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A B S T R A C T   

In recent years, fossil fuel transportation has grown significantly and Electric Vehicles (EVs) are essential to 
lowering transport-related pollution. This research uses the IPSA+ Power simulation tool to examine load-flow 
and establish Rwanda’s power system’s EV charging load capability. Rwandan grids with EV chargers are tested 
under various network reinforcement situations. According to simulation results, the maximum penetration rate 
that can be used to keep the Rwandan grid’s operating characteristics within acceptable limits for registered 
private vehicles, buses, and taxis, is 1.5%, 10%, and 10%, respectively, if they are charged on 10 kW chargers. 
However, the permitted rates decrease to 1%, 8%, and 8% for these cars equipped with 20 kW chargers. This 
study suggested placing distributed generation units near important substations to reduce power losses and 
maintain busbar voltages within regulatory limits. Two of 18 transformers loaded above 80% with 10 kW 
charges. However, using 20 kW chargers, transformers at seven substations had loadings above 80%, with 83.7%, 
83.9%, 82.3%, 88.2%, 87.6%, 84.7%, and 91.8%, respectively. A framework for regulating transformer loading 
was suggested, and it was shown that during peak demand, critical substations can contribute up to 6 MW to 
ensure that transformers operate at their highest possible level of efficiency. This study assumes the battery to 
charge to 70% and 30%. These regulations ensure drivers’ comfort with their cars’ SoC levels. Scenario 1 
guarantees that electric vehicles will have the expected battery SoC levels, while Scenario 2 requires a little lower 
proportion to give the highest LRC. This is due to the fact that Scenario 2 is incapable of compensating for the 
change in power consumption while simultaneously executing real-time transformer and line loading regulation.   

1. Introduction 

As Road transport has been identified as the top contributor of 
greenhouse gas (GHG) emissions, resulting mainly due to an increased 
dependence on internal combustion engine cars across the globe. In its 
third National Communication Statement to the United National Action 
Plan on Climate Change, Rwanda’s Ministry of Environment presented a 
variety of solutions for mitigating emissions, one of which was the 
implementation of EVs and fossil -based efficient systems [1,2]. 

The majority of Rwanda’s road network consists of pavements that 
link the country’s capital, Kigali, to the country’s other main urban 
centres. There are also some roads in the country that are not paved; 

nevertheless, the nation’s whole road network is scheduled to be 
completely repaved by the year 2025 [3,4]. The projections show that 
more than 150,000 passenger cars will be replaced by EVs by 2050 in the 
country [5]. As a result, by 2030, the total yearly electrical energy 
consumption for road transportation is expected to reach 100 GWh, and 
possibly even 500 GWh by 2050 (which is about 5% of the total demand) 
[6–8]. These estimates are thus increasing the need for a robust charging 
infrastructure and the government is seeking for viable policies and 
measures to facilitate the widespread use of EVs. 

The operation of the transmission and distribution network will be 
significantly impacted by such a significant growth in the EVs deploy-
ment, causing steady state voltage drops, increase the power losses, and 
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overload distribution network equipment (such as lines and trans-
formers), particularly when the charging coincides with the network’s 
peak loading time [9,10]. Therefore, it is essential for the distribution 
network operators to make sure that the current energy infrastructure is 
capable of handling a major increase in the use EVs. 

Even though there has been considerable progress in the existing 
literature to analyse the effect of EVs on test networks in other African 
countries (and across other continents of the globe), there is limited 
work assessing the feasibility of EVs and quantifying the effects of 
different charger techniques on real distribution networks with robust 
network control measures. This work analyses the grid-side challenges 
in Ruanda’s power system associated with the connection of EVs and 
proposes solution and reinforcement method to assist the energy utility 
services in planning their networks and the generation in the future. 

2. Literature review 

This section summarizes the research published in the literature, 
including the novelty that this study aims to add, and the method that 
aims to bridge the research gaps. 

In [11], the authors found that the electricity generation demand will 
increase between 12 and 23% if all the registered vehicles consume 
between 5 and 10 kWh on slow-speed chargers (< 10 kW) in the US. The 
research in [12] compared how the steady-state operating characteris-
tics of a real distribution network is affected following the connection of 
50 kW and 250 kW chargers and found that increasing the rating of 
chargers causes larger voltage drops and higher power losses near the 
charging point. The findings also demonstrated that the utilisation of a 
vehicle-to-grid (V2G) charger reduces the overloading on supply cables 
and improves the voltage profiles at the nearest busbars. 

