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A national sampling frame typically comprises a list of Primary
Sampling Units (PSUs), such as enumeration areas derived from census
data, which are commonly used in household surveys. Both national
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statistical offices and non-governmental organizations often rely on this
framework when conducting surveys related to forced displacement.
However, these frames are generally developed without considering the
estimated number or geographic distribution of displaced populations.
As a result, achieving the desired sample size becomes difficult and
cost-intensive, as selected units frequently contain no individuals of
interest. This study aimed to evaluate the potential of geospatial method-
ologies to develop a digital national sample frame tailored to a specific
population subgroup or the general population, with the goal of ensuring
applicability across diverse settings. For the first time, this work pro-
duced publicly accessible, digitized boundaries for urban and rural areas
in Cameroon that are aligned with official administrative divisions and
do not follow a grid-based system. According to our classification and
estimated number from the ProGres database, 46 percent of refugees in
Cameroon resided in rural areas, while 31 percent lived in camps and 23
percent in urban settings. The proposed geospatial approach offers a
cost-effective alternative to traditional manual methods, particularly in
data-scarce environments, and eliminates common geometric inconsis-
tencies found in manual mapping efforts. All sampling units were nested
within administrative boundaries, and in populated areas, their delinea-
tions aligned with observable ground features and respected major phys-
ical barriers. Importantly, including the refugee population in the
customized national sampling frame was essential, as it enhanced the
representativeness of refugees within it. This approach can be easily
adapted to other countries. Notably, it was implemented in preparation
for 2024’s Forced Displacement Survey in Cameroon, highlighting its
practical application and relevance in real-world survey contexts.

Statement of Significance

Many countries are preparing for censuses and various socioeconomic
surveys. Ensuring the availability of an accurate and up-to-date national
sampling frame is a critical early step in the preparation process.
However, in many countries, national sampling frames are often outdated,
incomplete, or unavailable. National statistical offices and international
organizations allocate significant time and resources annually to develop
these frames, a process that can take years and requires substantial finan-
cial investment, particularly when relying solely on conventional meth-
ods. Despite these significant efforts, most of these frameworks fail to
accurately represent hard-to-reach populations, as their estimates and geo-
graphic locations are often not considered during the development of the
sampling frame. This work successfully automates the development of
digitized pre-enumeration areas, leveraging advanced region merging
algorithms and geospatial techniques and data. The approach is both cost-
effective and scalable, offering potential for global implementation.
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1. INTRODUCTION

Surveys and censuses are the primary sources of demographic, health, and
socioeconomic data across countries. Specifically, household surveys serve as
the main method for delivering timely, comprehensive health and socioeco-
nomic data, as conducting a full census is both labor- and financially intensive.
Accurate and up-to-date sampling frames are essential for population-
representative household survey methodologies. A sampling frame refers to
the list from which units are selected for the sample (Valliant et al. 2018).
National housing and population censuses are often the primary sources of
national sampling frames (Mather and Cortes 2016). However, in most coun-
tries, national housing and population censuses are typically conducted every
ten years (Department of Economic and Social Affairs Statistics Division—
UNSD 2017; Office for National Statistics—ONS 2022), which results in
national sampling frames and census data becoming outdated. Additionally,
some countries may lack digital census national sampling frames or may have
incomplete ones (Blankespoor et al., 2018; Eckman and Himelein 2020), such
as Somalia, Armenia, the Democratic Republic of Congo, and Libya.

The creation and updating of digital national sampling frames are a labori-
ous process (Qader et al. 2020, 2021), primarily because many countries still
rely on manual methods to digitize these frames, a process that can take years
and significant financial resources to complete (Wagenaar et al. 2018).
Furthermore, when constructing the census national sampling frame, only
basic parameters such as overall population size, geographic areas, and local
boundaries are often considered. As a result, these frames frequently omit
important population groups, leading to underrepresentation when used to
identify subgroups within the target population (Reichel and Morales 2017).
For instance, in Colombia, Richard et al. (2011) highlighted the limitations of
using census data to identify target populations, noting its unreliability in
locating small, mobile populations such as illegal migrants and refugees.
Therefore, it is crucial for national statistical offices and other relevant agen-
cies to have access to the necessary geospatial techniques, tools, and datasets
to enable the creation of customized national sampling frames in a timely and
resource-efficient manner.

