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ARTICLE INFO ABSTRACT

Keywords: Sub-Saharan Africa (SSA) is faced with the challenge to integrate e-mobility into its paratransit
Paratransit (its informal mass transit). Old, unsafe, fuel-inefficient, polluting minibus taxis are the cor-
Electric vehicle nerstone of daily commuting for millions in the region. Planning for electrification requires

Minibus taxi

Global positioning system data
Energy expenditure

Efficiency

accurate high-frequency mobility data, which is currently unavailable. We analyse and improve
on existing simulation models, which predict the energy usage with a micro-traffic simulation,
SUMO, that up-samples low-frequency mobility data. We show that, compared to using
measured mobility data, the current simulation approach overestimates energy expenditure.
Results show a mean energy expenditure per distance overestimation of 14%, and mean
energy per trip overestimation of 46%. We identify and virtualisation errors in the current
driver and infrastructure models, and identify shortcomings of imposing a virtual road network
with simulation software in the SSA context. We recommend and demonstrate virtualisation
improvements for accurate electro-mobility planning in future.

1. Introduction

In light of the global drive towards decarbonising transportation and electrifying mobility, high-frequency mobility data is
required to assess the impact of electrifying minibus taxis — the backbone of mobility in sub-Saharan Africa (SSA). In the absence
of such data, this paper uses the only measured dataset to investigate how mobility simulation models, which are used to estimate
energy expenditure in electric vehicles (EVs) on a large scale, can be improved to offer more accurate forecasts for energy system
planning in the region.

In this study, the term ’mobility data’ is defined as timestamped geo-location (latitude, longitude, altitude, and velocity) data
gathered from an on-board tracking device.

On a global scale, the transport sector generates 23% of all energy-related greenhouse gas (GHG) emissions (Sims et al., 2014). As
a result, the electrification of transport in the Global North has been growing exponentially over the past decade as new regulations
aim to reduce carbon emissions. This directly relates to UN Sustainable Development Goals (SDGs) 7 (affordable and clean energy),
11 (sustainable cities and communities) and 13 (climate action) (Zinkernagel et al., 2018; United Nations, 2015). Internal combustion
engine (ICE) vehicles are being phased out, with various European original equipment manufacturers (OEMs) already confirming
termination of engine development and announcing full electrical line-ups from as early as 2035 (Motavalli, 2021; Geospatial
Commission, 2021; Sunday Times Driving, 2022). The Global South, and Sub-Saharan Africa in particular, has had to play catch-up
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Fig. 1. The Toyota Quantum Ses’fikile, generally used in the South African minibus industry.

once again. To do so, it must plan for large-scale integration of EVs into its massive, informal public transport system, formally
known as ‘paratransit’, which dominates daily commutes in the region. Such planning requires high-frequency vehicle mobility
data that can be relied upon to construct high-fidelity estimates of vehicle energy requirements, which are necessary to understand
appropriate vehicle and infrastructure design and deployment. As there are no electric vehicles operating in the SSA paratransit
industry, no such data is available, and attempts on planning for the electrical transition depends on valid and realistic modelling.

Paratransit is an informal system that differs from how it is known in developed countries. In SSA, it consists of various vehicle
modes, such as the minibus taxis in South Africa, Kenya, Nigeria, Uganda and Ghana, tricycle taxis in Nairobi and single passenger
motorcycle taxis in the North Eastern part of SSA (Booysen et al., 2013; Diaz Olvera et al., 2019; Mutiso and Behrens, 2011).
Their service evolved organically, is demand based, and operates somewhere between private and public transport (Ndibatya and
Booysen, 2021; Neumann and Joubert, 2016). Paratransit is used by approximately 98%, 91%, 90% and 70% of daily commuters
in Dar es Salaam (Tanzania), Kampala (Uganda), Lagos (Nigeria) and Johannesburg (South Africa), respectively (Behrens et al.,
2015; Evans et al., 2018). The most common paratransit vehicle is the minibus taxi, shown in Fig. 1, which completes 83% of the
sector’s trips and carries from 9 to 16 passengers, depending on the vehicle model (Dorothy et al., 2016; Evans et al., 2018; KCCA,
2016; Bruun et al., 2016). For the aforementioned cities, approximately 72% of daily commuters makes use of the notorious minibus
taxi (Behrens et al., 2015). Three regions where minibus taxis are extensively used, include Nigeria (460 000 minibus taxis Cervigni,
2013), South Africa (300 000 minibus taxis (Galuszka et al., 2021)) and Zimbabwe, with 100 000 minibus taxis in their capital,
Harare, alone (Mbara, 2002).

These minibus taxis raise serious environmental concerns because the majority of the vehicles are old, under-maintained and fuel
inefficient (Smith et al., 2001). The old age of the minibus taxis, often exceeding 20 years, results in higher emissions than are seen
from modern ICE vehicles (van Benthem, 2021). The lack of emission regulations for old vehicles means that this industry makes a
substantial contribution to the general decline in air quality across African cities (Collett and Hirmer, 2021). On a global scale, SSA
was only responsible for 2.3% of carbon dioxide emissions, of which approximately 12% were from the transport industry (Ritche and
Roser, 2018; SLOCAT, 2021). However, transport emissions grew by 84% from 2010 to 2016 (SLOCAT, 2021). This will undoubtedly
increase due to urban migration, population growth and an expanding middle class (Collett and Hirmer, 2021). This trend is classified
as a major threat to human health by the World Health Organisation, who estimated 110,0100 deaths in Africa were as a consequence
of air pollution in 2016 alone (World Health Organization et al., 2018; United Nations, 2019). The call for the decarbonisation of
the SSA paratransit industry comes from both a human- and planet-health perspective.

In view of the size and significance of paratransit in SSA, and its consequential emissions, the electrification of this sector rates
amongst the most important transitions in modern SSA in the fight against climate change. Consequently, this sector now has to
make the difficult shift to an electrical energy source (Bruun et al., 2016; Jennings and Behrens, 2017; Pojani and Stead, 2017;
Ehebrecht et al., 2018). This difficulty stems from the fact that, despite their prevalence, the energy demand of future electric
minibus taxis is still a wildcard.

Meeting the future electrical demand of vehicles will raise complex economic, environmental, societal and energy transition
dynamics. Thus, it is crucial to understand how much electricity is needed to satisfy the operations of an electric minibus taxis.
These energy demands determine vehicle design and the nature of vehicle interaction with the electricity grid, which can have a
resounding impact in an energy-constrained context. Therefore, a robust understanding of the energy demands of electric equivalents
of minibus taxis is critical to effectively plan the roll-out and integration of electric minibus taxis in cities. However, the challenge
is compounded by the region’s scarcity of mobility and operational data (Collett and Hirmer, 2021).