The integration of a DC charger during the peak loading hour of the 
network showed that the charger substantially increases peak demand 
and drops the voltage by up to 7% at the point of charging [13]. The 
cable that supplies the DC charging station was also critically over-
loaded during the peak loading hour. Other studies have analysed the 
impact of charging during peak periods on the transformer. In [14–16], 
it was demonstrated that a higher EV uptake would lead to greater 
transformer deterioration, and the increased temperature range would 
lead to transformer failure. 

Different grid-side mitigation measures are proposed to reduce the 
impact of EV charging. In [17,18] the use of on-load tap changers and 
small-scale distributed generation (DG) units (in the form of solar 
and/or wind generation) near the congested substations and feeders 
improved the voltage profiles and reduced the transformer and cable 
losses in the high-voltage and medium-voltage (MV) distribution sys-
tems. In [19–23], charging EVs with local solar power was proposed to 
reduce losses and thermal impact, and improve power quality in the 
network. However, the utilisation of solar power requires a particular 
control framework and algorithm, as well as other economic 
considerations. 

The study in [24] presents a new adaptive intelligent model pre-
dictive control (AIMPC) method for the frequency stabilization of a 
power plant that takes into consideration the SoC regulation of the 
battery of electric vehicles (EVs). In addition, a load frequency control 
(LFC) technique for a multi-microgrid (MMG) system that incorporates 
electric vehicles is proposed in [25] .The authors have not, however, 
taken into account the additional effects that EVs have on the other 
components of a power system. These include the loading of the trans-
former and the lines, as well as the voltage profile. 

Other studies have shown the importance of renewable energy 
adoption in jobs creation. The research presented in [26] investigates 
whether or not Marshallian and Jacobean knowledge spillovers have an 
effect on the creation of jobs in the renewable energy sector. Through 
the use of data envelopment analysis (DEA), which is founded on the 
Malmquist productivity index, and tobit regression, the study in-
vestigates the production efficiency, as measured in terms of jobs and 

job spillovers, that has resulted from innovations in solar, wind, and 
renewable energy. The empirical data point to Jacobean externalities 
having no statistical impact on the job creation process, whereas Mar-
shallian externalities appear to be negative. 

The findings are extremely important for governments’ efforts to 
build industrial policies for renewable energy, and they have strategic 
significance. In addition, through the utilization of the Input-Output 
analysis, the research presented in [27] sought to carry out an investi-
gation into the possibility of financial investments being made in the 
energy sector in Italy. The findings demonstrated that investments in 
Renewable Energy Sources (RESs) have the potential to have a sizeable 
constructive effect on economies, particularly that of Italy, in both direct 
and indirect ways. Analyses of sensitivity revealed that the import 
proportion of key components of RES has a significant impact on 
occupational performance, particularly for PV systems. 

There have been numerous studies in the Sub-Saharan region of 
Africa in the literature. [28] identified EVs as the most suitable 
low-carbon alternative for emissions mitigation pathway. The integra-
tion of a solar PV can also contribute to an effective raise in the 
exploitation of national energy resources, likely to result in consistent, 
cost effective, and durable energy access for the citizens in the country. 
The research in [29–31] addressed the technical and socio-economic 
concerns about EV uptake. The findings showed that EVs may be unaf-
fordable for majority of the people in the Sub-Saharan region of Africa. 

The literature review analysis has shown that, generally, the authors 
are developing load controllers at the transformer level, making de-
cisions to transfer the load to other transformers or trip if the load is 
increased for protecting the transformer and lines. As a result of the 
tripping, the continuous power supply is interrupted, resulting in in-
efficiency and a decrease in network dependability and reliability [32]. 
The need to offer a control strategy that maximises the continuity of 
power supply while simultaneously lowering power losses and equip-
ment failure is consequently imperative. 

This work’s primary contribution is to show that EVs may contribute 
significantly to the provision of useful flexibility services in the power 
system, rather than presenting a threat to grid stability or capacity. The 
main loading proposed mitigation measure involve the implementation 
of Transformer Loading Regulation Framework (TLRF) with the help of 
EV aggregators. The TLRF is effective at reducing line and transformer 
loading perturbations while maintaining the system loading percentage 
within acceptable limits. 

3. Research elaboration 

The grid that is under study, the research methods, and the data 
presentation are discussed in this section. 

3.1. Power grid structure in Rwanda 

The generation mix in the system is comprised of 29 hydroelectric 
power units that are interconnected, in addition to three plants that run 
on diesel. However, because of the high expenses of operation, backup 
generators (diesel-based) are only run during peak hours to make sure 
that the most possible use is made of hydroelectric power [33]. Around 
one third of the line is linked at the MV level, which includes substations 
at 30 kV, 17.32 kV, 15 kV, and 6.6 kV. The network under investigation 
is comprised of 32 substations, as presented in Table 1. 

