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Abstract—The recent rapid growth in the use of motorcycle
taxis in many African countries has led to an increase in negative
environmental impacts, such as local air pollution and carbon-
emissions. Electrification of these motorcycles has been proposed
as a solution to these issues and several pilot-projects are under
way. However, the electricity systems in many of these countries
are strained, with generation and/or distribution capacity at
their limits, leading to regular power outages that could impact
the charging of these e-motorcycles. These fragile grids may be
put under further strain by additional e-motorcycle charging.
Usage patterns of these commercial motorcycle taxis imply that
drivers may not be willing to wait for extended periods to
charge during their shift. The use of battery swapping stations
could mitigate these issues, however, modelling of their system
impacts is required to fully understand their potential. This paper
presents a hybrid model to simulate the key operational processes
of battery swapping stations and their energy systems, allowing
various configurations and scenarios to be investigated for the
specific context of e-motorcycles in Africa. The configuration
parameters include the numbers of batteries and charging slots,
the charging power, and the addition of solar PV and static
battery energy storage capacity. Power outages can be modelled
for various scenarios. A test case of a battery swap station in
Nairobi, Kenya, was used to showcase and validate the model.

Index Terms—battery swapping station model, energy system
model, electric motorcycle, solar PV, battery energy storage,
power outages, Nairobi Kenya, Africa

I. INTRODUCTION

Expanding access to transport services is an important
component of the economic development and growth in any
country, as it is a means of providing access to healthcare, ed-
ucation and employment opportunities to its people. However,
in many African countries, access to transport has been limited
due to a number of factors, such as a lack of organised public
transport infrastructure and the poor condition of roads [1].

These factors have contributed to the emergence and rapid
growth of commercial motorcycle taxis in some African coun-
tries [1]. While these vehicles are helping to increase access to
transport, they are also responsible for a number of negative
environmental impacts, such as increasing carbon-emissions
and local air pollution [2].

Electrification of these motorcycles has been proposed as
a solution to these issues, with a number of pilot-projects
currently under way, and the Government of Rwanda planning

to release policy that will no longer permit non-electric motor-
cycles into their fleet [3]. Electric motorcycles (e-motorcycles
or EMs) produce no local air pollution, and have the potential
to reduce carbon-emissions, though this is dependent on the
electricity mix in the country. The charging of these vehi-
cles in many African countries could be impacted by their
strained electricity systems, with generation and/or distribution
capacity at their limits, leading to regular power outages [4].
These fragile grids may also be put under further pressure by
these additional charging loads. This means their grids may
not be able to support the charging of these e-motorcycles
and could present major barriers to their deployment in these
countries. Furthermore, the usage patterns of these motorcycle
taxis imply that drivers may not be willing to wait for extended
periods of time to charge during their shift [5].

Battery swapping stations (BSSs) are an option that could
overcome some of these issues, and feature in some pilot-
projects [6], [7]. Battery swapping is a convenient method
for circumventing the issue of waiting for a battery to charge
before being able to travel again since the swapping of
a discharged battery for a fully charged one occurs in a
relatively short time at a BSS [8]. Battery swapping is also
particularly suited to motorcycles since they generally require
smaller batteries, which are easier to remove and handle during
swapping [8]. A recent paper on energy and transport in
Africa and South Asia [9] identified key knowledge gaps that
lie at the intersection between mobility and power systems,
and specifically around determining the impacts of EM BSSs
on the power generation and distribution networks in these
regions.

A. Related Work

BSSs, along with their energy systems, have been studied
in the literature to varying extents and for different purposes.
For instance, reference [10] used the HOMER Pro simulation
software to investigate using BSSs for electric rickshaws in
Bangladesh as a distributed energy source to allow integration
of intermittent renewable energy sources. The study assumed
a number of naturally stochastic variables (e.g. battery state
of charge (SOC), number of swaps per vehicle and time of
charging) to be constant which may reduce the practicality of
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Fig. 1. Flow diagram of Battery Swap Station Model. Source: Author adapted
from [13].

certain results. Whereas the authors of [11] take the random
values of SOC, charging time and vehicle arrivals into consid-
eration in their queuing network model of a BSS. Similarly,
in [12], a stochastic model was proposed to investigate the
operation of BSSs for buses and taxis.

While these and other models have their merits, no single
comprehensive model was found in literature that could take
into account the various aspects of BSSs for the specific
context of EMs in Africa.