When a digital national sampling frame is unavailable or inaccessible,
researchers have developed alternative methods to construct sampling frames
(Gallego et al. 2015; Eckman and Himelein 2020; Miller et al. 2020; Parsaeian
et al. 2021). For example, in Mozambique, open-source satellite imagery was
used to create a representative community health survey sampling frame
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(Wagenaar et al. 2018). Similarly, Himelein et al. (2014) demonstrated that a
random geographic cluster sample (RGCS) can serve as a viable alternative to
conventional methods for surveying mobile populations, such as those in
Ethiopia’s Afar region. However, many of these approaches are highly
context-specific and have not been transformed into standalone, user-friendly
tools, making them difficult to replicate.

Over the last decade, gridded population-based sampling frames have
gained popularity in socioeconomic surveys for their time- and cost-saving
efficiency (Galway et al. 2012; Boo et al. 2020; Thomson et al. 2020). For
instance, Qader et al. (2020) used a Quadtree algorithm to develop a gridded
population sampling frame for the second wave of the Somali High-Frequency
Survey (Pape and Wollburg 2019). Tools such as GridSample and the Geo-
sampling Tool have also been used by various organizations for different types
of surveys (Thomson et al. 2017; Cajka et al. 2018). Despite their advantages,
gridded sampling techniques often produce outputs that pose practical chal-
lenges in the field. Specifically, these grids may not align with recognizable
ground features, leading to difficulties for enumerators and complications in
calculating accurate sampling weights, as buildings and other structures may
be split across grid boundaries. To address these limitations, innovative
approaches that leverage the growing availability of geospatial datasets are
essential for developing national sampling frames that align more closely with
real-world boundaries and are practical for field implementation.

Despite the existing challenges in creating accurate national sampling
frames for socio-economic surveys, developing a customized national sam-
pling frame for vulnerable and specific population subgroups, such as forcibly
displaced persons, adds additional complexities to the process. There is a
growing demand for more reliable statistics on the living conditions of forcibly
displaced populations, as their numbers continue to reach record levels each
year (UNHCR, 2023). With the launch of the Forced Displacement Surveys
(FDS) (UNHCR, 2024a) and the increasing interest in integrating forcibly dis-
placed persons into national surveys, United Nations High Commissioner for
Refugees (UNHCR) operations face a significant challenge: establishing
appropriate sampling frames to draw representative samples of these popula-
tions. When available, registration data is typically used as a sampling frame
for refugees and asylum seekers. However, these datasets are often based on
outdated information. For internally displaced persons (IDPs), registration
data is rarely available (Eckman and Himelein 2022). The standard two-stage
sampling method—where small, compact geographic areas are selected at ran-
dom for enumeration, followed by the selection of eligible individuals within
those areas—is frequently considered too complex and costly for most opera-
tions (Miller et al. 2020). This is especially true in out-of-camp settings, where
forcibly displaced populations tend to be highly dispersed and unregistered
(Willis et al. 2014; Martin-Shields et al. 2019). This challenge is further exa-
cerbated by the lack of readily available georeferenced data on the numbers
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and locations of displaced persons, which is critical for constructing meaning-
ful enumeration areas. Even when such areas exist, the small proportion of dis-
placed individuals within the general population means that most selected
areas may contain no displaced persons at all—making it financially and logis-
tically inefficient to reach the required sample size. In response to these issues,
Eckman and Himelein (2022) reviewed nine different sampling strategies for
interviewing refugees and IDPs. Their findings concluded that the most appro-
priate sampling approach depends heavily on several factors: the characteris-
tics of the displaced population, the available data collection budget, and the
researcher’s tolerance for under- or over-coverage bias.

In Cameroon, there is currently no reliable and up-to-date digital national
sampling frame. As of March 2023, Cameroon was home to over 480,000 ref-
ugees and asylum seekers, including approximately 349,000 from the Central
African Republic and 128,000 from Nigeria, in addition to more than one mil-
lion IDPs and nearly 646,000 returnees (OCHA, 2023). Conflict, violence,
floods, and other sudden-onset disasters are the primary causes of displace-
ment in the country. The country is facing a critical challenge due to the
absence of an appropriate national sampling frame, which hinders the effective
inclusion and representativeness of forcibly displaced populations within pri-
mary sampling units (PSUs). Given the current scale of forced displacement,
failure to adequately address the needs of displaced populations will hinder
progress toward the Sustainable Development Goals (SDGs) and negatively
impact the peace and security of nations (IPI, 2018). Conversely, integrating
refugees into SDG implementation policies can reduce the frequency and
impact of displacement, while ensuring that IDPs contribute to local econo-
mies and overall economic development (IPI, 2018). Therefore, to ensure the
maximum inclusion of forcibly displaced persons in future surveys, the devel-
opment of a customized national sampling frame is essential.