3.2. Modelling of networks with incorporated power generation plants 

The IPSA+ Power computer software package, which is mainly 
designed to analyse the steady-state operational performance of electric 
power networks with a different loading flow condition, has been 
modified to include a model of the actual electric distribution system 
that is implemented in Rwanda. The generation mix in the system in-
cludes hydropower plants with a total power of 103.16 MW), and diesel- 
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based plants with a total power of 58.8 MW. However, due to the high 
operation costs, diesel-based power plants only operate during the peak 
hours to ensure the maximum use of hydro power. There are four PV 
power plants with a total installed and available capacity of 12.08 MW 

and 1.9 MW, respectively. Furthermore, the only peat fired plant in the 
country has a capacity of 15 MW and provides a power of up to 14.25 
MW [34]. Lastly, there is also a methane-to-power plant with an 
installed capacity of 26.4 MW, which was commissioned in December 
2015 [35,36]. Overall, the existing generation plants (including hydro, 
diesel, methane gas, biomass, and peat-to-power) in Rwanda can pro-
vide up to 222.9 MW [34]. 

IPSA (Interactive Power System Analysis) software is a modern and 
comprehensive power system analysis package for the design, planning 
and analysis of electrical networks. Using IPSA tool, Load flow calcu-
lations are performed using a fast-decoupled Newton-Raphson load flow 
technique that robustly handles both radial and meshed networks at all 
voltage levels [37]. 

Fig. 1 presents a simplified version of the network’s structural dia-
gram. After simulating the model using the IPSA+ software and then 
completing the load flow analysis, the authors were able to determine 
the influence that the integration of EVs would have on the load and 
voltage profile as well as the loading of the transformer. After the bus 
voltage has been estimated, it is then compared with the Rwandan 
voltage operation limits, which specify a minimum limit of 0.933 pu and 
a maximum limit of 1.044 pu. These values can be found in the Rwanda 
grid codes [33]. 

As part of the study investigation into the impact that electric vehi-
cles (EVs) have had on the load profile, the study examines the 
computed load curve both before and after the introduction of EVs. The 
network consists of 32 substations denoted by numbers 1 to 32, con-
nected at different voltage levels. Table 2 presents the data for the main 
substations without EVs. 

Each substation is designated through S1 to S18 (real names have 
been anonymised due to confidentiality) in urban areas. The total base 
demand and generation from substations add up to 99.8MW and 
87.4MW, respectively. It should be clarified that these specific urban- 
area substations are prioritised for EV connection to provide a realistic 
scenario for the Rwandan government wanting to increase the number 
of charge points in larger urban areas. 

Table 1 
Substation data.  

S/ 
N 

Input 
(kV) 

Output 
(kV) 

Apparent power 
(MVA) 

Load 
(MW) 

Load 
(MVAr)   

(kV)    
1 110 15 20 17.4 3.1 
2 110 15 10 6.5 1.2   

30  8.8 3.6 
3 110 30 20 8.3 2.9 
4 110 15 10 7.4 1.5 
5 110 15 10 4.5 0.9 
6 110 15 10 9.8 1.5 
7 110 15 20 0 0 
8 110 30 2.5 1.7 0.175 
9 110 30 3.15 2.4 0.15 
10 6.6 30 5 2.1 0.25 
11 6.6 110 20   
12 6.6 110 30   
13 110 15 45 28.8 4.8 
14 110 30 10 8.6 0.5 
15 110 30 1.5 0.9 0.14 
16 110 30 6 4.3 0.84 
17 110 30 10   
18 110 6.6 10   
19 30 6.6 5 3.4 0.7 
20 6.6 30 10 7.8 1.56 
21 30 6.6 5 3.3 0.66 
22 30 6.6 6.6 4.8 0.9 
23 110 30 1.6 1.1 0.2 
24 110 15 2.5 1.8 0.26 
25 30 6.6 1 0.4 0.072 
26 30 6.6 1 0.44 0.081 
27 30 6.6 1 0.51 0.09 
28 30 6.6 5 3.2 0.63 
29 110 15 20 0 0 
30 110 30 2.5 1.7 0.175 
31 110 30 3.15 2.4 0.15 
32 6.6 30 5 2.1 0.25  

Fig. 1. The existing generation in the Rwanda power system.  
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3.3. Modelling and integration of EVs in the grid 

During the load-flow analysis, each EV is represented as an unvary-
ing voltage and power (CP-CV) model. The CP-CV recharging option is 
used to ensure that the grid receives steady power while the battery is 
being charged. Fig. 2 depicts an analogous battery model. 