B. Our Contributions

The dearth of available data on EM usage in African Cities
due to their recent introduction is a significant challenge in
impact studies of EM deployment. To address this challenge,
we adopted a simulation approach to analyse how different
configurations of BSSs perform under various scenarios and
what their potential benefits and impacts may be. Our model
was developed to be comprehensive and sensitive to factors
that are specific to the context of battery swap stations for
EMs in African cities. These factors include the stochastic
nature of various battery swap demand inputs, the integration
of solar photovoltaic (PV) and battery energy storage systems
(BESSs), the system response to grid power outages, and their
impacts on the grid load.

II. MODEL DESIGN AND METHODS

The key processes involved in the model are summarised in
the simplified flow diagram of the BSS shown in Fig. 1. This
diagram has been adapted from [13]. It shows that the model
comprises three broad categories of processes:

a) EM taxi processes: These involve the EM taxi which
is modelled as a discrete entity that arrives at the BSS, drops
off its battery, waits in a queue until a battery is available,
then is served a battery before departing from the station.

b) Battery processes: These involve the swappable bat-
tery which is also modelled as a discrete entity that arrives at
the BSS with the EM taxi, waits in a queue until a charging

slot is available, undergoes charging, and is then stored at the
BSS until it is served to an EM taxi.

c) Power and energy processes: These involve continu-
ous time based signals that represent either power or energy
flow between the different energy sources (grid, solar PV,
and battery energy storage system (BESS)) and the batteries
being charged at the charging slots. An energy management
system is used to control the dispatch of energy between these
different sources.

A. Development Environment

To realise and implement these models, the MATLAB
software along with the add-on packages, Simulink and
SimEvents, were used. The interface between Simulink and
SimEvents allows for the creation of time and events-based
hybrid models [14], which allowed the BSS discrete event
processes and the continuous time based power and energy
components of the model to be connected and function as a
single hybrid model of the BSS.

B. Inputs and Data Pre-processing

The various inputs and any pre-processing that was per-
formed on the data are detailed below.

1) Batteries arriving at the BSS: The model uses probabili-
ties of arriving EM taxis at the BSS for each 30 minute period
of the simulated day, as well as the distribution of battery
SOC’s during each time period as inputs.

a) Arrival rates: The normalised probability of battery
swap events, Pswap,i, occurring in each 30 minute time period,
i, is first used to create a distribution of average arrival
rates of the EM taxis at the BSS, λswap,i (taxis arriving/time
period), for each time period of the simulated day. This can
be calculated as shown below in (1).

λswap,i =
Pswap,i ·NEM ·Nswaps/EM/day

∆tperiod
(1)

Where ∆tperiod is the length of each time period (30
minutes), NEM is the number of EM taxis being simulated,
and Nswaps/EM/day is the number of battery swaps per EM
taxi per day, as output from the EM taxi model.

The model assumed that the arrivals of the batteries cor-
responded with a Poisson arrival process [15], such that the
interarrival times of the arriving entities (EM taxis) could be
calculated using (2) adapted from [16].

dt = − 1

λswap,i
· log(1 −R) (2)

Where R is a random number in the range 0 to 1.

b) Battery SOC upon arrival: The SOC of the ith battery
arriving at the station, SOCbatt.arrive.i, is drawn from a
gamma distribution configured with the mean and standard
deviation of the SOC in that time period.

2) Solar irradiance: The model allows daily solar irradia-
tion data (kWh/m2) to be input in 15 minute intervals.
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3) Other transformer load: In order to investigate the affect
of the BSS load on the grid, a scale-able load profile for
the region of interest was required. The model allows a
transformer load rating to be input as a means of scaling
the other load profile at the distribution transformer for the
simulations. A load profile for Nairobi was input from [17].

4) Power outages: In order to investigate the effect of
power outages on the performance of the BSS, key metrics
for these outages were required. The average duration of the
outages and the average number of outages experienced per
month (outage frequency) were used as inputs as they are
available for most regions. For Nairobi, these values were
5.8 and 3.8 respectively [4]. For the timing of these outages,
data was found for Nairobi that showed that outages occurred
most frequently at 09:00 (morning) and 19:00 (evening) [18],
coinciding with morning and evening peak load periods.

C. Configuration Parameters and Sizing of Components

The model was setup such that a range of different BSS
design configurations could be simulated. For convenient
scaling of these results to different numbers of EM taxis, the
number of BSS batteries and BSS charging slots were input as
ratios per vehicle. Similarly, the solar PV and BESS capacities
were input as ratios relative to the station’s capacity and
backup supply requirements, respectively. These parameters
are discussed in further detail below.