In collaboration with various governmental and non-governmental
organizations, WorldPop (https://www.worldpop.org/) and GeoData at the
University of Southampton/UK developed a robust and adaptable pre-EA tool-
set designed to support the automated creation of enumeration area-based sam-
pling frames (Qader et al. 2021, 2022, 2023). As a proof of concept, this
project explores the tool’s capacity to leverage existing geospatial datasets and
its flexibility in generating a customized enumeration area-based sampling
frame, specifically for surveying forcibly displaced populations (refugees) in
Cameroon. The initial phase of the project focused on mapping refugee popu-
lations at a resolution of 100 meters by 100 m, utilizing modeling techniques
and spatial data processing (Darin et al. 2024). These gridded refugee esti-
mates served as a key input for the tool in determining the size and boundaries
of sampling units. It is important to note, however, that this work does not
evaluate the accuracy of the refugee population estimates or their geographic
distribution.
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2. MATERIAL AND METHOD

The method was designed to develop a customized enumeration area-based
frame that serves as a national sampling frame specifically tailored for survey-
ing the refugee population in Cameroon. The term “pre-enumeration” was
used intentionally, as this product is not derived from census data.

2.1 Method Strategy

The method utilized a range of geospatial techniques and datasets to construct
customized enumeration areas to be used as a sampling frame for surveying
refugees in Cameroon. In our previous work, we applied statistical modelling
methods in combination with informative geospatial covariates to map the ref-
ugee population, as recorded in the UNHCR-monitored registration system, at
a 100 x 100 m resolution (Darin et al. 2024). These gridded refugee estimates
served as the primary source for estimating both the number and spatial distri-
bution of refugees.

In addition to population estimates, digitized images of several natural and
man-made features—including roads, waterways, and administrative bounda-
ries—were acquired, pre-processed, and harmonized using a suite of geospa-
tial processing techniques. These datasets were then integrated into the pre-EA
tool, which automated the construction of the customized enumeration area-
based sampling frame.

The tool first subdivided the area of interest into discrete, easily identifiable
units referred to as building blocks. For each block, it calculated and summar-
ized key attributes such as the estimated number of refugees, their unique IDs,
and the geographic area. The tool was then configured with several user-defined
parameters, including population and area thresholds, uncrossable boundaries,
and weighting factors, to ensure that the resulting sampling units met operational
and analytical requirements. The pre-EA outputs were designed to align with
visible ground features, remained nested within administrative boundaries, and
respected uncrossable natural or political features. The corresponding section of
this report will provide a detailed description of each procedural step.

2.2 Input Data Requirements

2.2.1 Modelled gridded refugee population.

Population is a key determinant—alongside other parameters—in defining the
unit sizes within a national sampling frame. However, when developing a cus-
tomized enumeration area-based sampling frame for refugees, more granular
data is required, particularly concerning the estimated number of refugees and
their geographic distribution. In the initial phase of this project, we used rou-
tinely collected refugee registration data alongside high-resolution population
maps, satellite-derived settlement maps, and other spatial variables to break
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Figure 1. Estimated gridded refugee population in Cameroon at 100 X 100 m res-
olution, with close-up views of selected regions to illustrate spatial distribution
patterns (Darin et al. 2024).

down total refugee counts into 100-m grid cells (Darin et al. 2024) (figure 1).
Within monitored refugee sites, we assigned refugees to grid cells using a
deterministic method based on the number of buildings. Outside of these sites,
we applied a random forest model that uses textual geographic details from the
refugee registry and high-resolution population data, as well as other geospa-
tial covariates, to allocate refugees spatially. We demonstrated this approach
using registration data from Cameroon, maintained by the UNHCR. This
approach facilitated a detailed understanding of refugee distribution across the
study area, which informed the geospatial tool used to develop a representative
sampling frame for surveying refugees.

The full methodology for generating the gridded refugee population esti-
mates is detailed in Darin et al. (2024).

2.2.2 Digitised natural and man-made features.

Traditionally, sampling unit boundaries have been manually delineated using
high-resolution satellite imagery (Qader et al. 2021). During this manual proc-
ess, significant effort has been invested in aligning sampling unit outlines with
visible ground features to facilitate navigation and identification during field-
work. In contrast, the automated construction process using the pre-EA
tool relies heavily on existing georeferenced datasets, particularly digitized
representations of natural and man-made features. For this project, digitized
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Figure 2. Digitized roads, railways, and waterways in Cameroon, sourced from
OpenStreetMap (OSM, 2023). Basemaps displayed in QGIS are derived from Bing
Maps and ESRI high-resolution satellite imagery.

boundaries such as roads, railways, and waterways were sourced from
OpenStreetMap (OSM) (figure 2) (OSM 2023). OSM is a free, publicly acces-
sible geographic database that is continuously updated and maintained by a
global community of volunteers. Contributors gather data through field sur-
veys, trace features from aerial imagery, and integrate geodata from other
openly licensed sources.