On the side that is connected to the grid, the electric vehicle charger 
receives the grid voltage (VC), and while it is charging, it consumes the 
current (ic), as depicted in the schematic diagram. Vpack and I denote the 
terminal voltage and the terminal current that is provided to the battery, 
respectively, on the battery side. The equivalent voltage of the battery is 
represented by the VOC-eq symbol, and the resistance of the battery is 
represented by the Req sign. 

The following functions are defined in relation to the CP-CV charging 
alternative that is being considered:  

• Maintain Constant Power (CP): The power  Pac remains constant, up 
till the maximum voltage of the battery is attained. 

• Maintain a constant voltage (CV):  The voltage  Vpack remain con-
stant, till the battery’s state of charge (SOC) hits one hundred 
percent. 

In accordance with [38–40], the battery’s open circuit voltage (Voc) 
and state of charge (SoC) can be computed. The model consists of a 
regulated voltage source denoted by Voc connected in series with an 
impedance equivalent to that of a battery cell denoted by Ri. The value 

given by the letter Vt represents the voltage at the battery’s terminals. 
The SOC is the only state variable represented by the model, and its 
derivation may be found in the following: 

SOC =
Q

Qnom
(1) 

However, if charging efficiency is neglected, the SOC change over 
time can be represented as: 

dSOC
dt

=
i

Qnom
(2) 

The following formula can be used to represent the battery’s open- 
circuit voltage, which is denoted by the symbol Voc. 

Voc(Q) = Vo −
K.Qnom

Qnom − Q
Ae− (BQ) (3)  

where 
I is the charging/discharging current 
Q represents the maximum throughput that is stored in the battery in 

Ah, 
Qnom represents the battery’s rated capacity in Ah, 
A represents the incremental zone magnitude in Volts, 
B represents the incremental differential step response in Ah-1, 
V0 represents the battery voltage constant in volts, and K represents 

the polarization voltage (Volts). 
The conventional method for determining the battery side power 

(Pdc) and grid side power (Pac) is as follows: 

Pac = Vc⋅ic (4)  

Pdc = Vpack⋅i (5) 

It follows from (3) that Vpack is related to the state-of-charge of the 
battery, which in turn makes Pac related to the state-of-charge. So, (4) 
can be reformulated to be as follows: 

Pac
(
Vpack

)
= Vc⋅ic

(
Vpack

)
(6) 

And hence 

Pac(SOC) = Vc⋅ic(SOC) (7)  

Pdc(SOC) = Vpack(SOC)⋅i (8) 

With the charger’s efficiency (⍴) considered, the battery side power 
Pdc is calculated as: 

Pdc = ρPac (9) 

Considering (7) and (8) the current (i) is computed as follows: 

i(SOC) = ρ Vc.ic
Vpack(SOC)

(10) 

Simulating the above equations, Figs. 3 and 4 present the results of a 

Table 2 
Demand and generation of suitable substations in base case.  

S/N Voltage (kV) Rating (MVA) Demand (MW) Generation (MW) 

1 15 20 3.5 13 
2 15 10 1.2 2.4 
3 15 20 13 0 
4 15 10 7 25 
5 15 20 7 0 
6 15 10 5.8 11 
7 15 20 3 0 
8 30 2.5 2.1 0 
9 30 3.15 8 7 
10 30 5 3.4 0 
11 30 5 0.6 0 
12 15 45 4.8 4 
13 30 10 2.5 0 
14 30 1.5 6 0 
15 30 6 1.2 0 
16 6.6 5 4.7 0 
17 30 10 2.5 25 
18 6.6 6.6 3.5 0  

Fig. 2. Simplified schematic diagram of the EV batteries.  Fig. 3. Power and SoC profiles of the EV charger during CP-CV.  
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simulation of the battery’s characteristics. 
At the beginning of the charging process, it is assumed that the 

battery had a starting SoC of sixty percent. It has been determined that 
the power output does not change until the voltage of the battery cell 
hits a predetermined threshold value of 4 V in this research. After 
reaching this stage, the charger will begin to transition into the CV 
mode. 

3.4. EV connection scenario 

In this work, the power demand of EVs is modelled based on the 
charging patterns and operation modes for different vehicle categories 
in Rwanda. These patterns represent daytime and night-time charging 
for private vehicles, buses, and taxis. The mode of operation for vehicle 
categories is shown in Fig. 5. 

