial Design of Appropriate Electrification 174

(a) No capacity shortage.

(b) 1% capacity shortage

Figure 6.14: Feasible design point spaces for C4 at low, mid-level, and high-end demands
with: (a) no capacity shortage, and (b) a 1% capacity shortage. In the 1% capacity
shortage case, smaller systems become feasible (i.e. the corner of the feasible space moves
inward). In each case, the mid-level space is shown superimposed on the low-end space;
the location where they meet is marked with a white line for clarity. The inside corner
of each space indicates the boundary of technical feasibility, while the upper boundaries
represent affordability limits to prevent energy poverty.
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level. As demand then increases towards the mid-level estimate, the system will

still be able to meet demands thanks to its initial oversizing.

As there is no affordable way to currently meet high-level demands without

risking energy poverty, this space can be treated as a future demand target. A

modular growth trajectory between the selected design point and the cost optimised

system is suggested to eventually meet high-end needs. In the 1% capacity shortage

case, modular expansions can be planned between the 50 KW PV, 108 kWh storage

system and an eventual 132 kW PV, 302 kWh storage system to meet high-end

demands. Once the community load exceeds mid-level to the point where the initial

system has an unacceptable amount of unmet load, an expansion of 30 kW PV and

65 kWh batteries could, for instance, be added. Three such expansions would be

required to reach high-end load capacity, as shown in Figure 6.15. As the prices of

PV and batteries are decreasing over time, the costs of each modular expansion are

calculated based on component price forecasts. Using the estimate of $170/kW for

PV as per NREL advanced investment scenario [300] and $150/kWh for battery

storage as per NREL projections [301], the capital technology cost for the PV and

storage to accomplish one modular expansion in 2030 would be $14,850. This is

less than would have been paid to install this extra capacity initially (i.e. $19,330),

and is likely to be more affordable to consumers by that point.

This modular addition of generation and storage over time assumes that

conductor will be initially installed such that it will be able to accommodate

the final targeted system usage, under the premise that stranded infrastructure is

to be avoided. It could be evaluated whether replacing the conductor with a higher

rated cable as needed would be more cost effective despite the wastage – this is

left for future study. Nevertheless, in this case, wiring is specified such that it can

accommodate the worst-case power (i.e. current drawn) for the highest-demand

case. The worst case community load peak is around 30 kW. Assuming distribution

at 380 V, the maximum current on any conductor in this network would in the worst

case be around 79 A. This can be accommodated by a number of ACSR cabling

types, such as the squirrel type [302]. While it is incredibly difficult to source
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Figure 6.15: Trajectory from low-end demands to high-end demands via modular
expansion in the 1% capacity reduction case for C4. Initial design point and infrastructure
sizes following each modular expansion marked in cyan.

ACSR costs per meter without requesting a quote for purchase, assuming a rate

of $27.60/m [303] and 2,928 m (based on 2,169 m for the MST as found previously

multiplied by 1.35), distribution line for C4 will cost approximately $81,000.

Finally, land requirements to implement the system and each subsequent modular

expansion are cross-checked. Observing either satellite imagery or land-use data

from OSM, C4 is surrounded by forested land. To implement ground-mounted

PV would require finding or clearing an adequate area to place the panels without

shadowing by nearby trees. Assuming approximately 6.4 m2 of solar modules per

1 kW capacity installed [304], the first 50 kW of PV installed would require 320 m2 of

solar panels. Neglecting the difference in size made by the optimal ground-mounting

angle of 13◦, this would require an approximate 18×18 m area over which to mount

solar panels. Assuming a 50% excess in area is required to allow room to navigate

around the installation and prevent shadowing from surrounding trees, these solar

panels could be installed in a 22×22 m area. Each 30 kW expansion of installed PV

would require an additional 192 m2 of solar panels, or a 17×17 m area to allowing for

50% excess space beyond solar panels. These area sizes are feasible given the amount



6. Spatial Design of Appropriate Electrification 177

of available uninhabited land surrounding C4, as evident in the previous Figure 6.7.

6.2.1 Results Summary

To synthesize and summarize these results, in this case study area, it is determined

that 12 local micro-grids will be the best solution in the near-term, with 11 outlying

homes receiving SHS. These micro-grids can be eventually interconnected through a

transmission network if desired, which will require a minimum of 11 km of conductor.

Each micro-grid will be best served through a solar and battery system, given the

lack of neaby high-wind areas and hydroelectric opportunities. For each local grid,

low-, mid-, and high-end demand estimates are generated and used to optimally size

PV and storage. The LCOE of resulting grids is compared to average household

income to understand whether each demand estimate is feasible without introducing

energy poverty risk. For the example community C4, the high-end estimate is not

affordable in the near-term given local wealth distribution and expenditure levels,

while the low- and mid-level demand estimates appear feasible without energy

poverty risk. As such, a design point is selected at 50 kW of PV and 108 kWh of

storage resulting in an LCOE of $0.24/kWh for low-end demand and $0.14/kWh

for mid-level demand, allowing for a 1% capacity shortage. This design point

allows for demand growth between levels without energy poverty risk in either

demand level. High-end demand is treated as a future goal, given its current

unaffordability; three modular expansions of 30 kW PV and 65 kWh are required

to meet high-end demand. Based on projected technology costs, one modular

expansion in 2030 would require a $14,850 investment in additional PV modules

and battery storage. The micro-grid can be wired based on peak expected current

at eventual high-end demand to minimize eventual infrastructure stranding using

“squirrel” ACSR, assuming 380 V distribution.

6.2.2 Utility of the Framework

The results of this case study application demonstrate a spatial feasibility design

framework which presents actionable and concise policy-ready results. A high
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level of spatially specific detail is preserved; for instance, a much more detailed

picture of implementation requirements and future costs is generated than the

results previously presented in Figure 6.1.