2.2.3 Administrative boundary.
The administrative boundary is a crucial component in the creation of a sam-
pling frame, as the outlines of sampling units must be nested within the
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specified administrative boundaries. For this study, the subnational administra-
tive boundaries at the community level (ADM3) were obtained from the
Humanitarian Data Exchange (HDX) (Runfola et al. 2020).

2.3 Data Preparation

The development of a national sampling frame is a complex process that
requires careful planning and consideration (Qader et al. 2021). This process
can be streamlined and potentially enhanced through the efficiency of the pre-
EA tool. While the tool’s application is fully automated, several preprocessing
and harmonization steps were incorporated to address issues related to the cov-
erage, quality, and consistency of the input datasets.

2.3.1 Processing the digitised line features..

The following preprocessing steps were applied to digitized natural and man-
made features, such as roads, railways, and waterways, in preparation for the
application of the pre-EA tool:

(1) All linear features, including roads, railways, and waterways, were clipped
to the boundaries of Cameroon’s subnational administrative level 3
(ADM3).

(2) The linear features were reprojected from World Geodetic System (WGS)
1984 to WGS 1984 UTM Zone 33 North. Projecting from WGS 1984 to a
Universal Transverse Mercator (UTM) zone is necessary because UTM
minimizes distortion for local-scale spatial analysis, providing more accu-
rate measurements and better compatibility with region-specific geospatial
data.

(3) Dual lines, such as those representing multiple lanes (e.g. double or triple
highways), were merged into a single centerline within the road dataset to
prevent the creation of complex boundary shapes in the sampling frame
(see figure 3).

2.3.2 Uncrossable features..

When creating a digitized national sampling frame, certain natural and man-
made features should be designated as uncrossable, as enumerators may be
unable to traverse them during data collection. In this study, we introduced
uncrossable features, and the details of these features are discussed below:

(1) Major Roads and Rivers: In the provided OSM road and waterway data-
sets, a dedicated column in the attribute table under the name “fclass” con-
tains the types of roads and waterways. For this study, road types such as
“primary” and “trunk,” as well as waterway types like “river,” were
selected as uncrossable features (figure 4) since their traversability on the
ground may be difficult or impractical.
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Figure 3. Illustrates an example of parallel roads that have been merged. The
road dataset was sourced from OpenStreetMap (OSM) (2023), while the basemap was
derived from ESRI satellite imagery in QGIS.

(2) Settlement Boundaries: To avoid mixing with neighboring areas, it is
preferable for surveyors to designate the sampling units of each contigu-
ous settled area as uncrossable within its spatial extent. This can be
achieved by marking the boundaries of specific settlement areas, based on
their population size, as uncrossable.

()

(b)

Building Footprints: The Digitize Africa project, conducted by
Ecopia.Al and Maxar Technologies (2020), generated building foot-
prints for 51 countries across sub-Saharan Africa. Dooley et al. (2020)
calculated various building attributes and summarized them into
100m-by-100m grid cells. The locations of polygons in the building
footprint dataset define the “settled” grid cells. In this study, the
Gridded Maps of Building Patterns (Dooley et al. 2020) for
Cameroon were polygonized to delineate the boundaries of
settlements.

Population Data: Zonal statistics were applied to calculate the total
population within each settlement boundary, based on gridded popula-
tion data for Cameroon sourced from WorldPop (Bondarenko et al.
2020). An observation-based criterion was used to categorize settle-
ments into two groups: (i) those with 500 or more people, and (ii)
those with fewer than 500 people. This classification is based on the
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Figure 4. Illustrates the uncrossable features generated within the customized
sampling frame. The road dataset was sourced from OpenStreetMap (OSM) (2023),
while Bing Maps and ESRI high-resolution satellite imagery served as the basemap
sources in QGIS.

premise that settlements with populations of 500 or more are consid-
ered major settled areas, and their sample units should not be com-
bined with those of neighboring settlements. In the absence of local
boundaries, this approach ensures that sample units from cities, towns,
and larger villages remain within their spatial extents.
(3) The final uncrossable features for the country were generated by combin-
ing the selected road and waterway types with the boundaries of settle-
ments having populations greater than 500.