Using the traffic statistics from [1], and assuming that variance in 
driver behaviour represents the charging of various vehicle types, pri-
vate owned vehicles are expected to charge between 00:00–06:00. Buses 
and taxis are considered shared mobility; therefore, buses’ charging 
durations are extended by an additional charging period between 
11:00–13:00 and 15:00–17:00, and 17:00–18:00 for taxis. It is critical to 
analyse the charging requirement of a particular vehicle at any time step 
to estimate the total power demand due to EVs’ charging. The power 
demand of an EV battery being charged is parameterised in order to 
make numerical computations easier. The discrete quantities for the 
power demand during the recharging cycle are obtained in half-hourly 
periods from the curves illustrated in Fig. 4. Consequently, the respec-
tive charging power levels are denoted by (11). 

Si =
S((i− 1)Δt) + S(iΔt)

2
, i = 1, 2,⋯mc (11)  

where mc denotes the total amount of half-hour time frames in the 
battery recharging process, i.e., 10 half-hour cycles as referred in Fig. 4, 
and Δt represents the time lapse while charging. 

In this study, it is assumed that the initial charging time and the 
initial state of charge of the battery are two different elements that 
operate independently of one another. For this reason, the mathematical 
estimation of the mean value of the charging power at a specific time 
instant t is illustrated in (4) when a single battery is being charged. 

γ(S) =
∑mc

i=1
SiΨ(Si, t) (12)  

where Ψ(Si, t) is the probability of EV charger load running at rated 
power Si at time t (1 ≤ t ≤ 24). The probability density function (Ψ) is 
also given in (5). 

Ψ(Si, t) =
∑t

k
g(k)f

(
AptCommand2107;i− (t− k)

)
(13)  

where g(k) represents the probability of recharging initiated at time 
instant k (k ≤ t), and f(AptCommand2107;i− (t− k)) is the probability that 
the first battery SoC will be at power level Si− (t− k). Eq. (6) can be used to 
approximate the SoC at the beginning of a recharging process 
AptCommand2107;i based on the average daily mileage, considering that 
the SoC of an EV decreases linearly with the distance travelled. 

AptCommand2107;i =
(

1 −
λdd
dm

)

× 100% (14)  

where λ represents the number of days the EV has travelled since the last 
charge, dd and dm represent the daily distance travelled by a vehicle and 
the maximum range of an EV, respectively. 

In this paper, all EVs operate in CP-CV mode to represent simulta-
neous charging activities. As a result, a model that can represent 
numerous EV battery recharging loads at a given time instant is neces-
sary. The model in this analysis is obtained by using the Central Limit 
Theorem for Sums [41–43]. According to this, if you continue to draw 
samples that are progressively larger and then add them all up, the sums 
of the samples will probably develop their independent normal distri-
bution (the sampling distribution), which will become more similar to a 
normal distribution as the sample size increases. Therefore, the mean 
power demand of ‘n’ chargers equals 

∑n
j=1γj(S); where γj(S) represents 

the mean power demand of the jth charger. Eq. (15) hence represents the 
total load when multiple EVs are being charged simultaneously. 

P =
∑p

j=1

∑mc

i=1
Si⋅Ψ(Si, t) +

∑b

j=1

∑mc

i=1
Si⋅Ψ(Si, t) +

∑T

j=1

∑mc

i=1
Si⋅Ψ(Si, t) (15)  

where P is the overall power demand for public vehicles, b is for buses, 
and T is for taxis. 

3.5. Transformer and line loading mitigation 

A novel method uses the deployed EVs into the network to support 

Fig. 4. Battery current and battery cell voltage during CP-CV.  

Fig. 5. Charging modes for different vehicle types.  

E. Mudaheranwa et al.                                                                                                                                                                                                                        



Electric Power Systems Research 220 (2023) 109341

6

transformer loading regulation process by introducing the TLRF with EV 
despatch by aggregators. While implementing this framework, the data 
of transformers (such as the power output, and maximum and minimum 
adjustment constraints) are uploaded to the central controller for 
determining the Loading Regulation Capacity (LRC) and having to 
perform the Transformer Loading Control (TLC). As a result of the 
Loading Control Error (LCE), the outputs of the transformers are altered 
in response to the notification from the central controller. This paper 
proposes a layered architecture during which EVs play a role within the 
TLRF. The schematic representation of the process is shown in Fig. 6. 
The framework is divided into four categories as indicated by colours: 
purple, green, light blue, and black. The LCE is detected at the Control 
Centre (purple category), and it is due to the power output and trans-
former loading deviance that are identified. Some of the LCE is shuffled 
to the aggregator in the LRC of EVs, with randomness involved. The 
regulatory distribution provided by the Central Controller is distributed 
to EV charging stations through the V2G deployment block in the EV 
Aggregator (green category). V2G can simply be defined as the tech-
nology that allows the stored energy of an EV to discharge it back to the 
grid for improving grid utilisation, meeting the excess demand and 
improve the reliability of utilities [44]. 