This framework is implemented using scalable and accessible methodologies.

Clustering and graph theory methods are implemented to identify electricity

communities and specify initial grid designs using open-source and user-friendly

Python tools. The home-level input data to achieve this can be produced through the

scalable methods achieved in Chapters 3 and 4. GIS analysis of generation potentials

is undertaken using open-source datasets (i.e. AFREP, Renewables.Ninja), platforms

(i.e. GlobalSolarAtlas, GlobalWindAtlas), and software (i.e. QGIS). Optimisation

of generation and storage sizing and costs is accelerated through HOMER, an

industry-standard micro-grid design tool, for which commercial licenses are available

at approximately $500 per year, which should be feasible within the context of

governmental budgeting for electrification planning. Demand estimates required to

facilitate sizing are produced using openly-available MICS and IHS data, alongside

the open-source RAMP modelling framework as described in Chapter 5.

One strength of this framework is that it can be tailored to the design philosophy

of the electrification planning team. That is, the design philosophy is not “hard

coded” into the modelling framework. The pathway selection presented in the

case study above assumes a “least-regrets” philosophy which aims to minimize

asset stranding and retrofitting frequency by affordable initial oversizing. This is

a choice made by the designer, and not inherent to the methodology. In some

cases, stranded assets may indeed result in a least-cost system, and the designer

is free to choose to strand assets by instead applying their own design philosophy.

Indeed, the same pathway design approach could be applied by selecting the lowest

cost point in each demand level, requiring more frequent retrofitting with modular

generation and storage increases. Similarly, conductor capacity could instead be

selected to only accommodate initial load and not high load, which would in turn

require re-wiring the distribution grid at each modular increase but would make
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the grid cheaper in earlier stages. These design philosophy choices can be made

by the designer, based on their goals and constraints.

Inherent to this framework however is the notion of demand growth autonomy.

While the designer may evaluate potential demand growth pathways to estimate

costs, this framework necessarily presents spaces of choices and not discrete futures.

Modular additions can be implemented if and as needed by the community using this

framework, allowing communities to grow their usage as they desire. Low, middle,

and high-end demand estimates are not tied to specific times in the future; they

simply estimate how demand may grow as wealth shifts over time. The particular

trajectory through the feasible design point spaces can be in effect co-designed

through the community and the designer over time as needs evolve.

6.2.3 Current Limitations and Future Expansions

Most of the discussions of affordability of energy in these results focused on the

notion of a price-per-kWh tariff. However, this may not be the best tariff option

for newly electrified communities in practice. A price-per-kWh structure may

depress load amongst newly connected poor consumers seeking to minimize their

bills, preventing upward demand mobility.

An alternative price-for-peak-power tariff structure can be considered based on

the energy budget for the average household in Sierra Leone. For instance, the

energy budget of 33,400 Le (i.e. $4.33 USD) could represent a standard, flat-rate

monthly tariff for any usage of appliances at or below a designated medium level

of peak power consumption (i.e. televisions, fans). For lower-income families, a

lower flat-rate tariff could be introduced permitting only low-powered appliances

(i.e. lighting and charging), and for high-income families, a higher-power tariff

could be introduced permitting higher-powered appliances (i.e. refrigeration and

ironing). Importantly, these tariffs could allow unlimited use of such appliances

to encourage increased energy usage. Another potential modification could be

to allow special rates for those who wish to use high-powered appliances strictly

outside of the peak evening window. This could be useful for, for instance, businesses
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seeking to run mills or irrigation pumps during the day, when solar generation is

more plentiful and power usage is not peaking. Such tariffs could be considered to

encourage upward demand mobility and efficient use of power generated through

renewable variable sources, and merit future study.

A number of aspects of topology design merit future study to enhance this

approach. First, distribution and interconnection lines are more likely to follow

existing roads than to pass through more difficult terrain (i.e. forests) or through

private property. This will be lower cost than clear-cutting new paths for pole

installation in vegetated areas or acquiring land rights or negotiating construction on

privately-owned land. Similarly, routing lines through certain geographic features

(i.e. waterways, natural protected areas such as national parks) entails higher

costs and more difficult permissions processes than if these are avoided. It can be

explored how to incorporate this cost in MST graph construction by raising the

weight of Delaunay triangulation edges which intersect with these features using

a cost function. This could discourage the MST from selecting these pathways

and thereby optimise for a more realistic least-cost system instead of a minimum

theoretical least-distance system.

Additionally, the notion that the road-based grid distance was found to represent

approximately 135% of the MST of the Delaunay triangulation here was an

interesting and useful result. However, obviously, this is found over a small case

study area. It would be interesting to study this over a broader region, and over

different contexts, to test where it holds true more generally. A set of correction

factors for conductor distance could, for instance, be generated over different

community configurations and geographic scopes.

There are also improvements to be made in terms of component costing. First,

the results presented here assumed ground-mounted solar, but solar PV can also

be installed on distributed rooftops. It could be studied, for instance, whether

any community cluster has adequate feasible roof space to meet its energy needs

through rooftop PV using the sizing of the roof footprints generated in the citizen

science effort in Chapter 3. Second, across all grid technologies, cost projections
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vary significantly based on the source consulted, and can be difficult to find at

all for certain components (i.e. ACSR). As always, the results of a modelling

method depend on the input parameters selected, and any uncertainty in these

manifests as uncertainty in results. As such, in re-applying these methods, cost

figures should be chosen carefully and from robust sources wherever possible. A

sensitivity analysis of these methods for variance of inputs is an important avenue

for future work. Finally, it is worth noting that the LCOE calculations used to

limit system affordability do not take the conductor costs into account. These

LCOE calculations, completed in the HOMER optimisation process, are based on

the generation and storage bill of materials. Integrating conductor costs would

therefore further limit the size of each feasible space, at it would raise the total

system cost. This is left as a future expansion.