2.3.3 Input data preparation in rural areas.

The geographic coverage of digitized natural and man-made features is often
limited in rural areas. As a result, the automatic creation of sampling units
may face challenges in these regions due to inconsistencies and gaps in the
spatial coverage of existing digitized boundaries. The following steps outline



12 Qader et al.

A

Polygonization

0 100 200+km
L]

[ Euclidean Allocation zones
[ Euclidean Allocation zones
[l Settlement Boundaries

Figure 5. Results of the Euclidean Allocation technique: (a) Raster output from
the Euclidean Allocation technique (the legend for this figure is omitted due to the
extensive and irrelevant list of unique values); (b) Polygonized Euclidean
Allocation zone boundaries; and (c) Outline of the Euclidean Allocation boundaries
surrounding settled areas, overlaid on a high-resolution satellite imagery basemap.

the methods and techniques employed to partition rural areas in the absence of
adequate digitized boundaries.

(1) Partitioning Rural Areas in the Absence of Boundaries: To partition
rural areas where boundaries are unavailable or limited, we created enve-
lopes (adjacent polygons) around the settled areas defined in Section 2.2.3,
using the Euclidean Allocation procedure (figure 5a) (ESRI, 2025). This
method assigns each grid cell to the nearest settlement boundary based on
Euclidean distance. Although the primary purpose of this technique is to
compute the closest source (settled area) for each cell, this study does not
emphasize the distance calculation. The technique was applied across
Cameroon to establish proximate zones around each settled area. Key
advantages of this approach include the creation of adjacent polygons and
the preservation of settlement boundaries used as inputs.
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(2) Conversion and Cropping: The output of the Euclidean allocation proc-
ess was in raster format. This raster was subsequently converted into poly-
gons and cropped to align with the national boundary (figure 5b).

(3) Refinement of Output: While the Euclidean allocation technique pro-
duced adjacent polygons for all of Cameroon, it was primarily necessary
for settled areas with populations smaller than 500. Therefore, the poly-
gons representing settlements with populations over 500 were used to
exclude the corresponding smaller polygons from the Euclidean allocation
output, retaining the original larger polygons. This adjustment is based on
the assumption that larger settlements have more comprehensive and digi-
tized natural and man-made features, which facilitate their division into
more manageable and distinct units.

2.4 Urban, Rural and Refugee Camp Classification

In constructing the sampling frame, it is crucial to distinguish between urban,
rural, and refugee camp strata due to variations in population density and dis-
tribution. Additionally, the boundaries of refugee camps should be carefully
respected, as they are specifically designated for refugee populations. The
boundary of the refugee camp in Cameroon was initially provided by the
UNHCR team. However, after overlaying the camp boundary onto high-
resolution imagery and conducting a visual assessment, it was determined that
the boundary should be adjusted to reflect recent changes and expansions
within the camp. The modified camp boundary was shared with the UNHCR
ground team in Cameroon, who reviewed and approved the proposed changes
(figure 6).

In Cameroon, aside from grid-based data, there are no publicly available
digitized administrative boundaries to differentiate between urban and rural
strata. Consequently, the creation of urban and rural boundaries relied on inter-
nationally recognized standards, such as the Degrees of Urbanization frame-
work (Dijkstra et al. 2021), along with additional techniques to account for
recent urban expansion. To enhance the “Degree of Urbanization” method pro-
vided by EUROSTAT, the GHS Settlement Model grid (GHS-SMOD) classi-
fies settlement typologies based on population size, population density, and
built-up area density, categorizing areas into urban and rural classes (Florczyk
et al. 2019).

The geographic locations of urban and rural strata in this study were
delineated using the SMOD Level 1 dataset for 2025. This dataset provides
three classes: two urban and one rural. The two urban classes were combined
to define urban areas, while the remaining regions in Cameroon were catego-
rized as rural. However, the SMOD urban classes often fall within the middle
of densely populated areas, and their boundaries frequently intersect buildings
and structures. Since the outlines of pre-enumeration areas and sample units
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Figure 6. Comparison of the original and modified refugee camp boundaries for
Lolo. The date of the original camp boundaries is unknown. The source of the satellite
imagery is the ESRI basemap in QGIS.

should align with visible ground features or, at the very least, avoid cutting
through structures, this classification proved inadequate for their construction.
To address these issues, various geospatial techniques were employed:

(1) The settlement boundaries developed in Section 2.2.3 were used as the
foundation for delineating urban and rural areas.

(2) Spatial aggregation techniques were employed to merge settlements
within a 100-m radius, ensuring a more cohesive representation of urban
and rural zones.

(3) Minimum bounding geometry approaches, specifically the generation of
convex hulls around each settlement, were applied to refine the gridded
outline of the polygonization process and ensure comprehensive coverage
of the settled areas.

(4) Urban and rural strata were defined within the respective regions using the
SMOD datasets.