To complicate matters further, energy estimation results from kinetic models using simulated mobility data as input differ
substantially from those using measured mobility data. Therefore, there is a need to quantify the electrical charging energy demand,
so that plans can be developed to meet the future electrical energy needs of the transport system. Hull et al. (2022b) showed that
high-frequency mobility data on the order of one sample per second is needed for high-fidelity estimates of electric minibus taxi
energy expenditure. Given the scarcity of such data, and the relative abundance of low-frequency mobility data that only captures one
sample per minute (Ebot Eno Akpa et al., 2016), it would be invaluable to have simulation models that can simulate high-frequency
mobility data from low-frequency data well enough to obtain high-fidelity estimates of energy expenditure. However, underlying
assumptions in models and simulation setups may affect the output. Models use different approaches to simulate and represent
mobility in the real world. The main components of these approaches are how they model the physical road infrastructure, how
they model the driver and their behaviour, and how they model the vehicle’s kinetic and electric energy. This process is illustrated
in Fig. 2.
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Fig. 3. How EV-Fleet-Sim was used by Abraham et al. (2021).

Results from literature on the quantification of the energy requirements for the electrification of the sub-Saharan Africa para-
transit industry thus still vastly differs. This is partly due to different approaches taken, but all comes down to the characterisation
of paratransit mobility not being defined. As simulation tools are used across the engineering industry, it is important that the
simulated results reflect that of reality.

1.1. Contribution

Here, for the first time, we close the gap between simulation and measurement as far as the micro-level mobility of paratransit
is concerned. Because a substantial difference is evident between the energy expenditure estimated by the measured mobility and
simulated mobility, we systematically assess the virtualisation of each aspect of in simulation model. We propose and demonstrate
improvements to the simulation to align these results, making the simulators accurate and useful in data-scarce environments.
Improving micro-level mobility simulations and subsequent energy expenditure estimates will lead to optimal planning for EV
transportation systems and infrastructure.

Specifically, we critically investigate the simulation methodology employed by Abraham et al. (2021) - which uses low-frequency
(one sample per minute) mobility data, a mobility simulator (SUMO), and an underlying map representation (Open Street Maps,
OSM) - to generate high-fidelity mobility data and subsequently estimate energy expenditure. This SUMO-based suite of simulation
software used by Abraham et al. (2021) is titled EV-Fleet-Sim (Abraham et al., 2022).

Fundamentally, we assess the virtual (modelled) and actual (real-world) manifestations of each of the following: (1) Physical
infrastructure, (2) the following of and routing between waypoints, and (3) the driver and driving style. The subsequent energy
expenditure estimates, calculated using the electro-kinetic model by Hull et al. (2022b), are compared using two different inputs: the
simulated data from EV-Fleet-Sim and the measured data. The accuracy of the SUMO model used by EV-Fleet-Sim can be assessed on
a mobility level by comparing mobility results to the measured 1 Hz dataset; or the utility of estimating vehicle energy expenditure
from SUMO based on micro-level mobility simulations can be assessed by comparing the results from a electro-kinetic model.

2. Literature review

In this section, we look at two different energy analyses approaches taken by Abraham et al. (2021) and Hull et al. (2022b).
The key difference of their respective methods entails the way in which high-frequency mobility data was acquired for energy
analysis. Abraham et al. (2021) used a simulation tool to upsample low-frequency data, whilst Hull et al. (2022b) used measured
high-frequency data.

2.1. Simulated micro-level mobility

Abraham et al. (2021) investigated the energy expenditure of minibus taxis using low-frequency mobility data as input to a
simulator. They made use of a publicly available software that uses a routing algorithm (SUMO, 2022¢), mobility model (SUMO,
2022a) and energy model (Kurczveil et al., 2014) within SUMO to automate energy calculation steps. The software, called
EV-Fleet-Sim (Abraham et al., 2022) can be found at https://gitlab.com/eputs/ev-fleet-sim.

The process of how EV-Fleet-Sim was used by Abraham et al. (2021) is shown on a high level in Fig. 3.

For the dataset used by Abraham et al. (2021) an average energy expenditure of 0.93 kWh/km was reported.

EV-Fleet-Sim requires three input files from the user:


https://gitlab.com/eputs/ev-fleet-sim
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Fig. 4. A flow diagram of EV-Fleet-Sim input and outputs.

Table 1
Default parameters of the driver behaviour model parameters by SUMO as used in
EV-Fleet-Sim.

Parameter SUMO Default

Maximum speed Road’s posted speed limit up to a maximum of 100 km/h

Maximum acceleration 9.3 km/h/s (2.6 m/s?)

Maximum deceleration 14.4 km/h/s (4.0 m/s?)

Acceleration profile Instantaneous step changes in acceleration (Erdmann, 2022)
77777 H uIIetaI Legend Output| [ Energy Model

« Propultion work
1Hz data from H H « Braking work
i Energy Model —» 1Hz Results — + Offload work
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Fig. 5. How energy expenditure estimations are done by Hull et al. (2022b).

1. Per-minute GPS data: Time, speed, latitude and longitude data are required at a minimum. However, various other data
fields can also be added (Abraham et al., 2022). The input to EV-Fleet-Sim can be given at any frequency, although Abraham et al.
(2021) used one sample per minute for specific route accuracy.

2. Network File: A road network file is used with the GPS data to generate the vehicle routing. The network file can be
downloaded from Open Street Map (OSM) (OpenStreetMap Contributors, 2022) for the applicable region of interest. The OSM
file contains road network and terrain data. The file can be cropped to a specific geographic area with OSMConvert (Weber and
Paleino, 2018). Finally, the cropped OSM file is converted to a simulation-ready network file with Netconvert (Lopez et al., 2018).

3. Vehicle Configuration and Parameterisation: This file is automatically generated when initialising a scenario in EV-Fleet-
Sim, no outside input is needed. The file can however easily be edited to represent a chosen vehicle.

EV-Fleet-Sim uses pre-determined SUMO packages for the routing, mobility model and electric model. However, as stated in
Section 3.2, the electro-kinetic model from Hull et al. (2022b) is used in this paper. Thus, SUMO Electric is replaced by Hull et al.
(2022b)’s model and used in EV-Fleet-Sim for this paper to provide a fair comparison.