Further study is also needed on the capacity shortages introduced in mini-grid

sizing. While allowing for a small capacity shortage can help to save money, it needs

to be studied whether the resulting short outages or unmet loads are acceptable

in the community context. Perhaps particular peak loads are absolutely necessary

to the community – for instance, peaks caused by higher powered productive use

technologies which drive the community economy. Even a small capacity shortage

which affects these technologies could have a strong impact on local incomes and may

be unacceptable, particularly if outages could damage productive use equipment.

No consideration was given to the timing of capacity shortages in this study, or to

which loads would be shed to enable them; this was handled as part of the internal

optimisation in HOMER. However, future work should consider this explicitly to

ensure that load is shed at times which are acceptable to the community.

6.3 Key Outcomes

This chapter has proposed a spatial design framework to account for home-level

specificity in scalable spatial electrification design. This framework integrates

electricity community clustering, graph-theory-based network estimation, GIS
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analysis for generation and storage specification, and cost optimisation for design-

point selection and pathway planning.

The framework has been applied in a case study region in Northern Sierra Leone.

It is determined that 12 local micro-grids will be the best electrification solution

for this region in the near-term, with 11 outlying homes receiving SHS. Within

this region, sizing is presented for a specific community cluster, labelled C4. Via

cost optimisation and mapping of the design point space for C4, an initial design

point of 50 kW of PV and 108 kWh of battery storage is selected to meet both

low-end and mid-level demands without energy poverty risk. To accommodate

high-end demands in the future, three modular expansions of 30 kW PV and 65 kWh

of storage can be installed as demands evolve.

This framework is shown to account for home-level settlement configuration

using realistic data inputs and scalable low-cost methodologies. It navigates the

transition between preliminary grid type scoping and local detailed planning by

offering a feasibility-level scalable design solution.
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7.1 Concluding Discussion

This thesis has endeavoured to address the question:

Can we design affordable electricity access systems suited to local spatial context

and needs at the scale required to close the global electricity access gap?

Given the enormity of this question, it has been broken down into four constituent

sub-questions, three of which address data gaps and one of which addresses design

processes. First, can rural off-grid populations be accurately mapped for electrical

system design? Second, can methodologies be developed to accomplish this mapping

rapidly at a global scale? Third, can the diverse energy needs of these populations be

estimated with spatial specificity? And finally, can appropriate least-cost electrical

systems be designed to match community spatial context?

In answering these questions, approaches to tackle each have been developed

which can be synthesized into a unified and scalable spatial design process, as

183
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illustrated in Figure 7.1. First, accurate and complete home-level spatial data,

a key input to the electrical design process, are collected through citizen science.

These data are scaled to achieve global coverage rapidly and at low cost through

computer vision. Demand is estimated from the bottom-up using existing large-scale

datasets accounting for spatial specificity and intra-community diversity. Finally,

grid types and technologies are designed using a practical spatial pipeline using

clustering, graph theory, GIS, and cost optimisation to generate policy-ready and

actionable rural electrification designs at scale.

Locating Potential Consumers

It is impossible to design appropriate electricity access systems without first knowing

where off-grid populations are located. Without accurate, complete, and up-to-date

location data, the number of potential connection points is unknown, so demand

cannot be estimated accurately and generation and storage cannot be sized correctly.

Connection point locations are required to design a best-fit grid topology based

on the configuration of settlements, which vary hugely in rural off-grid areas of

LMICs. Surveying state-of-the-art georeferenced data sources, there is a gap for

home-level location data which are accurate, complete, and up-to-date to enable

spatial design of electricity access systems tailored to community context.

To address this data gap, this thesis first tests citizen science as a means

to map rural homes in LMICs. Satellite imagery is used as input data in a

citizen science mapping experiment which engaged members of the public to

annotate homes in satellite imagery of rural Kenya, Sierra Leone, and Uganda.

The project, called “Power to the People”, was executed successfully and mapped

approximately 1,267 km2 at an average rate of 7 km2/day over the course of 179

days. Citizen science home annotations achieved a recall of 93% and precision

of 49%, which could be increased to 69% through clustering. The estimated cost

for this approach is $20.84/km2. Through an evaluation survey, it was found

that this approach adheres to the principles of citizen science by providing an
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enjoyable, educational, and beneficial experience for citizen contributors. This

work answered the first sub-question.

While the proposed citizen science mapping approach offered improvements

over conventional methods, it did not achieve speeds and costs appropriate to the

size and urgency of the full global electricity access gap. For instance, to map the

entire rural area of LMICs globally at these rates would take 30,000 years and cost

over $1.6 billion. While it can be argued that this would be financially worthwhile,

the infeasibility of the time constraint is hard to debate. Even accounting for the

possibility that extra citizen scientists could be recruited to accelerate the process,

over 200 million volunteers would need to be mobilized to map the entire rural area

of LMICs at home level within a year, which is highly unrealistic compared to the

volunteer base on even the most popular citizen science efforts.

Computer vision is therefore explored as a means to accelerate home level

mapping at low cost to achieve global scale. A Faster R-CNN object detection

model was trained to map rural homes in Kenya, Uganda, and Sierra Leone using

satellite imagery and citizen science annotations as training data. The trained

detector achieved a precision of 67% and recall of 36% when trained on the clustered

citizen science annotations; recall could be improved to 57% by training on raw

annotations instead of annotation clusters. It achieved home-level mapping at a

rate of 42,938 km2/day. While an initial investment in training data and computing

infrastructure is required for this method, as the area mapped expands, the costs

per km2 rapidly approach the cost of the input satellite imagery (here, $10/km2).