These techniques reduced the risk of dividing contiguous communities or
cutting through buildings in the urban and rural boundaries. Additionally, con-
tiguous settlements were classified as either urban or rural, making the classifi-
cation more applicable within the context of the sampling frame. In
conjunction with the automated methods, manual adjustments were made
where necessary. For example, if the classification indicated that more than 90
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percent of a specific administrative boundary was urban, the entire boundary
was classified as urban strata.

2.5 Implementing the preEA Tool

2.5.1 Initial preEA production.

The output of the preEA tool was referred to as the pre-Enumeration Areas
(preEAs) because it requires laboratory examination and adjustments before
deployment in the field. The preEA tool is a Python-based QGIS plugin
designed with a user-friendly interface, allowing individuals with limited GIS
experience to utilize it effectively. Although still in development and not yet
released, the tool’s application and validation have been demonstrated across
various contexts (Qader et al. 2021; 2022; 2023).

The tool utilizes gridded refugee population data alongside existing digi-
tized boundaries (e.g. roads, railways, waterways) to divide the country into
small, identifiable units (building blocks). These units are then aggregated
according to user-defined criteria, such as population, geographic area, and
other relevant constraints. The pre-EA boundaries were generated exclusively
for arrondissements, administrative sub-division units with a minimum of 100
refugees, based on modelled ProGres data. Due to variations in refugee popu-
lation density, spatial distribution, and stratum characteristics, different set-
tings were applied to generate pre-EAs for each stratum.

Input datasets.

Processed OpenStreetMap (OSM) line datasets (e.g. roads, railways, and
waterways)

¢ Euclidean Allocation zones

e Uncrossable features

¢ Gridded refugee population data

Input parameters. The primary hard constraints were the estimated number of
refugees, geographic area, and uncrossable borders. The maximum refugee
population constraint was set at 100 for urban, rural, and camp settings.
Additionally, the maximum geographic area for these settings was constrained
to 2 km? for urban areas, 9 km? for rural areas, and 3 km? for camp settings.

2.5.2 Post pre-EA modifications.

When large geographic datasets were combined with multiple lines, borders,
and constraints, polygons with undesirable or complex shapes may result. To
address this, both automatic and manual adjustments were made to refine the
pre-EA outcomes. Manual adjustments primarily focused on areas where digi-
tized boundaries were limited, leading to the creation of pre-EAs with dispro-
portionately large refugee populations. The pre-EA tool package also includes
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a tool that facilitates the automatic elimination of polygons that do not meet
pre-EA criteria. Users can define the minimum refugee population size and
geographic area for the pre-EAs that require merging. The tool automatically
merges selected polygons with their neighbors, provided they do not cross the
defined administrative boundaries and share the longest boundary.

Given the low population density and sparse distribution of refugees, only
minimum geographic area constraints were applied in the tool. The following
criteria were used for merging pre-EAs based on area:

e Urban: minimum area < 6 km?
o Rural: minimum area < 10 km?
o Refugee camp: minimum area < 1 km?

3. RESULT
3.1 Urban and Rural Classification

Based on the employed classification methods, 98 percent of Cameroon’s land
was designated as rural, while the combined total of urban areas and refugee
camps accounted for less than 2 percent (figure 7). Of the refugees recorded in
the UNHCR ProGres database, 46 percent resided in rural areas, with 31 per-
cent in refugee camps and 23 percent in urban areas. The stratification
approach used, which relies on the Global Human Settlement Layer (GHSL)
dataset, applies a global definition to distinguish between urban and rural areas
(Pesaresi et al. 2019). As a result, these classifications may not align with local
definitions or alternative methods for achieving the same objective.

3.2 PreEA Boundary Outputs

The initial application of the pre-EA tool divided the refugee-populated
area, encompassing urban, rural, and camp strata, into 157,318 building blocks
(figure 8a). After the merging process was completed, the tool generated
25,582 pre-EAs across all strata (figure 8b). Following both automatic and
manual adjustments, the pre-EA outputs were refined, reducing the total num-
ber of pre-EAs to 22,810 (Urban = 7,623; Rural = 14,114; Camps = 1,073).

In general, the pre-EA boundaries have met the criteria for defining enumer-
ation areas. These criteria include adhering to significant uncrossable features,
such as major roads and rivers, and ensuring that pre-EAs are nested within
administrative boundaries (figure 9a and b). Additionally, the pre-EAs were
aligned with visible features on the ground, particularly in urban areas, facili-
tating easier ground data collection and navigation (figure 9¢). Moreover, the
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Figure 7. Classification of urban, rural, and refugee camp strata in Cameroon
for 2025.

pre-EAs were sufficiently large to maintain the privacy of the households
within them.