A full breakdown of all the inputs and outputs associated with EV-Fleet-Sim is shown in Fig. 4. In addition, internal automated
processes of EV-Fleet-Sim are also shown.

The specific SUMO routing algorithm used in EV-Fleet-Sim is based on distance. It aims to find the shortest path between two
data points, as described in by Rix et al. (2022).

Generated outputs from EV-Fleet-Sim are manifold. This is due to SUMO generating its own 1 Hz mobility results (SUMO, 2022d)
and EV-Fleet-Sim using those results to generate various plots. Although the end goal remains on the resulting energy expenditure,
driving style outputs such as speed and acceleration will assist in assessing the accuracy of the mobility model.

Although SUMO allows various driving style parameters to be defined, such as maximum acceleration, a speed factor of the road’s
speed limit, and the harshness of the accelerations; EV-Fleet-Sim currently only makes use of default parameters set by SUMO. These
driving style parameters are summarised in Table 1.

It stands to reason that the driving style of the virtual vehicle should also be affected by the presence of traffic, as in real life.
A car following model, which forms part of the mobility model, is implemented by default in SUMO. However, currently no other
vehicles than the simulated electric minibus taxi are present in the simulation.

2.2. Measured micro mobility

Hull et al. (2022b) estimates the energy expenditure of an electric minibus taxi by using 1 Hz measured tracking data as input
into their electro-kinetic model. The limited variety of different data types needed for their input, makes it quite appealing. All the
required information is captured by a GPS receiver.

A high level of the process to construct energy expenditure estimations is shown in Fig. 5.
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Although micro-level mobility data proves to be an advantage for accuracy, the scarcity of 1 Hz data in the minibus taxi industry
of SSA, and the cost of generating and storing such data, means that their energy model cannot be widely used without intermediate
data processing. In cases where data at a lower frequency, or only O+D data is available, a routing algorithm and driver model is
needed to compute estimations of 1 Hz mobility.

2.3. Simulated inaccuracies

When comparing the simulated micro-level mobility to the measured micro-level mobility data, and the subsequent energy
analysis results, it is clear that the simulated mobility data does not accurately represent that of real life mobility of the paratransit
industry. Simulated mobility incorporates various aspects, as expanded on in Section 3.1. These aspects are investigated and
quantified in terms of energy expenditure error, by comparing results by Abraham et al. (2021) and Hull et al. (2022b) using
the same dataset. Through this, we aim to close the gap between their results to improve on existing simulation tools.

3. Method

We systematically analyse the simulator by using as input a per-minute downsampled per-minute version of the 1 Hz GPS data
by Hull et al. (2022a). We compare the simulated 1 Hz output to the measured mobility data. The high-frequency simulated and
measured mobility data are separately used as inputs to the electro-kinetic model by Hull et al. (2022b) to evaluate the difference
in energy expenditure between the real-world and virtual mobility data.

The assessment separately evaluates the accuracy of the virtualisation of (1) the infrastructure, (2) the vehicle and (3) the driver,
thereby encapsulating the mobility aspects discussed in Section 3.1; and is compared to the measured dataset.

For each of the aspects we identified as problematic, we evaluate the impact of modifying the simulation suite accordingly, and
compare each individual modification’s results to the measured mobility where applicable. The impact is quantified in terms of
energy expenditure per distance by using the electro-kinetic model by Hull et al. (2022b).

3.1. Mobility

Mobility has a direct bearing on the energy conversion in a vehicle from electric to kinetic and vice versa. Insight into the
energy requirements for paratransit therefore necessitates an understanding of its unique mobility patterns on a high-frequency
level. Fundamentally, the question of mobility is one of space and time. We analyse the mobility on two levels: Routing: Where
these taxis go to and from, and which route they take, and Driving style: The way in which they move along the route from origin
to destination.

3.1.1. Routing

Unlike the scheduled transit in the developed world, minibus taxis follow demand-driven schedules — often departing when
full, stopping at ad-hoc locations to drop off and collect passengers on the way to the destination (Ndibatya and Booysen, 2021;
Zeeman and Booysen, 2014). In some conditions, mostly in cities, minibus taxis are issued with permits to follow only certain routes.
However, they often veer from regular and permitted routes to, for example, avoid traffic and to drop off passengers along the
way (Neumann and Joubert, 2016). Ndibatya and Booysen (2021) shows their trajectories tend to follow a heavy-tailed power-law
distribution, similar to a “Lévy walk”, in their seemingly random search for passengers. Since commuters predominantly travel to
and from work in urban areas, traffic peaks are apparent from 06:00 to 09:00 and from 15:00 to 18:00 (Abraham et al., 2021).

To accurately simulate the mobility patterns of minibus taxis, and thus obtain high-fidelity estimates of energy expenditure,
comprehensive and representative spatio-temporal data is needed. Since the drivers mostly go where they please and do so
unscheduled, this data has to be captured by tracking the vehicles. Although minutely sampled mobility data tends to be stored as
part of some research projects (e.g., by Abraham et al., 2021 and Ndibatya et al., 2016), the norm in vehicle tracking applications
to only store the Origin and Destination (O+D) data to reduce the cost of transmission and storage. To get routing information from
O+D data, in the absence of GPS waypoints, requires a routing algorithm. In this sense, a waypoint refers to a single sample of
input data. This could be done with simulation software such as the routing algorithm provided with SUMO, a multi-modal traffic
simulator (SUMO, 2022c).

3.1.2. Driving style

A key driver of an EV’s energy expenditure, and therefore efficiency, is the way in which the vehicle is driven. An aggressive
driving style may result in rapid changes in location, speed and/or acceleration, resulting in specific high-frequency movement
characteristics of the vehicle (Al-Wreikat et al., 2021; Faria et al., 2019; Murphey et al., 2009; Ebot Eno Akpa et al., 2019). Both
intense accelerating and braking result in the loss of effective energy (e.g. heat dissipation). Given these losses, each instance of
accelerating and braking results in inefficiencies. Moreover the movement of the vehicle through the natural environment also affects
the energy balance between the battery and its mobility. For example, driving downhill vs. uphill, or with the direction of the wind.