This work answers the second sub-question by generating a proof-of-concept for

the ability of computer vision to rapidly map homes at a global scale.

Estimating Demands With Spatial Specificity

To design affordable electricity access systems of an appropriate size, one must

also understand the anticipated needs of the off-grid consumers. These vary

spatially based on cultural variance and the distribution of wealth among other

factors. If these needs are under-estimated, the system could quickly become
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damaged by outsized loads, requiring near-immediate retrofitting. If these needs

are over-estimated, the resulting system could be unaffordable to consumers and

implementers alike, exacerbating system underuse and the increasing the likelihood

that community members elect not to connect to the system.

Surveying the literature, stochastic bottom-up engineering-based demand esti-

mation emerges as the most appropriate approach to understand electrical needs in

rural off-grid LMIC contexts. However, high-resolution input data for such methods

(or means to collect these) are scarce. There is a paucity of accurate and spatially

specific appliance time-of-use data in LMICs, which are typically used as an input in

stochastic bottom-up demand estimation in HICs. Costly local surveys can be used

to fill these data gaps by asking off-grid community members about their energy

needs and aspirations directly. However, the resulting data are often inaccurate, as

off-grid communities tend to often overestimate their future consumption given their

limited experience with electricity. A gap was therefore identified for spatially specific

demand estimation approaches which account for the diversity of needs within and

between communities, and which produce realistic estimates quickly and cheaply.

To address this, a spatially specific demand estimation approach is developed

for rural off-grid communities leveraging existing georeferenced empirical data from

large-scale development surveys. MICS data on appliance ownership are used as an

input data source for stochastic bottom-up demand estimation. Through a case

study application of this approach in Sierra Leone, which leverages the 2018 MICS

dataset and the RAMP stochastic demand estimation framework, the underlying

premise of spatial variance in demands is validated, and a realistic and spatially

specific demand estimates are generated for synthetic communities representing

each region of Sierra Leone. This work thereby addresses the third sub-question.

Scalable Home-Level System Design Including Future Pathways

Finally, spatially specific location and demand data are applied in design. Existing

models for off-grid electrification design typically fall into one of two categories:

(1) local-scale generation and storage sizing and optimisation; or (2) large-scale



7. Conclusions 188

grid-type optimisation over units of land area. The first type typically assumes

that the number of connections is known to the designer, while the second does

not take settlement style or grid topology into account when selecting types. Some

methods attempt to do handle both local and large-scale considerations, but these

require inordinate data inputs and have high computational complexity.

This thesis therefore proposes a practical spatial design framework to generate

feasibility-level grid designs which account for settlement configuration. DBSCAN-

based clustering and hyperparameter tuning methods are applied to identify

electricity communities best suited to unified architectures. Then, graph theory is

used to generate topology estimates, wherein the MST of the Delaunay triangulation

of connections is treated as a lower bound on conductor required, and a radial

connection to a hub at the community centroid is treated as an upper bound on

conductor required. A similar MST between cluster centroids is used to propose

an eventual cluster interconnection network. GIS-based analysis of generation

potentials is applied to select appropriate generation types at the cluster location.

Cost optimal generation and storage sizes are then identified to account for low-end,

mid-level, and high-end estimated demands in the cluster, and the boundary of

technical feasibility to meet these needs is located. An affordable and feasible space

of generation and storage design points is generated for each demand estimate,

and LCOE is visualised over this. This allows the identification of overlaps, cost

impacts, and pathways for modular grid expansion. This framework is low cost

and uses publicly available data. It can be automated over a desired geographic

area. This work thus addresses the final sub-question.

Thesis Contributions

This thesis has resulted in the following contributions and publications:

1. A novel dataset of underrepresented home styles in rural Kenya, Sierra Leone,

and Uganda. This can be directly applied in GIS analysis or used with

accompanying VHR EO satellite imagery to train automated building detection

and mapping algorithms (Chapter 3).
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• Leonard, A., Wheeler, S., McCulloch, M. (2022). Rural Home Annota-

tion Dataset Mapped by Citizen Scientists in Satellite Imagery. Data in

Brief, 42, doi: 10.1016/j.dib.2022.108262

• Leonard, A., Wheeler, S., McCulloch, M., (2022), “Rural Home An-

notation Dataset Mapped by Citizen Scientists in Satellite Imagery”,

Mendeley Data, V1, doi: 10.17632/xw6gr8p2cn.1

2. The application of citizen science and computer vision to rural off-grid dwelling

mapping for electrical system design. These methods are shown to suit the

universal electrification problem at differing scales (Chapters 3 and 4).

• Leonard, A., Wheeler, S., McCulloch, M. (2022). Power to the people:

Applying citizen science and computer vision to home mapping for rural

energy access. International Journal of Applied Earth Observation and

Geoinformation, 108, 102748, doi: 10.1016/j.jag.2022.102748.

• Leonard, A., Wheeler, S., McCulloch, M. (2022). Evaluating “Power

to the People”: Best practices for positive community impact in remote

mapping citizen science projects. Preprint available at SSRN 4052549,

doi: 10.2139/ssrn.4052549.

3. The application of large-scale socioeconomic and demographic datasets in

stochastic bottom-up demand estimation for Sierra Leone (Chapter 5).

• Leonard, A., Wheeler, S., McCulloch, M. (2022). Estimating Potential

Electricity Demand in Low-Income Countries: A spatially-disaggregated

stochastic approach illustrated in Sierra Leone. 17th Conference on

Sustainable Development of Energy, Water, and Environment Systems.