1) Number of BSS batteries and charging slots: The num-
ber of BSS batteries and charging slots in the simulation,
Nbatt. and Nch.sl, were input by varying the ratio of batteries
and charging slots per EM. These ratios shall be referred to as
the BSS battery ratio, BR, and BSS charge slot ratio, CSR,
respectively, and are formally defined in (3) and (4).

BR =
Nbatt.

NEM
(3)

CSR =
Nch.sl

NEM
(4)

Where NEM is the total number of EMs considered.
2) Power of BSS chargers: The model allows the power

ratings of the BSS charging slots, Wch.sl (kW), to be input as
discrete values.

3) BSS charging capacity: Once the number of BSS charge
slots and their power rating have been set, the BSS total
charging capacity, WBSS.ch (kW), can be calculated using (5).

WBSS.ch = Nch.sl ·Wch.sl (5)

This value is useful in determining the solar PV and BESS
capacities.

4) Solar PV capacity: The installed solar PV capacity at
the BSS, WPV (kWp), was input by varying the ratio of
PV capacity to the BSS charging capacity. This ratio shall
be referred to as the BSS PV Capacity Ratio, PV R, and is
formally defined in (6).

PV R =
WPV · ηinv
WBSS.ch

(6)

Note that since the PV current would be converted from
DC to AC using an inverter (discussed in further detail in
Section II-C6), the inverter’s efficiency, ηinv , was taken into
account when calculating the PV R.

5) BESS capacity: The battery energy storage system
(BESS) was sized according to the ability to serve as a
backup power supply for the BSS during power outages. The
BESS discharge power capacity, WBESS (kW), was calculated
using (7).

WBESS =
WBSS.ch

ηinv
(7)

The BESS energy capacity, EBESS (kWh), was calcu-
lated based on supplying the maximum discharge power
for a portion of the mean length of the power outage,
µoutage.length (hr), as well as taking into account the max-
imum depth of discharge, DODBESS , as shown in (8).

EBESS = BESR · µoutage.length ·WBESS

DODBESS
(8)

Therefore, the BESS energy capacity ratio, BESR, can be
formally defined in (9).

BESR =
EBESS ·DODBESS

µoutage.length ·WBESS
(9)

The model was setup such that the BESS only supplied
power during outages, and was not used to supplement the
BSS charging load outside of these outage periods.

6) Inverter capacity: The configuration of the BSS con-
sidered in this model is AC coupled. Therefore, both the PV
and BESS require inverters to convert from DC to AC. The
capacity of the inverters were sized according to (10), adapted
from [19].

Winv. = SFinv. · (WPV +WBESS) (10)

Where SFinv. is the safety factor included for the inverter
power rating. A value of 1.3 was used in this model [19].

D. Power and Energy Dispatch

To model the different energy sources and charging of
the batteries at the BSS, the power and energy dispatch of
each source was modelled. The mathematical formulation that
forms the basis of the Simulink block diagrams in the model
shall be detailed in this section. A simplified diagram showing
the configuration of the station with all possible energy sources
is shown in Fig. 2. Details of the models for each power source
are provided in the following sections.

1) Power from solar PV: Based on the installed PV capacity
at the BSS, WPV , and specifications for the solar PV modules,
the total area of solar PV, APV (m2), could be calculated
using (11).

APV =
WPV ·Apanel

Wpanel
(11)

Where Apanel is the area of a single solar PV panel (m2),
and Wpanel is the panel’s peak power rating (kWp).
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Using the irradiance data input discussed in Section II-B2,
Isolar(t) (kW/m2), and the installed PV area at the BSS,
APV , the power output from the solar PV, wPV (t) (kW ),
could be calculated using (12), adapted from [19]:

wPV (t) = Isolar(t) ·APV · ηPV · ηinv (12)

Where ηPV is the efficiency of the PV modules, and ηinv
is the efficiency of the DC to AC inverter.

2) Battery energy storage system discharging power and
charging load: The lead-acid BESS was modelled to be a
back-up power supply at the BSS. Since a BESS is a storage
device, and not a generation source, it involves both charging
and discharging processes. The modelling of these processes
is detailed below.

a) BESS discharging: For discharging the BESS to sup-
ply charging load at the BSS, the following assumptions were
made to model the discharge power, wBESS(t) (kW ):

• The BESS was modelled to only discharge during power
outages.

• The BESS would only discharge the remaining charging
load not met by the installed PV.

• The discharge power was limited to the BESS discharge
power capacity, WBESS , as set in Section II-C.