To record the nature of these rapid changes in kinetic energy and adequately estimate the resulting energy losses, a correspond-
ingly quick rate of data capture is required (Hull et al., 2022b; Shannon, 1949). This quick rate of capture is especially important in
the context of minibus taxis, which notoriously engage in aggressive driving that involves rapid and quickly changing acceleration
and deceleration events (Zeeman and Booysen, 2014). Hull et al. (2022b) have shown that only 56% of the energy inherent in their
mobility patterns is captured when using per-minute rather than per-second mobility measurements (Hull et al., 2022b).
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To obtain high-fidelity estimates of energy usage from GPS locations requires high-frequency data (Hull et al., 2022b). However,
this requires a lot of data to be transmitted and stored, such as the 1 Hz GPS data used by Hull et al. (2022b), making high-frequency
data measurement impractical on a large scale. In the absence of such measured data, a micro-traffic simulator on a virtual map,
for example SUMO on Open Street Map, can be used to interpolate high-frequency data in between waypoints — an approach used
by Abraham et al. (2021).

3.2. Electro-kinetic energy models to link mobility to energy in EVs

Electro-kinetic models use the movement characteristics of a vehicle through space and time to estimate the energy required
to perform those movements. For EV modelling they therefore act as the bridge between kinetic energy and electrical energy
stored in the battery. These models use mobility data with parameterised models of the propulsion and braking systems and virtual
representations of the environment to estimate the efficiencies of converting energy from the battery into displacement and from
movement into the battery when braking.

In addition to micro-level mobility information, vehicle parameterisation plays an important part in energy estimation. These
parameters include vehicle mass, dimensions, powertrain efficiencies and resistance coefficients amongst other things. The specific
integration of each vehicle parameter depends on the configuration of the kinetic energy model. The fundamental result obtained
from an energy model is the energy required per movement, i.e. energy per distance. In this paper, the unit of energy per distance
is chosen as kWh/km.

Various energy models exist in the literature that can be used to estimate the energy expenditure of a vehicle (Wu et al., 2015;
lora and Tribioli, 2019; Kurczveil et al., 2014; Hull et al., 2022b). Models differ in terms of the required input data and the sampling
frequency thereof. Each model uses a unique set of physics-based formulas that determines the required energy to move between two
data location samples in the sample period. Some models only determine the kinetic energy required at the wheels of the vehicle,
while others transcend the kinetic domain into the internal power electronics of the vehicle. This is dependent on the type of vehicle
used for data collection and sensors fitted to said vehicle.

In this paper we use the simple physics-based model proposed by Hull et al. (2022b).

3.3. Input data

A dataset from Hull et al. (2022a) is used as input to EV-Fleet-Sim. It consists of 1 Hz data captured by six tracking devices used
by passengers on pre-selected routes in and around Stellenbosch, South Africa.

These routes were chosen to represent urban, uphill and downhill, and inter-city travel, having speed limits of 60 km/h, 80 km/h,
and 100 km/h respectively. Trip distances ranged between 2.6 km and 23 km, with trip time ranging from 4 min to 27 min. As
further described by Hull et al. (2022b), the bulk of the data was collected on a single day and it does not account for variation
that may occur in the driving patterns of minibus taxis over

In total, 62 trips were recorded across the different routes at different times of the day (Hull et al., 2022b).

Fig. 6 compares the results yielded by different methodologies used for estimating paratransit energy. The 1 Hz GPS data
from Hull et al. (2022a), and 1 Hz simulated mobility output data is used as input to the electro-kinetic model presented by Hull
et al. (2022b). As described in Section 2.1, the data from the dataset is downsampled to one sample per minute when used as
input to EV-Fleet-Sim, which in turns generates simulated 1 Hz mobility data. Other energy expenditure figures from Collett et al.
(2021), Miri et al. (2020) and Abraham et al. (2021) are also included, along with the manufacturer stated energy consumption of
several similar real world vehicles. The constant values from Collett et al. (2021) and Miri et al. (2020) are not generated from the
input dataset, but rather are gathered from the mean energy expenditures suggested in their respective studies.

Comparing the results yielded from using simulated data input to measured data input, it seems simulated mobility data leads
to an overestimation of energy expenditure. This is emphasised by the even larger overestimation by Abraham et al. (2021), who
also made use of EV-Fleet-Sim; with the only difference being that they used the electro-kinetic model by Kurczveil et al. (2014).
The differences in energy expenditure estimations caused by the different electro-kinetic models is scope for future work.

The difference in energy expenditure between using simulated and measured data is also shown to fluctuate according to route
type. This renders making use of a constant ratio to translate energy expenditure from simulated data to measured data insufficient;
and thus an in depth analysis is needed.

The question is thus raised, how much of the energy expenditure difference is due to the difference in physical vs virtual road
infrastructure, the routing and waypoint progression of SUMO or the virtual driver process. Furthermore, can these differences be
eradicated to generate high-frequency mobility data that is accurate enough to generate high-fidelity energy expenditure estimates
in line with Hull et al. (2022b)?

3.4. Systematic analysis and improvement of the simulation model

We analyse the accuracy of the virtualisation of SUMO as used by EV-Fleet-Sim based on the three aspects stated in Section 1.1:
transport infrastructure, waypoint following and driving style.

Firstly, the downloaded Open Street Map (OSM) file is investigated. Although the OSM file is downloaded from a publicly
available data source (OpenStreetMap contributors, 2017), it is modifiable. Once the file is converted to a network file format,
it can be opened with SUMO NetEdit, a graphical user interface to view network files (SUMO, 2022b). Using this programme,
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Fig. 6. Distributions of energy expenditure (kWh/km), compared to state-of-the-art from literature (Miri et al., 2020; Collett et al., 2021; Abraham et al., 2021)
and real world vehicle specs (Ruivii, 2019; Dongfeng, 2021; Higer, 2020), and dis-aggregated by route type. The blue and red dashed lines represent the mean of
the estimates constructed using measured data (0.39 kWh/km) and SUMO mobility output (0.44 kWh/km) as inputs into Hull et al.’s (2022b) model respectively.
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

allows information such as the completeness of the road network, road parameters, GPS information and traffic control features to
be viewed and edited. The Open Street Map and Road Network File blocks, as presented in Fig. 4, are analysed and modified in this
investigation.

Waypoint progression done in SUMO is analysed based on the virtual progression along the waypoints versus the actual measured
route advancement. It is investigated by observing the virtual vehicle’s movement in the SUMO graphical user interface and
comparing it to the recorded movement in the dataset. The Routing block presented in Fig. 4 is analysed in this investigation.