4. DISCUSSION

A key step in sampling refugee populations is creating a suitable sampling
frame. This could be a refugee-only list or a general population list identifying
displaced individuals, often sourced from government records or international
organizations like UNHCR. However, such data pose challenges due to lim-
ited coverage, lack of detail, and absence of GPS coordinates. Traditional
methods to build national sampling frames are also costly and time-
consuming. These data gaps hinder effective planning and evaluation in low-
and middle-income countries, highlighting the need for low-cost, innovative
solutions. This study explores the preEA tool, which uses geospatial data and
detailed refugee estimates to build customized sampling frames—particularly
valuable in data-scarce, resource-limited settings.

This study faced several limitations, including the coarse spatial resolution
of refugee datasets and incomplete or poor-quality digitized images of natural
and man-made features in Cameroon. The accuracy of the gridded refugee
population—though beyond this study’s scope—directly affects the creation
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Figure 8. pre-EA Tool outputs, including building blocks and pre-EAs across the
predicted refugee areas in Cameroon.

of sampling units, as it was a key input in defining their size. When interpret-
ing the estimated refugee population within the national enumeration area-
based sampling frame, limitations must be acknowledged. The UNHCR
ProGres database, the primary data source, may not fully capture the refugee
population in Cameroon. Outside camps, ProGres data was recorded at vary-
ing administrative levels, but digital boundaries do not exist beyond arron-
dissements (level 3). To reconcile ProGres data with georeferenced datasets,
various spatial joining methods were applied. Additionally, multiple covariates
were used to improve refugee population estimates, introducing uncertainties
from model choice, data quality, and methodology. These uncertainties, in
turn, affect the customized national sampling frame (see Darin et al. 2024, for
details).
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preEA boundary

Figure 9. Outline of the pre-EA boundaries overlaid on the ESRI high-resolution
satellite imagery basemap.

Regarding the limitation of digitized images of natural and man-made fea-
tures, volunteer-digitized data like OSM often concentrates on urban areas,
providing extensive coverage there, while rural and sparsely populated regions
remain underrepresented or inaccurately mapped. Zielstra and Zipf (2010)
found OSM data quality declined significantly from city centers to rural areas
in Germany. Similarly, Borkowska and Pokonieczny (2022) noted the highest
OSM data quality in Poland occurred in wealthier, urbanized areas. This urban
bias is driven by shared public-private interests and the visibility of ground
features, which are lacking in rural regions. In this study, digitized data in
urban areas supported the creation of pre-enumeration areas (pre-EAs), with
boundaries often matching visible features. In contrast, rural areas required
different geospatial techniques to create smaller polygons, often with bounda-
ries misaligned to ground features due to limited digitized data. The flexibility
of the pre-EA tool was also restricted in some areas, where missing or poor-
quality data led to irregularly shaped sampling units with high refugee popula-
tions, necessitating further manual adjustments.

The lack of complete attribute information and spatial coverage affected the
automatic generation of the enumeration area-based sampling frame. Certain
boundaries—such as major roads, rivers, and other obstacles—needed to be
marked as uncrossable to aid surveyor navigation, based on available dataset
attributes. However, missing or inaccurate data could misrepresent these fea-
tures. Schott et al. (2024) found that while OSM attributes and geometry were
generally accurate across 1,000 objects in Germany, land-use data was
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sometimes missing. Attribute quality also varies by location: only 9.35 percent
of OSM roads in Baghdad had names (Gatea and Al-Bakri 2023), compared to
76 percent in England (Haklay 2010).

A major challenge in implementing geospatial solutions in low- and
middle-income countries is the limited capacity of government sectors to
adopt these methods due to skill gaps. Building this capacity through targeted
training and support from international and local organizations is essential.
Additionally, it is important to consider the sensitivity of the final results.
Disclosure of the exact locations of vulnerable populations, such as refugees,
could expose them to risks. As the statistical models used in this study primar-
ily reveal the relative spatial distribution of refugees rather than exact popula-
tion sizes, policies that negatively affect refugee populations could misuse
such data. As outlined in Article 42 of the UNHCR Data Protection Policy
(UNHCR, 2024b), it is advisable to implement institutional policies that pro-
tect refugees’ rights by imposing access restrictions.