(Accepted – forthcoming).

4. A framework of spatial methodologies for spatial feasibility design of rural

electrification systems (Chapter 6). This framework uses the previously

generated location and demand data.
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• Leonard, A., Wheeler, S., McCulloch, M. (2020, August). Geospatial

Clustering and Network Design for Rural Electrification in Africa. In

2020 IEEE PES/IAS PowerAfrica (pp. 1-5). IEEE., doi: 10.1109/Pow-

erAfrica49420.2020.9219908.

5. An approach to map feasible design points for generation and storage in

autonomous rural electrical systems and chart the design implications of

demand evolution over time, including effects on affordability (Chapter 6).

(Publication forthcoming.)

General remarks

Underlying the work of this thesis is the power of spatial data analysis to connect

qualitative and quantitative elements of electricity access system design. Spatial

data and approaches bridge the gap between the contextual and the quantifiable.

They can translate across traditional research disciplines by rooting scientific and

social phenomena in a geographic context. This is powerful in the pursuit of

universal electrification, given the tension of local specificity and global scale which

requires qualitative social awareness and generalizable quantitative methods.

While the full spatial design process presented in this thesis may appear complex

(see Figure 7.1), it is earnestly intended to be practical, cost-effective, and scalable,

ready to be deployed by policy-makers planning electrification in LMICs. The

“recipe” for this analysis can be applied as follows.

1. Acquire data: Download satellite imagery, MICS data, OSM data, renewable

energy potentials, land use data, and locations of existing grid infrastructure.

2. Locate homes: Review the existing OSM building location data. If gaps exist,

homes must be located. If appropriate home-identification training data for

computer vision is available online, immediately train a detector and map

the area with computer vision. If not, run an online citizen science project to

map (samples of) the area and then scale the mapping with computer vision.
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3. Identify electricity communities: Cluster the home locations to identify

communities requiring unified electrical systems. Assign each cluster a

technology type based on its proximity to grid infrastructure and size.

4. Study appliance ownership and wealth distribution: Analyse MICS data to

determine spatially-disaggregated appliance ownership patterns and wealth dis-

tribution across the region of interest. Analyze regional household expenditure

data to set tariff price limits for energy poverty prevention.

5. Estimate demand: Estimate demands by applying MICS appliance ownership

data and stochastic bottom-up engineering estimation to the number of

households in the cluster. Generate additional estimates by adjusting the

wealth distribution to represent possible low-, mid-, and high-level demands.

6. Select generation and storage types: Analyze generation potentials at the

location of interest from spatial climactic and topographic data. Compare

site-specific infrastructure costs for each. Select types based on feasibility and

cost thresholds specific to the context.

7. Optimize generation and storage size: For each cluster and each estimated

demand level, find the cost-optimal generation and storage size. Identify the

boundary of technical feasibility to meet demands (i.e. the curve through the

storage and generation size plane beyond which demands can be met).

8. Simulate costs over feasible and affordable design space: Simulate costs

extending outward from the boundary of feasibility. Limit the space based on

expected affordability of the energy to those in the region. If the space for a

certain demand estimate contains no area once it is affordability-limited, it

can be assumed that this level of demand is unrealistic at present; instead, it

is a future goal for demand expansion after wealth increase.

9. Chart design pathway: Select an initial design point based on the desired

philosophy (e.g. least present cost, least regrets, longest time before retrofit).

Chart a possible modular expansion or reliability reduction pathway to enable
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autonomous community-led demand growth. Calculate resulting tariffs using

either a price-per-kWh, price-per-peak-power, or other tariff structure.

7.2 Future Work

Throughout and as a result of this work, the following areas have been identified

as avenues for further research:

Citizen scientist behaviour and performance: In Chapter 3 it was found

that, when locating homes, citizen scientists sometimes interpreted instructions

differently or opted not to follow certain steps of the annotation workflow. The user

experience of citizen science projects could be studied via A/B testing in future

work to determine which tool types and instructions improve their understanding

and thereby data quality. Additionally, the annotation abilities of citizen scientists

were found to be superior to paid alternatives like Amazon Turk workers. It could

be investigated whether this is due to emotional investment in the scientific process,

lack of time pressure amongst volunteers compared to paid workers, or other possible

reasons through surveys or interviews with contributors.

Citizen science in public service applications: By definition, citizen science

typically focuses on academic scientific projects. However, the results of the citizen

science mapping effort and subsequent evaluation survey in Chapter 3 indicate that a

significant portion of the citizen science community are motivated by the possibility

of real-world application and impact. As such, it would be interesting to experiment

with citizen-science-style projects in the public service realm to enable humanitarian

response, infrastructure design, and so on. This is an exciting avenue for future study.

Computer vision performance improvements: To improve the results achieved

by the computer vision algorithm in Chapter 4, a number of training data post-

processing choices could be tested. For instance, since crowded images had the

lowest-quality citizen science annotations, it would be interesting to exclude these

from training, and test whether computer vision algorithms trained only on non-

crowded images could still accurately detect homes in crowded images. Alternatively,
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it could be tested whether clipping images closely around the annotations used

for training could minimize the number of non-labelled homes the algorithm was

exposed to as “false” samples. This could also create class imbalance issues between

positives and negatives, and so this must be accounted for in experiment and

testing. Since the detector trained in this work also performed poorly in certain,

but not all, agricultural contexts, it could be investigated which contexts present

particular challenges for home detection, and whether this is due to data imbalances,

challenging backgrounds, or other factors. This could be accomplished by evaluating

detector accuracy across particular data subsets. Additionally, separate detectors

could be trained on a per-country or per-context basis (e.g. agricultural, refugee,

clustered community) to determine whether this would improve accuracy..