Finally, we assess mobility observed in the virtual vehicle of SUMO. The method of this examination consists of manually
editing the Vehicle Configuration and parameterisation and Road Network File files which affects the Mobility Model process. Here
we do a mobility deep dive to assess some inaccuracies from what is observed from the measured data. The configuration and
parameterisation of the vehicle is defined in a XML file, which can easily be edited. Speed and acceleration limits can be set
here, along with other parameters which influences mobility. Various SUMO packages are used to form the base of the driver
model (SUMO, 2022a). The aim is to see a more accurate representation of the driving style which is observed in the measured
dataset.

4. Discussion of results

The results are presented according to the virtualisation of the physical infrastructure, virtualisation of the waypoints, and the
virtualisation of the driver.

Table 2 previews these results, and summarises the impact of each individual aspect. The baseline impact is assessed based on
the mean change in energy expenditure per distance and trip, obtained from using simulated mobility data (SUMO, 2022d) as input
to the electro-kinetic model by Hull et al. (2022b); and compared to that from using measured mobility data (Hull et al., 2022a).

The measured 1 Hz dataset is taken as ground truth for the high-frequency data source. As previously mentioned, the data used as
input to EV-Fleet-Sim to generate simulated 1 Hz (SUMO, 2022d) data was generated by downsampling the 1 Hz measured dataset
by Hull et al. (2022a) to one sample per minute, thereby providing a like-for-like comparison.

The modifications aim to align the energy expenditure estimates constructed from SUMO’s simulated high-frequency data to
that what Hull et al. (2022b) reports when using the measured data. We aim to identify the contributing factors to the difference
between the ground truth dataset and the simulation, and to quantify each factors’ contribution in terms of energy expenditure per
distance [kWh/km]. Where feasible, the virtualisation will be modified for improved accuracy.

Where energy expenditure difference is not reported in the table, it had no impact on the mean figure. The reader is referred to
the individual sections for the reasoning.

Waypoint progression and stop sign adherence error corrections are emitted from the aforementioned results as it is only
estimated based on energy per distance, not energy per trip.
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Table 2
Summary of modifications to EV-Fleet-Sim’s mean energy expenditure.
Electro-kinetic model HF data source Energy Change in Change in
expend./km expend./km expend./trip
[kWh/km] [kWh/km] [%]
Hull et al. (2022b) Measured (Hull et al., 2022a) 0.387 - -
Hull et al. (2022b) Simulated (SUMO, 2022d) 0.441 - -
Impact of improving virtualisation (simulation)
Physical 1 Elevation 0.458 +0.017 (+4%) +7%
infrastructure + Missing roads® - - —3%"
% Network parameters 0.393 —0.048 (-11%) —4%
« Traffic control features - - -
Waypoints — Waypoint progression® 0.333 —0.108 ( —24%) -
* Reverse geocoding - - —35%¢
Virtual driver i Speed profile 0.405 —0.036 ( —8%) -1%
+ Acceleration profile 0.393 —0.048 (-11%) —4%
— Stop sign adherence® 0.442 +0.001 (+0%) -

+ Modification integrated with EV-Fleet-Sim.

4 Manual intervention needed for modification.

- Impact on energy expenditure of modification estimated.

» No energy expenditure changes are made in these sections.

aAs there is only one missing road in the area of the dataset used, the impact on the mean energy expenditure over all trips is
negligible.

bChange only reported for the Urban Route 1 route dataset as it is the only route where missing roads were found.

¢Changes in energy/trip are not applicable as the impact was only analysed on energy per distance base, not energy per trip.
dChange in energy/trip is only for a single fixed trip as discussed in Section 4.2.2.
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Fig. 7. Change in elevation per distance, versus change in energy expenditure per distance.

4.1. Physical infrastructure vs virtual infrastructure

In this section, various aspects of real life physical infrastructure are compared with the virtual infrastructure seen in the SUMO
environment as defined by the OSM file. The effect of these observed differences on energy expenditure are quantified. Specifically,
the effects of omitting elevation, having an incomplete road network, inaccurate road parameters, and inaccurate traffic control
features on energy expenditure estimations are evaluated.

4.1.1. Elevation

Open Street Map (OSM) is a geographic database of the world used to create the network file in the simulation. However,
elevation information is not standard information contained in an OSM dataset. Data nodes used in OSM are defined solely by an
ID, latitude and longitude. This allows for a complete 2D picture of a chosen area. However, SUMO can also take elevation into
account.

OSM data can be processed with OpenStreetMap (2022), a command line Java application. By using an Osmosis plugin, Nasa
SRTM data (NASA, 2015) is used to overlay elevation information. The Osmosis-srtm-plugin (Graf et al., 2015) is used for this purpose.
This will add a height tag to each note. The result of overlaying elevation data on the OSM file increased the mean energy expenditure
per distance by 0.071 kWh/km to 0.458 kWh/km. The individual route impact of adding elevation in EV-Fleet-Sim is shown in Fig. 7.
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Fig. 8. (a) and (b) Missing road from OSM data used by the taxi. (c) and (d) Google street view of route taken from Bassi to Setona Street (Google, 2015).

The increase or decrease of mean energy expenditure correlates as expected for routes with a net elevation gain or loss; suggesting
an improvement of the real world accuracy of SUMO’s simulated data output. It is recommended that elevation is always included
in EV-Fleet-Sim for more accurate physical infrastructure representation.

4.1.2. Missing roads

Movement in the SUMO model is restricted to road-only movements as defined in the OSM file. If a minibus taxi takes a shortcut
over land which is not recognised on OSM as a road, it will severely impact the routing algorithm.

Even though the areas in which this study is conveyed has accurate coverage of the road network, it cannot account for all the
routes taken by minibus taxis, especially in informal settlements. Editing the road network file, created from the OSM file, allows the
virtual vehicle to access service and gravel roads in the SUMO simulation. Although this allows them more freedom of movement
than a normal vehicle in the simulation, it still does not cover all the routine routes used by minibus taxis.

An example of this is seen along Urban Route 1. Between Bassi and Setona Street a throughway over an empty plot is used, as
shown in Fig. 8.

From what is seen on Google Street View (Google, 2015) in Figs. 8c and 8d and the recorded trips, this throughway is used
repetitively and unofficially part of the Urban Route 1 minibus taxi route.

Even though OSM data includes dirt and gravel roads, this throughway is not a real road. Thus, routing algorithms will have
to determine alternative routes to complete routing between waypoints in Bassi and Setona Street, which is far removed from the
route taken in reality.