The ‘Total LRC’ block sums up all the LRCs that has been provided by 
the EV chargers. The V2G controller block is responsible for allocating 
the regulating duty to each EV at the EV Charging Station level (blue 
category), and the required power to charge is maintained instanta-
neously to guarantee that EVs achieve the intended SoC percentage. The 
‘Interface Circuit’ block is responsible for communicating with indi-
vidual EVs on behalf of the ‘Telemetry Management System’ block. It 
regulates the charging and discharging of an EV in response to the in-
formation provided by an EV charger, and thereafter sends the infor-
mation on EVs (such as the battery SoC, the plug-in duration, and the 
expected battery SoC) in real time. The dynamics of the framework 
process is explained in more detail as follows 

3.5.1. EV despatch in the control centre 
Eq. (8) describes the LCE that EVs undertake in the network. 

LRCdispatch
t+1 = f (LCE) (16) 

It depicts the dispatching from the central controller to EVs 
throughout their LRCs. The function that represents LCE can be affected 
by renewable energy integration, generating unit reserves, the LRC of 

EVs, and a variety of other conditions. Therefore, (8) is generally un-
determined, and hence can be determined by introducing a random 
variable ‘R’ and other regulation limits (such as up limit regulation and 
down limit: (LRCup

k , LRCdown
k , respectively) by the aggregator. To 

explicitly describe this uncertainty, (8) is rewritten as shown in (9). 

f (LCE) = R.

{
− min

(
|LCE|, LRCup

t

)
LCE ≤ 0

min
(
LCE, LRCdown

t

)
LCE > 0

(17) 

Since the despatch is uncertain, the probability that R will follow is 
estimated by using non-parametric probability distribution estimation 
as in [45,46]. 

3.5.2. Despatch control in EV aggregator 
The LRC for an EV aggregator is obtained by adding the LRCs of each 

individual EV charger for the aggregator (LRCup
j,t+1, LRCdown

j,t+1), and it can 
be calculated according to (10). 
⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

LRCup
t+1 =

∑p

k=1
LRCup

j,t+1

LRCdown
t+1 =

∑p

k=1
LRCdown

j,t+1

(18) 

In an EV aggregator, the regulatory task that has been assigned by 
the central controller is to be dispersed to every individual EV in the 
studied network. The regulatory duty that has been assigned to every EV 
is proportional to the LRC that has been uploaded to it. 

LRCstation
j,t+1 =

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

LRCdispatch
t+1 ∗

LRCup
j,t+1

LRCup
t+1

, (LRCt+1 ≤ 0)

LRCdispatch
t+1 ∗

LRCdown
j,t+1

LRCdown
t+1

, (LRCt+1 > 0)

(19) 

The LRC of an EV charging station at time t + 1 is determined ac-
cording to (12). 
⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

LRCup
j, t+1 =

∑NJ

i=1
Sup
i,t

LRCdown
j,t+1 =

∑Nj

i=1
Sdown
i,t

(j= 1,…, J) (20)  

where Nj is the total number of EVs deployed in the charging station 
number j, Sup

i,t is the up regulation of an EV at time t, and J is the EV 
station deployment. 
{

Sup
i,t = Smax + Si,t

Sdown
i,t = Smax − Si,t

(21) 

Smax : maximum power charger, and Si,t, the power of the battery at 
time t.When the demand for electricity (Pdem) is higher than the capacity 
of the charging station’s nominal transformer (PTx), the utilization of 
already-deployed EVs can help minimize the amount of power that is 
coming into the station. This prevents the transformer from becoming 
overloaded, which happens depending on the amount of power supplied 
from EVs. Fig. 7 illustrates the regulation of EVs for the purpose of 

Fig. 6. Hierarchical framework for deployment of EVs in TLRF.  Fig. 7. Simplified flow chart for transformer overloading regulation with EVs.  
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reducing transformer overloading. When the EV load demand is more 
than the transformer’s nominal capacity, the EVs’ contributed power is 
computed in accordance with  (21). As long as the battery SOC re-
strictions are met, the EVs will keep on supplying the necessary amount 
of energy. 