Appliance type diversity: In the demand estimation approach developed in

Chapter 5, each instance of each appliance was modelled identically for each type

of user. No variance was included to account for different versions of the same

appliance (e.g. with different power ratings). Such variation is likely in practice, and

its impact on demand estimates represents an interesting avenue for future study.

Appliance acquisition priority: The results of the appliance ownership analysis

completed in Chapter 5 indicate a potential sequence of appliance acquisition.

However, this was not confirmed, as the date of appliance purchase was not recorded

in MICS. It would be interesting to investigate whether this appliance acquisition

order holds true, and the time between acquisitions, to enable better future demand

growth planning. Additionally, it was noted that rural customers were more

likely to not acquire appliances (besides lighting) compared to urban customers.

It should be investigated whether affordability, accessibility, cultural norms, or

some other factor are encouraging rural Sierra Leoneans not to acquire appliances

following electrical connection.

Sensitivity analysis: An analysis can be undertaken to verify the sensitivity of

the stochastic demand estimation approach developed in Chapter 5 to its input

data. While MICS data is likely to be highly accurate, data collected through



7. Conclusions 194

expert interviews are less certain. By evaluating whether the approach adopted is

particularly sensitive to certain parameters, time can be better invested in verifying

the most critical input data to obtain more precise demand estimates.

Conductor length approximation: In Chapter 6, road-based distribution

network estimates were found to be 35% longer on average than the MST of

the Delaunay triangulation of homes. It would be interesting to study whether

this proportionality holds true in different contexts, and if not, to generate a series

of proportionality constants appropriate to different settlement types to enable

more accurate conductor distance estimates. Alternative distance types, such

as the Manhattan distance, could also be explored in terms of their similarity

to the road-based estimate.

Interconnection to accommodate demand growth: The demand trajectory

mapping in Chapter 6 primarily investigated modular expansion and capacity or

affordability reduction as mechanisms to accommodate demand growth. One factor

which has not been explored is interconnecting initially autonomous systems to meet

growing demands. With the increased diversity from a larger consumer base, there is

the possibility that increased demands could be met without additional retrofitting

or with lower-cost expansions. This option should be investigated in future study.

Tariff structures to promote demand growth: The demand growth planned

for in Chapter 6 can be limited by standard price-per-kWh tariffs, which can depress

the demand of poor households living hand-to-mouth. Novel tariff structures based

on peak allowed power usage, time of day in which usage is allowed, or both can be

investigated as mechanisms to allow demand growth without major tariff increase,

promoting upward energy mobility and consequent beneficial development outcomes.

Capacity shortage timing: Introducing a small capacity shortage during mini-

grid sizing can create more affordable energy access, as discussed in Chapter

6. However, it should be studied whether such shortages are acceptable to

the community. If there are particular productive use technologies critical to

the community economy which can be damaged by load shedding, it should be
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investigated whether adequate non-essential load can be dropped to keep this

equipment online despite the capacity shortage.



Appendices

196



A
Evaluation Survey Questionnaire

Power to the People: Your feedback

Page 1: The Power to the People team needs your feedback!

We are evaluating the Power to the People project to better understand the following:

• Who is contributing to Power to the People and why do they choose to engage?
• What are the impacts of engaging with Power to the People for our contributors?
• What are the benefits and challenges of contributing to Power to the People?

We want to hear your feedback so we can improve Power to the People and do better
citizen science in the future. Please complete this short survey and let us know your
thoughts. It should take around 5-10 minutes to complete.

How will my data be used?
We will use your data to better understand who is engaging with the Zooniverse Power to
the People project and explore your experiences with the project. This feedback will inform
improvement and evaluation of Power to the People. The results will be published in a
case study that will be publicly shared through the Power to the People online platform
and University of Oxford webpages. Your data will also inform academic publications
(i.e., scientific journal articles) about the project. Please note, your responses will be
anonymous - no names will be collected or published. For Zooniverse’s User Agreement
and Privacy Policy, please visit www.zooniverse.org/privacy. For further details about
how your data will be used in this survey, see our Privacy Notice.

Who is conducting this evaluation and why?
Alycia Leonard (Energy and Power Group, University of Oxford) is conducting this
evaluation to explore the impact that Power to the People has on contributors, the benefits
and challenges of engaging with the project, and to learn about the diversity of contributors.

197
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The Energy and Power Group wants to learn as much as possible from your experiences
to conduct more, and better, citizen science studies in the future. More information about
this survey is available on the participant information sheet. If you would like to add any
additional comments or thoughts to your responses, or you have any concerns about this
evaluation, please get in touch at alycia.leonard@eng.ox.ac.uk. Find out more about the
Energy and Power Group at the University of Oxford here: https://epg.eng.ox.ac.uk/

Can everyone complete this survey?
This survey is intended for contributors to the Power to the People project. You must
be at least 11 years old to complete this survey. Consent from a parent or guardian will
be needed for participants under the age of 18. Please note that participant information
sheets specifically prepared for younger participants and their parents/guardians are
available. If you are under the age of 11, thank you for contributing to Power to the
People but please do not complete this survey. You can instead send any feedback you
have to alycia.leonard@eng.ox.ac.uk with parental permission.

Consent
Please indicate below your consent to completing the survey, and to your responses
being used in our research.
C.1: Please note that you may only participate in this survey if you are 11 years of age or
over.

• I certify that I am between 11 and 18 years of age.
• I certify that I am 18 years of age or over.

C.2: If you have read the information above and agree to participate with the understand-
ing that the data (including any personal data) you submit will be processed accordingly,
please check the relevant box below to get started.

• Yes, I agree to take part.