The only solution for this problem is manual intervention, by visually investigating the route taken by a minibus taxi. Doing
this with minutely sampled data could still lead to missing roads used by minibus taxis not being found; thus 1 Hz measured data
is crucial to this investigation.

The aforementioned missing road on Urban Route 1 is the only shortcomings found in the area which covers the dataset used
for this study. Thus, the impact on the mean energy expenditure is negligible over the 62 trips and 6 routes. However, manually
adding the missing road in NetEdit reduced the mean result for trip distance of the Urban Route 1 dataset by 4% and subsequent
energy expenditure by 3%.

Although only one road was unrepresented in the area which covers this dataset, the extent of this issue in the context of SSA
remains unknown. Picking up on this error would require high-frequency measured data and manual inspection of all routes taken.
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Although the energy expenditure per distance [kWh/km] is not affected by this shortcoming, the total distance and subsequent total
energy requirement for minibus taxi operations will be overestimated due to missing roads. This is a flaw which simulations alone,
including EV-Fleet-Sim, are not adequate for addressing.

4.1.3. Network parameters

In SUMO, an edge represents a single lane connecting two intersections; or a collection of side-by-side lanes, travelling in the
same direction between two intersections. Each edge has a set of parameters as defined in the OSM dataset. Edge parameters include:

1. Direction: Defined by identifying the two intersections (nodes) connected by the edge, and labelling them as ‘to’ and ‘from’.

2. Type: Defines if the road is public or service, gravel or tarred, residential or tertiary etc.

3. Speed Limit: The legal speed limit of the edge.

4. Allowed and Disallowed: Specific vehicle types can be allowed or disallowed on the edge.

5. Length: The total distance which a vehicle will travel on the edge.

For the area covered by the dataset used in this study, it is found that the Direction and Type parameters are precisely accurate.

The Speed limit parameter is found to be mostly accurate. Some of the larger roads in Stellenbosch were found to overestimate
the speed limit by 20 km/h. Other inaccuracies were found when a regional road crosses a traffic light intersection, or passes near
a residential area. The actual speed limit reduction to 80 km/h or 60 km/h is not seen in the OSM dataset. In the dataset, the entire
regional road has the highest speed limit of 100 km/h.

Energy expenditure per distance reduces to 0.393 kWh/km when fixing all speed limits of roads used in this dataset, as shown in
Table 2. Note that this required manual intervention by searching through each edge’s parameters in NetEdit and fixing the speed
limit where needed. Thus, this modification is not uploaded to EV-Fleet-Sim and only shows the impact of incorrect speed limits on
energy expenditure.

The type of vehicles that are Allowed and Disallowed on certain edges are found to be needing manual intervention too. In the
context of a first world country, the road network is nearly entirely tarred. However, gravel roads forming part of daily commute
is ordinary in SSA. Thus, gravel roads are manually set to Allow the taxi vehicle class using NetEdit. In addition, service roads are
also set to Allow taxis, as the roads in the minibus taxi ranks are defined as such. This manual intervention is already part of the
standard EV-Fleet-Sim and thus the impact of this modification is not analysed.

The accuracy of the Length parameter is not investigated in this study.

Intersection parameters dictate lane priority. Each lane has parameters in relation to other lanes in the intersection, which
includes: lanes that it must yield for; lanes over which it has right of way; non-conflicting lanes; crossing lanes where traffic lights
prevent vehicle collision.

The accuracy of the intersection’s parameters are not analysed in this study.

4.1.4. Traffic control features

In addition to edges and intersections, various traffic control features are also present in the network file. This includes traffic
signals, foot crossings and roundabouts.

The presence of pedestrian and vehicle traffic in the simulation dictate the effect of foot crossings and roundabouts on the virtual
vehicle respectively. But as there are no traffic by default in the simulation model, the influence of these traffic control features are
irrelevant for this paper.

Traffic signals are on a fixed 90 s cycle by default, irrespective of traffic. They operate on 90 s cycles (SUMO, 2022f).

One clear shortcoming in the virtual network is the omission of stop signs. The lack of stops signs in the virtual infrastructure
is further investigated in Section 4.3.3, where the stop sign adherence of the actual vehicle in the measured dataset is analysed.

4.2. Waypoints in the real world vs. waypoints on a virtual map

In this section, waypoint progression and accuracy is analysed. It is compared to the measured mobility in the dataset and
divergences are quantified in terms of energy expenditure and distance. Specifically, we look at how the vehicle advances from one
waypoint to the following, and the accuracy of the waypoint on the virtual map versus the actual waypoint.

4.2.1. Waypoint progression

As previously described, a SUMO routing algorithm based on the shortest distance between waypoints is implemented in EV-
Fleet-Sim. However, what happens after the virtual vehicle crossed each waypoint in SUMO, has not been assessed. The movement
of the virtual vehicle can be observed in the SUMO graphical user interface, which allows the waypoint progression to be analysed
as shown in Fig. 9.

To quantify the number of stops, the 1 Hz mobility output from SUMO is compared to the measured dataset (Hull et al., 2022a)
and the number of stops counted. A complete stop is defined as an observed speed of less than 2.778 m/s or 10 km/h for more than
one consecutive sample. An upper threshold of 15 km/h or 4.167 m/s is also implemented. Thus, a new stop can only be logged
once this threshold is exceeded. These thresholds were determined with a control test by using a GPS receiver, where complete
stops were performed and GPS speed analysed.

It is seen that the number of simulated stops greatly outnumber the measured stops on the Inter-city, Uphill and Downbhill
trips . The relatively high speed-limit on these routes, combined with the excessive number of stops is an indication of why energy
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Fig. 10. Total stops observed from recorded dataset, Simulated and Simulated without the spurious high-speed stops that result from the waypoint progression
method.

expenditure using simulated mobility data results in an overestimation. This is due to extreme energy losses, or low energy efficiency,
associated with repetitive breaking and acceleration, rather than staying at a constant velocity.

On roads with a speed-limits above 50 km/h, traffic lights are the only traffic control feature that incite a vehicle to stop. All
other stops observed in simulation from a speed of above 50 km/h is thus due to the waypoint progression of SUMO. To quantify
the over stoppage due to waypoint progression, stops occurring from a speed higher than 50 km/h, excluding traffic light stoppages,
are removed. The results are shown in Fig. 10 and are labelled as “Simulated (updated)”.

Much greater stoppage correlation is seen after high-speed stops due to waypoint progression is removed. To estimate the energy
expenditure related to the over stoppage in the simulation model, the energy output from using the simulated mobility data is
analysed.