• The BESS was modelled to have a maximum depth of
discharge, DODBESS , of 60% [20]. Therefore, the BESS
would not discharge if the SOC, SOCBESS(t), fell below
40%, i.e. SOCBESS.min = 0.4.
b) BESS charging: For charging the BESS, the following

assumptions were made to model the charging load from
the grid, wBESS.grid.ch (kW ), and charging load from PV,
wBESS.PV.ch (kW ).

• Charging from the grid was assumed to only occur during
off-peak periods between 0:00 and 06:00.

• The charging rate was set to 0.2C [21] (i.e.
wBESS.grid.ch(t) = 0.2 ×WBESS).

• If no PV was installed, the charging of the BESS would
occur from the grid only, and the maximum SOC of the
BESS, SOCBESS.grid.max, was set to 100%

• If PV was installed, the grid would only charge up to a
maximum, SOCBESS.grid.max, of 80%, resulting in 20%
available to charge from excess PV power the following
day.

• If excess PV power was generated after supply-
ing the BSS charging load, then this excess power,
wBESS.PV.ch(t), would be used to charge the BESS.

3) BSS charging slots load: In periods where outages were
not occurring, the total charging slots load was calculated
based on the BSS charge slot power rating, Wch.sl, and the
number of BSS charge slots in use, nch.sl(t), as per (13).

wBSS(t) = Wch.sl · nch.sl(t) (13)

However, if an outage was occurring, then the charging load
was limited to the maximum power supplied by PV and/or
BESS, as per (14).

wBSS(t) = min[Wch.sl ·nch.sl(t);wPV (t)+wBESS(t)] (14)

The SOC of the batteries that arrived at the BSS,
SOCbatt.ar.i(t), were used to determine the amount of energy
in the batteries, Ebatt.ar.i(t), at the beginning of charging when
they are assigned to the charging slots, according to (15).

Ebatt.ar.i = SOCbatt.ar.i · Ebatt.cap (15)

Where Ebatt.cap is the assumed battery energy capacity of
the batteries used in the simulation (3 kWh).

The energy in the battery was then updated throughout the
charging process using (16).

Ebatt.i(t) = Ebatt.ar.i+
ηch.ηbatt.rt

60

∫ t

t.st.ch

wBSS(t)

nch.sl(t)
dt (16)

Where ηbatt.rt is the round-trip efficiency of the battery and
ηch. is the charger efficiency. Note that the simulation time
unit was in minutes, therefore, to convert to kWh the factor
of 1/60 was included. The efficiency of the charging process
is assumed to be constant in the model.

The charging slot was modelled to release the battery when
it reached an SOC of 100% (i.e. when Ebatt.i(t) = Ebatt.cap).
After which, the charging slot would be available to be
assigned the next battery in the queue.

4) BSS load on grid: The load of the BSS on the grid,
wgrid(t) (kW ), was modelled to be the difference between
the BSS charging load, wBSS(t), and the power supplied by
solar PV, wPV (t), with the addition of the possible load from
recharging the BESS, wBESS.ch(t). However, if an outage was
set to occur, the grid load was set to zero.

III. CASE STUDY AND DISCUSSION

The city of Nairobi, Kenya, was chosen as a case study
location for inputs to validate the model. For the purpose of
checking the different sub-components of the model and their
interaction with each other, a BSS configuration was chosen
such that it could demonstrate all of their interactions in a
single simulation. Through a series of trial runs, the following
configuration inputs for Nairobi were found to demonstrate all
the required results for model validation:

BSS battery ratio, BR = 1.4
BSS charge slot ratio, CSR = 0.14
BSS charge slot power rating, Wch.slots = 2.0 kW
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BSS PV capacity ratio, PV R = 1.5
BESS energy capacity ratio, BESR = 0.5

Note that in order to validate that the queuing model was
functioning, the station was configured to be sub-optimal in
terms of service delivery, such that a queue of EMs waiting for
charged batteries built up at the station and could be checked.

The simulation was run for 100 EM taxis over 4 days
using a 4-day irradiance profile from [22]. Typical evening
and morning power outages were simulated on the first and
fourth days (highlighted in red), each lasting 5.8 hours [4].
The results for the Nairobi simulation are shown in Fig. 3.