We recognize the difficulty in directly comparing costs and timelines
between our approach and manual methods for delineating census EAs, as
most countries do not disaggregate census expenditures to specifically identify
the costs related to manual EA delineation. For instance, the Kenya National
Bureau of Statistics (KNBS) received government and donor support to imple-
ment the 2019 Census, which had an estimated total cost of approximately
Kshs. 18.5 billion (about USD 143 million) (Kenya National Bureau of
Statistics (KNBS) 2019). Similarly, the Ghana Statistical Service (GSS),
which is mandated to conduct national censuses, employed 75,000 Data Field
Officers for their census operations (GhanaFact 2021). According to the
finance minister, the exercise was projected to cost the government around
521 million cedis (approximately USD 36 million) (GhanaFact 2021). It is
also worth noting that traditional survey processes can take two to three years
to complete (Grosh and Glewwe 1995). If this work had been carried out man-
ually, it would have required the recruitment of a team of cartographers, along
with extensive training to enable them to delineate enumeration areas using
high-resolution satellite imagery. This process would have involved the man-
ual creation of thousands of enumeration boundaries, taking into account vari-
ous constraints such as population density, geographic characteristics, and
administrative requirements. Even after the initial training and production of
the outputs, substantial effort would have been required to correct geometric
inaccuracies inherent in manual digitization. These factors contribute to why
such processes often span several years and demand significant financial
resources. In contrast, the total cost for modeling the refugee population and
developing the customized enumeration area-based sampling frame area was
just USD 80,000. The entire methodological and data production effort was
carried out by a two-member team. Another recent effective application of the
pre-EA tool was demonstrated during the recent Household Budget Survey in
Armenia, conducted by the World Bank (Ismailakhunova et al. 2025). In this
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case, the enumeration area-based sampling frame was successfully generated
for Armenia in under three months using limited resources (Ismailakhunova
et al. 2025).

With regard to an efficiency comparison between our approach and grid-
based methods, we currently lack sufficient data and references to draw a
definitive conclusion. However, a key distinction lies in the way each method
delineates sampling units. Our approach generates boundaries that are aligned
with visible ground features such as roads, infrastructure, and natural land-
marks, which enhances the practicality and accuracy of field implementation.
In contrast, grid-based methods often produce boundaries that do not corre-
spond to physical features on the ground. This misalignment can lead to build-
ings being split across multiple grids, thereby introducing complications in
weighting calculations and potential biases in population estimates.

Despite its limitations, this study presents a novel and cost-effective method
for creating a digital enumeration area-based sampling frame tailored to spe-
cific subpopulations or the general population. As digitized boundaries
improve and volunteered geographic data expands, this automated approach
will face fewer constraints. For example, Iran’s road network density
increased notably from 2008 to 2016 (Minaei 2020), and OSM is estimated to
be 83 percent complete globally, with full street networks in over 40 percent
of countries (Barrington-Leigh and Millard-Ball 2017). Microsoft’s Bing
Maps has revealed 47.8 million km of roads, with only 1,165 km missing from
OSM (Microsoft Road Detection 2024). Future research could also leverage
more complete commercial road networks (Strano et al. 2017) and integrate
additional data sources—such as call detail records, satellite imagery, and
smartphone traces—to better capture refugee dynamics. In light of global
funding constraints, NSOs and international organizations increasingly seek
cost-effective tools like the pre-EA Tool to reduce costs in census and survey
planning.

5. CONCLUSION

The national sampling frame is a list of PSUs, such as enumeration areas from
a recent census, that are often used for household surveys. Inaccurate and out-
dated sample frames can lead to biased survey results due to coverage errors.
This may be more evident when surveying populations that are hard-to-reach
or forcibly displaced since they are not taken into consideration when develop-
ing a common census enumeration area-based sampling frame. Cameroon’s
last census was carried out in 2005, and no data are readily available to gener-
ate enumeration areas for a representative refugee survey sampling frame. As
a pilot project, we partnered with UNHCR to investigate the potential of a
recently developed pre-EA tool and make use of available geospatial datasets
to create an enumeration area-based sampling frame that is specifically tailored
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for the refugee population in Cameroon. For the first time, the work produced
publicly accessible digitized urban and rural boundaries in Cameroon that are
in line with administrative borders and do not follow a grid system. According
to our stratification, out of all the refugees listed in the UNHCR ProGres data-
base, 46 percent live in rural areas, while 31 percent and 23 percent are situ-
ated in camps and urban areas, respectively. The outcome showed that the
strategy was successful in creating the customized national sample frame in a
timely, cost-effective, and limited-resource-wise manner. In addition, the gen-
erated sampling frame satisfies surveyor expectations as well as international
standards. The method can be adopted to create a customized, enumeration
area-based sampling frame in other countries due to its effectiveness, reliabil-
ity, and flexibility.

DATA AVAILABILITY

The generated customized enumeration area-based sampling frame can be
publicly available, but restrictions apply to the availability of refugee popula-
tion estimates within the sampling units, as these data are not publicly accessi-
ble. However, upon reasonable request and with approval from the UN High
Commission for Refugees, the enumeration area-based sampling frame with
the estimated number of refugees can be available from the authors.
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