Each trip is individually investigated where the removed high-speed stops are logged. The distance covered and energy expended
during this stop are removed from the trip’s results file. Through this, a new energy expenditure per distance for each trip is estimated
as if these high-speed stops due to waypoint progression did not occur. This reduced the mean energy expenditure to 0.333 kWh/km,
as shown in Table 2.

4.2.2. Reverse geocoding

Current GPS technology allows for about 4.9 m of accuracy, which decreases when travelling at high speeds (Hanacek, 2021;
Rahemi and Mosavi, 2021). Inaccurate readings of only 4.9 m already causes great trouble when using a routing algorithm.

When waypoints are given to a routing algorithm, they are latched to the closest edge. Inaccurate waypoints could thus easily
latch onto a wrong edge, as no other input data is used when creating a route structure. As the waypoints are routed according to
their timestamp, one inaccurate waypoint will lead to an incorrect route and result in an over-estimation of route distance and thus
total energy.

One such example is seen on a trip from the Inter-city 2 dataset. Here, an inaccurate GPS reading resulted in a total trip distance
of 30.5 km. The measured distance for the same trip totals 20.6 km. The number of possible inaccurate GPS readings is directly
proportional to the number of input waypoints. To put this into context, using only origin and destination waypoints for routing of
this same trip results in a trip distance of 19 km. This gives reassurance that the routing done by SUMO is in fact accurate and not
the origin of this problem.

After manually editing the faulty waypoint, the total trip distance reduced to 20.9 km and trip energy by 35%, as shown
in Table 2. However, correcting faulty waypoints only changed the energy expenditure per distance by 0.4%. Thus, the reverse
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Fig. 11. Example of speed profiles before and after improvement in speed profile for the urban environment.

geocoding error only impacted the total energy per trip substantially, and not the energy per distance. Other comparisons made in
this paper based on kWh/km were not impacted by this error.

In addition, travelling on narrow roads often requires the minibus taxi to drive on the other side of the road. Even accurate GPS
readings will then lead to inaccurate routing, as the edge upon which the waypoint latches has a parameter dictating the traffic
flow direction.

One could argue that origin and destination data could in this case solve the issue. However, as discussed in Section 3.1.1, it is
shown that minibus taxis do not always follow the shortest distance between origin and destination (Neumann and Joubert, 2016;
Ndibatya and Booysen, 2021), thereby avoiding traffic and passenger demands are prioritised.

Thus, the one sample per minute approach used by Abraham et al. (2021) is seen as the best compromise to capture the actual
route. However, this is still a substantial methodological error, as mean trip distance and subsequent mean energy expenditure per
route over the entire dataset is over-estimated by 27% and 46% respectively.

4.3. Virtual driver

In this section, the behaviour of the virtual driver is assessed. Specifically, we compare the speed profile, acceleration profile and
stop sign adherence to the measured dataset. The impact of virtual driver inaccuracies is quantified in terms of energy expenditure
and compared to Hull et al. (2022b) using measured data in Table 2.

4.3.1. Speed profile

The speed of the virtual vehicle is determined by the SUMO driver model and the speed limit of the edge on which it travels.
The simulation model uses the measured speed of the actual vehicle only as zero or non-zero. Thus, the input speed is used solely
to determine whether the vehicle is stationary or not. The exact speed of the measured waypoint is not considered in the virtual
vehicle mobility.

Upon viewing the virtual vehicle’s mobility in the SUMO GUI, the following observations are made: The vehicle will remain at
the speed limit all the time. This includes crossing any intersection apart from when turning, encountering a red light or stopping
after crossing a waypoint (as described in Section 4.2.1). When entering an edge with a lower speed limit, the virtual vehicle’s speed
will reduce before entering the reduced speed zone area.

To assess the accuracy of the virtual vehicle’s speed in comparison to the actual speed, the speed profiles of several trips are
plotted against each other.

The speed profile of a randomly chosen trip from the Urban Route 1 dataset is plotted in Fig. 11(a).

A great difference in vehicle speed is seen throughout the entire trip in Fig. 11(a). The low correlation in speed is emphasised in
the latter part of the trip, which takes place on residential roads. Even though the speed limit in this part of this route is accurate,
the simulation clearly does not accurately represent the actual speed of the minibus taxi. The beginning section of the trip, where
the simulated top speed is seen as roughly 80 km/h, features an incorrect edge speed limit. The accuracy of this edge parameter
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is fixed as part of Section 4.1.3. To investigate whether this is just the case for the urban route, the speed profile of a randomly
chosen trip from the Inter-city 1 dataset is plotted in Fig. 11(c).

Apart from the excessive number of virtual vehicle stops and assumed real world traffic in the latter part of the trip, there is a
strong correlation between the speed profiles. This reinforces some confidence in the speed limits defined in the OSM dataset.

From Fig. 11(a) it can be concluded that the speed limit of roads in residential areas are not an accurate representation of the
actual vehicle speed. Inter-city roads however show a more accurate representation. The lack of the presence of traffic in SUMO
undoubtedly also plays a role in the virtual vehicle’s speed.

With the NetEdit application, residential roads can be selected with their type parameter: highway.residential. The speed limit
thereof can be manually modified. According to the measured dataset, an average top speed of 25 km/h is seen on residential
roads. After implementing this speed limit change on residential roads on the network file, the new speed profile of the same trip
as in Fig. 11(a) is shown in Fig. 11(b).

Mean energy expenditure reduced to 0.405 kWh/km when setting the speed limit of all residential roads to 25 km/h, as shown
in Table 2.

4.3.2. Acceleration profile

Acceleration plays a significant role in the energy consumption of any vehicle. High acceleration and deceleration results in a
reduction of the efficiency of the vehicle, thus increasing the energy expenditure.

The SUMO Driver Model used in EV-Fleet-Sim shows to be a much more aggressive driving style than what is measured, with
mean values for acceleration and deceleration of 5.1 km/h/s and 12.2 km/h/s respectively. Comparing this to the measured mean
acceleration of 3.2 km/h/s and mean deceleration of 6.0 km/h/s, it is clear that this is a big element in the overestimation of energy
expenditure in the simulation. In addition, alternating infinite and zero jerk (change of acceleration) are observed in the simulated
data.

As part of the input vehicle configuration, as shown in Fig. 4, a maximum acceleration and deceleration can be set. By default,
the maximum values are set to 9.36 km/h/s for acceleration and 14.4 km/h/s for deceleration. For this modification, the limits in
the simulation parameters are set according to the measured upper Q3 acceleration and lower Q1 deceleration: 3.9 km/h/s and
6.9 km/h/s.