C.3: If under 18: Please show your parent or guardian the information above. If they
agree to your participation, please have them tick the relevant box below so that you can
get started. If they do not agree to your participation, you cannot proceed.

• Yes, I consent for my child to take part.

Page 2: Your experience on Power to the People

1: How would you rate your experience contributing to Power to the People? (Select one)

• Excellent
• Good
• Average
• Below Average
• Poor

2: How frequently do you contribute to Power to the People? (Select one)

• Daily
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• Several times a week
• Once a week
• 2-3 times a month
• Once a month
• Less than once a month
• Only once
• Not sure
• Other (type)

3: How did you find out about Power to the People?

• Zooniverse page
• Social media (i.e. Twitter)
• From a friend or colleague
• Through my school
• Through an extra-curricular or volunteer programme
• Other

4: Why do you engage with Power to the People? (Select all that apply)

• I enjoy learning about energy and electricity access.
• I enjoy learning about satellite imagery analysis and/or computer vision for rural

mapping.
• I want to contribute to scientific research.
• I am generally interested in science and/or engineering.
• I enjoy identifying homes and finding interesting features in images.
• I enjoy being part of a like-minded research community.
• I want to contribute to projects with real-world impact.
• I am contributing as part of a class or a volunteer programme.
• I find it entertaining.
• Other (Type)

5: Did you learn anything through taking part in Power to the People? (Select one)

• Yes
• No
• Maybe

5a: [If 5 = Yes] What did you learn? (Type)

5b: [If 5 = No OR maybe] Tell us why. (Type)

6: What Power to the People information pages have you visited? (Select all that apply)

• About or Learn More pages (i.e. Research, The Team, Education, FAQ)
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• Field Guide
• Tutorial
• Power to the People Statistics
• Other (type)

7: Have you used Power to the People Talk? (Power to the People Talk is an online
chat forum for discussion about the project) (Select one)

• Yes
• No
• Not sure

7a: [If 7 = Yes] What did you use Talk to do? (Select all that apply)

• To ask a question.
• To post something interesting you have found.
• To talk to a researcher.
• To talk to other volunteers.
• Other (type)

7b: [If 7 = No] Why not? (Select all that apply)

• I did not know it existed.
• It does not interest me.
• I do not have the time.
• It is not helpful to me.
• Other (Type)

8: Is there anything that prevents you from spending time on Power to the Peo-
ple? (Select one)

• Yes
• No

8a: [If 8 = Yes] Please explain what prevents you from spending time? (Type)

Page 3: Power to the People and beyond!

9: Have you promoted or shared Power to the People with others? (Select one)

• Yes
• No
• Not sure

10: Since engaging in Power to the People, have you volunteered in other projects
on Zooniverse? (Select one)
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• Yes
• No
• Not sure

10a: [If 10 = Yes] Select any other Zooniverse projects you have volunteered with since
engaging with Power to the People (Select all that apply from list of all projects)

11: Has Power to the People prompted you investigate any concepts further by looking
things up, seeking further information, or doing your own research? (Select one)

• Yes
• No

11a: [If 11 = Yes] What did you decide to investigate further? (Select all that apply)

• Energy access in sub-Saharan Africa
• Electrical grid design
• Rural mapping
• Satellite imagery
• Computer vision and AI
• Information about Uganda, Kenya, or Sierra Leone
• Rural housing styles
• Other (Type)

11b: [If 11 = Yes] How did you do your own investigations? (Select all that apply)

• Internet search
• Watching videos
• Reading books
• Reading news or magazine articles
• Listening to podcasts
• Asking teachers, professors, or experts
• Discussing with friends and family
• Doing a real-life experiment
• Other (Type)

Page 4: Demographic information
Please complete the following demographic information to help us understand who is
engaging with the Power to the People project. If you do not wish to provide this
information, please leave the answers blank.

12: What country do you live in? (Select one from a drop down list)

13: What is your highest level of education (Select one)

• No formal education
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• Secondary/high school or equivalent
• Vocational training (i.e. job-specific training leading to a certificate or diploma)
• Bachelor’s degree (e.g. BA, BS)
• Master’s degree (e.g. MSc, MA, MRes)
• PhD or other advanced professional degree
• Prefer not to answer
• Other (type)

14: What is your current employment status? (Select one)

• Employed (full time)
• Employed (part time)
• Retired
• Student
• Unemployed
• Prefer not to answer
• Other (type)

14a: [If 14 = Employed full time or part time] Please describe your occupation: (Type)

15: Do you have a background in science or engineering?

• Yes
• No
• Not sure
• Prefer not to answer

15a: [If 15 = Yes] Please explain a bit about your background in science or engi-
neering: (Type)

15b: [If 15 = Not sure] Please specify: (Type)

16: What is your age? (Select one)

• Under 18
• 18-24 years old
• 25-34 years old
• 35-44 years old
• 45-54 years old
• 55-64 years old
• 65-74 years old
• 75 years or older
• Prefer not to answer

17: What best describes your gender? (Select one)
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• Woman
• Man
• Non-binary
• Prefer to self-describe (Type)
• Prefer not to say

Page 5: Final thoughts

18: Do you have any advice for us to make Power to the People more engaging? (For
example, things you want more or less of, things you thought were missing, etc.) (Type)

19: Are there any aspects of Power to the People that you found particularly en-
joyable? (Type)

20: Would you like to tell us anything further about your experience of Power to the
People or Zooniverse? (Type)

Page 6: Survey Complete

Thank you for completing this survey. Your response has been recorded.
Please download your completion receipt here. You will need to provide the information
on this receipt if you decide to withdraw your participation at any point in the future.
We will use your feedback to better understand who is engaging with the project and
why, as well as exploring contributor experiences with the project. This feedback will
inform the evaluation and improvement of Power to the People. The results will be
made available to the Power to the People community on the project webpage and
through the University of Oxford webpages.
If you have any questions about this survey, please email alycia.leonard@eng.ox.ac.uk.