It is important to note that even though there is only one point of 
power connection, there is always the potential to either export or 
import electricity at any particular instant. In the event that it is 
necessary, electric vehicles can be engineered to enable transformer 
loading regulation. Fig. 8 depicts the aggregated control procedure for 
the overloading of the transformer as well as the charge of the batteries. 
It is absolutely necessary to ascertain the transformer’s nominal rating 
before making any decisions regarding the appropriate size of EVs. The 
load demand profile of the chosen area, which is depicted in Fig. 12, 
demonstrates that load demand is relatively high for a specific period of 
the day. According to this illustration, overloading the transformers 
between the hours of two in the afternoon and eleven o’clock at night 
can be readily prevented. 

4. Results and discussions 

Simulation findings from different case studies are presented and 
discussed in this section. 

4.1. EV charging scenarios 

With the help of the IPSA+ software tool, a variety of situations and 
case studies are modelled and investigated. Calculated and converted to 
represent the penetration rate for the transportation sector in Rwanda 
for the year 2022, the total number of registered cars for private vehi-
cles, buses, and taxis is derived from the data on transport found in [47]. 
Table 3 is a presentation of these figures. 

Rwanda’s registered petrol-powered automobiles as of 2022 are 
shown in the data. Taxis account for the least percentage of all cars, with 
private automobiles accounting for the majority. Two charging 

scenarios are considered for simulation cases in addition to no EV 
scenario. 

The selection of the scenarios is based on the fact that this will be the 
first time that EVs are adopted and on the fact that the existing in-
frastructures are likely to support low power rated chargers. These types 
of chargers are classified as slow charging and the maximum power 
rating is 20 kW. The authors will not be picking any of the other possible 
types of electric vehicle chargers, which include the technology for rapid 
charging (up to 50 kW), or high-speed charger (up to 250 kW) because 
this will be implemented only once the network infrastructure is 
strengthened. The slow chargers were the first type of electric vehicle 
(EV) charger, and it is ideal to use when you have a good deal of free 
time. The charging mode for various vehicles is shown in Fig. 5, and it 
reveals that the majority of the vehicles have a lot of time to be charged. 
In this regard the normal charging method is selected. 

The selected scenarios are as follows:  

• Scenario 1: All EVs are charged using 10 kW chargers  
• Scenario 2: All EVs are charged using 20 kW chargers 

The number of EVs that are connected to 18 substations in the 
network is equal for both scenarios; however, the total demand due to 
charging is larger in Scenario 2 due to higher-power chargers (e.g., 20 
kW). In addition, the total number of registered cars to be replaced with 
EVs are also calculated and shown in Table 4 for each scenario. 

When it comes to total demand, electric vehicle charging at 10 kW 
and 20 kW stations consume 27 MW and 45 MW, respectively. The next 

Fig. 8. Flowchart for the proposed transformer loading control framework with the participation of EVs.  

Table 3 
Variety of fuelled cars in Rwanda.  

Vehicle Type Total Rate of Penetration (%) 

Private cars 107,787 91.7 
Buses 5185 4.5 
Taxi 4289 3.8 
Total 117,256 100  
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subsections contain an analysis of the effects that these potential out-
comes could have. 

4.2. Impact on distribution voltage stability 

At the distribution side in Rwanda, the voltage requirements should 
be kept within the permitted levels of 1.044 p.u. and 0.933 p.u. 
respectively. Fig. 9 presents the findings on the voltage profile. 

According to the findings, most of the busbars experience voltage 
fluctuations once 10 kW and 20 kW chargers are connected to the 
network. At substations 3 and 18, where voltage drops the least, and at 
substations 10, 12, and 16, where voltage drops the most, the difference 
in voltage is at its greatest. Despite this, the voltage continues to fall 
within the parameters set by the regulatory body. 

4.3. Impact on load profiles 

The charging demand for both scenarios after the connection of EVs 
is shown in Fig. 10. 

The daily consumption pattern of electric vehicles reveals a 
maximum demand of either 27 MW or 45 MW, depending on which 
scenario is being considered. Since it is expected that charging events 
take place during the night, the peak demand for charging takes place 
between the hours of 23:00 and 03:00 in both of these situations. Be-
tween the hours of 07:00 and 11:00 and 15:00 and 19:00, the minimum 
demand for charging is approximately 1.2 MW and 1.8 MW, respec-
tively, for Situations 1 and 2. 

Each car type adds to the required power of EVs in proportion to the 
time it takes to charge. For example, as shown in Fig. 11, private cars 
contribute significantly to power demand (approximately 70%) between 
02:00–04:00 and 20:00–23:00, whereas bus peak demand contributions 
reach a maximum of 60% between 11:00–13:00 for both scenarios. 