The effect of modifying the acceleration and deceleration parameters is shown in the box plot of Fig. 12, excluding outliers. To
eliminate low acceleration observed at constant speeds, a threshold of +1 km/h/s and -3.6 km/h/s is implemented.

The mean acceleration and deceleration in the simulation reduced to 2.82 km/h/s and 6.5 km/h/s respectively. This reduced
the mean energy expenditure to 0.393 kWh/km, as shown in Table 2.

4.3.3. Stop sign adherence

As stated in Section 4.1.4, the network file used in the simulation model does not support stop signs. To investigate the extent of
the impact of this shortcoming in the virtual infrastructure, we need to understand the stop sign adherence of a real-world minibus
taxi.

To investigate the stop adherence of the actual vehicle in the measured dataset, Table 3 is drawn up. It was analysed in terms of
stop sign ratio; which indicates the percentage of stop signs they obey. A dead stop is again defined as a speed of less than 10 km/h
for two consecutive samples; with an upper threshold of 15 km/h. Stop sign and traffic light crossings are individually prescribed
to every recorded trip. GPS error of 12.5 m is accounted for at a stop sign and traffic lights account for 50 m of backlog traffic, or
queue length. These parameters were defined according to a control test.

As shown, the measured minibus taxis only adhered to roughly 30% of stop signs, totalling 925 stops. With a total of 245 stop
signs crossed, a 100% stop sign adherence would increase the total stops to 1098. As stated in Section 4.2.1 the total number of
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Table 3

Stop analysis.
Route Stop signs Vehicle Stop sign Traffic light Other Total stops

encountered stopped™ ratio (%) stopped stopped®

Urban 1 64 17 26.6 13 177 207
Urban 2 12 4 33.3 11 40 55
Inter-city 1 36 13 36.1 64 113 190
Inter-city 2 21 6 28.6 54 108 168
Uphill 63 19 30.2 33 134 186
Downhill 49 13 26.5 28 78 119
Total 245 72 29.4 203 650 925

aVehicle is considered to have stopped if the GPS-recorded speed is below 10 km/h for two consecutive seconds or more.
PGPS error of 12.5 m is accounted for at stop sign.
¢Other stops are presumably to drop off and pick up passengers.

stops in the simulation reduced to 1093 when removing high-speed stops. This shows near perfect correlation to the number of
real stops if all stop signs were obeyed, 1098.

It can be concluded that the omission of stops signs in urban areas are made up by the way in which waypoint progression is
done, assuming the minibus taxi obeyed all stop signs. However, it is shown that only approximately 30% are obeyed in reality. We
thus aim to estimate the change in energy expenditure if the virtual vehicle also ’obeyed 30% of stop signs’.

An estimated average speed of between 25 km/h and 35 km/h is chosen to quantify the energy expenditure due to obeying a
stop sign in SUMO. A mean energy expenditure of 0.03 kWh/stop is found, for a mean distance of 0.09 km. After the removal of
173 stops (the number of stop signs the real minibus taxi did not obey), a new mean energy expenditure of 0.442 kWh/km was
found as shown in Table 2.

5. Conclusion

Due to labour requirements and high cost to generate accurate 1 Hz mobility data, micro-traffic simulators are essential for
understanding the micro-level mobility of paratransit in Sub-Saharan Africa, an industry where minutely sampled mobility data is
relatively common. Although there are tools used in industry to simulate mobility and subsequently calculate energy expenditure,
we have shown that they do not adequately model and simulate paratransit in a SSA context. In this paper, various aspects of the
upsampling of low-frequency mobility data is analysed and compared to measured high-frequency data and the subsequent energy
expenditure results thereof. We have shown that there are various modifications that can be made to; and shortcomings still present
in mobility simulators as a substantial difference is evident between the energy expenditure estimated by the measured mobility and
simulated mobility. As part of this paper, we have rectified the omission of elevation data, and inaccurate speed and acceleration
profiles.

An initial overestimation of 14% for energy per distance is found when using the simulated data from EV-Fleet-Sim as input
to Hull et al. (2022b)’s model, with a total energy per trip over estimation of 46%. This suggests a smaller battery requirement for
electric minibus taxis and a reduced impact on the electrical grid than was initially suggested when working with only simulated
mobility data from EV-Fleet-Sim.

In another use case of EV-Fleet-Sim, Abraham et al. (2021) suggested an energy expenditure of 0.93 kWh/km. In their paper,
the built in electro-kinetic model by Kurczveil et al. (2014) is used. Apart from a different input dataset used, this is the only
methodological difference in calculating energy expenditure to this paper. As previously mentioned, further investigation into this
matter is suggested.

Additional areas found for further work entails that of waypoint progression and reverse geocoding. As explained in Section 4.2.1,
the way in which waypoints are followed in the simulation results in a substantial over-estimation of energy usage. With the analysis
and theoretical contribution provided on this matter, future work on the routing model within SUMO is suggested. Although reverse
geocoding cannot be rectified due to the nature of how vehicles interact with the road, the theoretical contribution on the impact
this has on the energy analyses provided in this paper serves as a guideline and caution for future simulation use.

Another shortcoming in the simulation, which was not investigated, is the omission of virtual traffic. As this effects the driving
style and subsequent energy analysis, an accurate representation of real-world traffic is paramount for the eventual accuracy of
simulated results. It is advised that modification on the simulation tool in this regard, and analyses on the implication of the absence
of virtual traffic be done as part of future work.

Although various other methodological errors are pointed out when simulating high-frequency mobility, the resultant improved
EV-Fleet-Sim mobility output assists in having accurate energy expenditure estimations in regions where micro-level mobility data
is scarce. It is thus clear that the simulation should first be improved, whereafter managerial and policy recommendations to
Government, paratransit operators and other stake-holders can be made. This benefits all parties in the electrification of the minibus
taxi industry; from designing the optimal electric minibus taxi, to quantifying the impact on the electrical grid of an operating electric
minibus taxi fleet.

In addition, having accurate micro-level mobility data lays the groundwork for future work to do drive cycle analysis of the
industry. This will allow energy expenditure to be spatially estimated for various regions. Adequate charging infrastructure can
subsequently be planned according to these results and assist in the e-mobility transition of paratransit in Sub-Saharan Africa as a
whole.
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Data availability
All our data is public and linked in the paper.
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