A. EM Taxi Arrivals and Queuing at the BSS

The number of EM taxi arrivals at the BSS per 30 minute
period, as well as the EM taxi queue at the BSS, for the
simulation are shown in Fig. 3a. As shown, the Poisson arrival
process has created distributions of EM taxi arrivals for battery
swaps throughout each day, with peaks in arrivals during the
morning, lunch and early evening periods corresponding with
the sample of average arrival rates used as an input for the
model. It can also be seen that the arrival distributions vary
by day due to the Poisson process, which provides randomness
to the model. A queue starts to build up at approximately 15:00
on the first day, and reaches a maximum of 13 EMs at around
21:00. The queue then remains constant from 22:00 since no
more arrivals happen, and no batteries are being charged and
dispensed to the EMs due to the power outage. As seen at hour
26, the queue rapidly drops to zero since the batteries that were
charging after the outage reach the fully charged state and are
dispensed to the EMs. Note that the station configuration for
this simulation results in a total of 14 BSS charge slots, so
the queue of 12 EMs after the outage are able to be served
in one go once the batteries were released. A queue can also
be seen to build up on the second day and third days to a
maximum of five and two EMs respectively. These different
queues imply that the station has a sub-optimal configuration
(as was chosen for this validation simulation).

B. Power and Energy Dispatch

The different charging and load profiles at the simulated
BSS and substation are depicted in Fig. 3b and Fig. 3c, while
the SOC of the BESS throughout the simulation is shown in
Fig. 3d. As seen in Fig. 3c, the other load at the substation
(blue) is scaled from the input discussed in Section II-B, with
the outages resulting in no grid load during those periods.
Since the first outage occurs in the evening, there is only BESS
available to supply the BSS charging loads. Fig. 3c shows
this configuration would increase the evening peak load at the
transformer by approximately 20%.

Recalling that the BESR was set to a ratio of 0.5 for this
simulation configuration, it can be seen in Fig. 3b that the
BESS is only able to supply the load for half of the outage
period. Fig. 3d, shows the SOC of the BESS drop to the
minimum set value, SOCBESS.min, of 40%, after which it
stops discharging and the SOC remains constant. After the
first grid outage is over, the BESS starts to recharge from the

(a)

(b)

(c)

(d)

(e)

Fig. 3. Results from the 4-day (96 hour) Nairobi BSS simulation for (a) EM
taxi arrivals and queue at BSS, (b) BSS charging load profiles, (c) substation
load profiles, (d) BESS SOC, and (e) SOC of batteries at a BSS charge slot.

grid at a slower charging rate (0.2C) until 06:00 (hr 30) the
following morning.

During periods of excess PV power (see hrs 32-33, 35-39,
56-63 and 79-84), where the BSS charging load on the grid
reduces to zero, Fig. 3d shows that the model recharges the
BESS with this excess energy. Since the maximum SOC for
the BESS to be charged from the grid, SOCBESS.grid.max,
was set to 80%, it can be seen that the BESS is not charged
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overnight on the third evening since the SOC is above this
level. The SOC of the BESS then gets charged to its maximum
of 100% on the fourth day by excess PV power. The BSS
charging load during the outage on the fourth day was fully
supplied by the PV power, and so no BESS power was
discharged. As shown by these various processes, the model
of the energy system was correctly functioning inline with the
set control algorithms.

C. Charging of Batteries at the BSS

To validate whether the individual charging slots at the BSS
were functioning as intended, the SOC of the batteries at one
of the charging slots at the BSS was sampled with results
shown in Fig. 3e. Note that the signal indicating the SOC of the
battery at a slot indicates 100% when the slot is empty. When
a battery is assigned to the charge slot, the SOC of the arriving
swap battery is reflected by the sudden drop of the SOC at the
charging slot and rises at the rate set by the charging power
until the battery reaches 100% SOC. The charged battery is
then released to the BSS battery store, and a new battery is
assigned to the charger and the process starts again. Halfway
through the first outage, where the BESS stopped discharging,
it can be seen that the SOC of the battery at the charge slot
remains constant until the outage is over following which,
charging resumes.

IV. CONCLUSIONS

With the increasing use of electric motorcycles in Africa
to combat emissions and pollution from conventional ICE
motorcycles, an understanding of the charging infrastructure
and its impact on weak grid systems is very important. A
model was developed to capture the key operational process
of a battery swapping station and its energy system which
allows various station configurations to be investigated. These
configurations include the numbers of batteries and charging
slots, the charging power, and the addition of solar PV and
battery energy storage capacity. The impact of power outages
on battery swapping can be modelled for various scenarios.
A case study was presented for a BSS configuration in
Nairobi. The results demonstrated how the various sub-models
performed and interacted with each other, and clearly showed
what impact the chosen BSS configuration would have on the
grid in terms of charging load. This simulation model can
be used as an analysis tool when planning new BSSs for
e-motorcycles in African cities and can show the potential
impacts and benefits of various configurations.
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