B
Data Availability

The dataset produced during the Power to the People citizen science project is made
publicly available online for research use on Mendeley Data.

It can be accessed at: https://www.doi.org/10.17632/xw6gr8p2cn.1
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C
Demand Estimation Parameters

The following information was used to set the demand estimation parameters listed in
Table 5.7 which were not specified by the MICS data results or other data sources detailed
in Chapter 5. Expert opinions were sourced from a Sierra Leonean energy systems expert
with significant experience in the power sector.

Lights: Five indoor lights and four outdoor lights were included in each household. The
expert consulted indicated that one outdoor light was required per corner of the house for
security and safety from animals such as snakes and reptiles. Indoor lights are assumed to
be used for two hours (with 20% variability) each night between sunset to midnight (with
35% variability) and left on for a minimum of 10 minutes after switch-on. Outdoor lights
are assumed to be used for nine hours (with 20% variability) each night between sunset to
sunrise (with 20% variability) and kept on for a minimum of 30 minutes after switch-on.
All outdoor lights in a household are modelled as turning on and off simultaneously.

Mobile telephone: This refers to mobile phone charging, not mobile phone usage once
charged. Phones are assumed to be charged each night. Based on expert opinion, phones
are typically plugged in around 10 pm (i.e. before bed) and not earlier, as agricultural
workers (i.e. the dominant industry in rural Sierra Leone) will use their phone in the
evening upon returning from the fields and charge as they sleep. It is assumed that phones
will charge for two hours (with 20% variability) between 10 PM and 2 AM (with 35%
variability) and are charged for a minimum of 20 minutes after being connected.

Radios, televisions, and computers: These three appliances are modelled similarly.
While radios can be plug-in, rechargeable, or powered with dry-cell batteries, the expert
consulted indicated that radios used during working hours (e.g. by farmers) are likely to
be powered by dry-cell batteries whereas those in the home are more likely to be plugged
in and used in the evening. Dry cell batteries obviously do not affect the demand on
a household electrical system; so, it is assumed that all radios are plug-in and used in
the evening for entertainment. It can similarly be questioned whether computers are
usually used at work (i.e. not contributing to the household demand) or in the evening
for entertainment. It is similarly assumed that all computers are used in the evening for
entertainment. Finally, televisions may be used by certain businesses in day-time hours
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(e.g. to screen football games) – however, again, here these are assumed to be used in
the evening for entertainment. These assumptions err on the side of household demand
overestimation. Each of these appliances is modelled as used for 90 minutes (with 20%
variability) in a window between sunset and midnight (with 35% variability), and left
on for a minimum of 30 minutes once turned on. They are modelled as used on 80%
of days, to account for the fact that households can have different activities and social
engagements in the evenings which can disrupt their usage patterns.

Fans: The expert source consulted indicated that precipitation has a strong impact on
fan use in Sierra Leone, with fans used much more in the hotter dry season (i.e. late
October through March as shown in Figure C.1) than the cooler wet season. Demand
estimation experiments therefore modelled a month in the dry season to err on the side of
overestimation. Additionally, it was indicated by the expert that fans are used differently
on weekdays and weekends. While on weekdays they are likely to be used in the early
evening (i.e. 6-7pm) and overnight, on the weekends they are also likely to be used
from 12-2pm, the hottest point of the day, as people tend to be at home at this time
on weekends. As such, fans are modelled differently on weekdays and weekends. On
weekdays, they are modelled with twelve hours of usage (with 20% variability) between
6PM and the following sunrise (with 20% variability), and used for at least an hour once
turned on. On weekends, an additional possible usage window is added between 12pm
and 2pm (with 20% variability) and total usage is increased to 14 hours.

Figure C.1: Monthly climatology of temperature and precipitation in Sierra Leone based
on 1991-2020 data [305].
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Irons: Irons were modelled as used only on weekends. Based on expert opinion, irons are
most likely to be used to press church clothes before Sunday morning service, with the
most likely usage window being Saturday evening. While a smaller group of people may
iron their clothes each day (e.g. some students ironing their clothes before school), this is
likely to be a small minority. Irons were therefore modelled as a weekend-only appliance,
and only used 80% of the time in designated weekend windows. They are modelled with a
usage time of 30 minutes (with 20% variability) between sunset and midnight (with 35%
variability) and used for a minimum of five minutes once turned on. As a thermal appliance,
they are modelled with a 30% power variability, to account for differing iron settings.

Refrigerators/freezers: These appliances were assigned two duty cycles based on daily
temperature fluctuation [54]. A light duty cycle was modelled during cooler night-time
hours and a heavier duty cycle was modelled during warmer day-time hours. Parameters
for these duty cycles are shown in Table 5.6. These devices are modelled with 24-hour
usage, every day, with no variability.



D
HOMER Simulation Parameters

The following information was used to configure the HOMER simulations and optimisations
completed in Chapter 6.

While specific infrastructure models can be modelled in HOMER, generic models are
used in the absence of country-specific data on which technologies might be available.
The costs of these generic technology models are altered based on the most up-to-
date data from IRENA [298].

A discount rate of 8% and inflation rate of 2% are assumed in cost calculations, as well as
a project lifetime of 25 years. However, different lifetimes are also assumed for individual
components (e.g. batteries and inverter at 15 years, PV at 25 years). Operation and
maintenance expenses are assumed at $10/year/kWh for storage and $10/year/kW for
generation. Where unspecified, other parameters are left at HOMER defaults.
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