The effect of EVs charging on the total base network demand is 
presented in Fig. 12. 

According to the findings, the increased power consumption caused 
by EVs does not impact the shape of load demand curves for the basic 
scenario; however, it does affect the size of peak demand significantly. 
This is due to the fact that EVs have a lower peak demand. During the 
late hours of the night (that is, between the hours of 19:00 and 02:00), 

the total demand on the network increases from 100 MW to 180 MW. In 
addition, demand for Scenarios 1 and 2 stays rather consistent with that 
of the baseline scenario during the other hours of the day. 

4.4. Sizing and placement of distributed generation units 

Simulation results have demonstrated that simultaneous charging is 
a challenge for the energy providers in Rwanda. For this reason, two DG 
units are proposed to be connected near the critical substations with EVs 
in this study. 

The findings of the simulation showed that connecting DG units in 
densely populated and congested locations made it easier to connect EV 
chargers and improved voltage profiles by 1–3 percent. In addition to 
this, as of the year 2022 [48]. However, the losses are recorded as 22% 
during base case scenario in this study. Overall, total network losses 
were higher in Scenario 2 due to larger demand of EV charging. 
Load-flow analysis shows the network losses of 53.4 MW, and 58.2 MW 
in Scenario 1, and Scenario 2, respectively. As a results, the addition of 
6.5 MW and 24.5 MW DGs during the first and second scenario, reduced 
the network losses down to 46.9 MW and 47.9 MW, respectively which 
resulted in the improved voltage profile as discussed before. Continua-
tion Power Flow (CPF) tool for analysing the steady state voltage sta-
bility is used to optimally determine the sizing and placement of DGs to 
support congested substations [49]. Two performance indices are used: 

Table 4 
Distribution of vehicles for both scenarios.  

Scenario EV Penetration (%)   Charging Demand (MW)  

Private Cars Buses Taxis  
Scenario 1 1.5 10 10 27 
Scenario 2 1 8 8 45  

Fig. 9. Substation voltage profiles for all scenarios.  

Fig. 10. EV demand profiles for Scenarios 1 and 2.  
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4.4.1. Active and reactive power loss 
These indices help in analysing the impact of DGs on active and 

reactive power losses. Eqs. (14) and (15) are used to determine these, 
respectively. 

APLI =

(
PLoss − PDG

Loss

PLoss

)

× 100% (22)  

RPLI =

(
QLoss − QDG

Loss

QLoss

)

× 100 (23)  

where APLI and RPLI represent the active power losses indices and 
reactive power losses indices, respectively. Loss indices should be higher 
when the DG is placed in the most optimal location. 

4.4.2. Voltage sensitivity index 
The Voltage Sensitivity Index, also known as VSI, provides a direct 

indicator of the maximum bus voltage deviation at the point when the 
voltage collapses. The bus in the system that has the greatest VSI has 
been determined to be the "weakest" point in the system. The following 
is how the VSI value for bus k is calculated: The VSI for bus ‘k’ is 
determined as follows: 

VSIk =
Vbase
k − Vcritical

k

Vbase
k

(24)  

where Vbase
k and Vcritical

k , are the acceptable maximum voltage limit and 
voltage at bus k, respectively. 

4.5. Impact on distribution lines and transformers 

The loading of transformers for 18 substations is shown in Fig. 13. 
Table 5 shows the loading on the power lines. 

With the usage of 10 kW chargers, the loading on two of the trans-
formers exceeded 80% (i.e., transformers at substations 11 and 16 with 
81.6% and 91%, respectively). With the usage of 20 kW chargers, seven 
transformers at substations 1, 5, 7, 10, 12, 13, and 16 are overloaded 
with recorded exceeding of 83.7%, 83.9%, 82,3%, 88,2%, 87.6%, 
84,7%, and 91.8%, respectively. Transformers at substations 10, 12, and 
16 were severely overloaded (over 85%) in Scenario 2. Continuous 
loading on those substations would reduce their life-time expectancy, as 
also shown by other studies in the literature [50–54]. 

According to the results quantifying the loading effect on the lines, it 
can be seen in Table 5 that the loading on 10 branches is between 65 and 
70% (which is a safe limit). However, eight other branches are signifi-
cantly subjected to critical conditions and their ratings are exceeded by 
up to 70–85%. As a result, this can be the cause of worsened network 
reliability and security, as also investigated by other studies in the 
literature [55,56]. 

4.6. Transformer and line loading regulation framework 

When EVs are used to regulate transformer and line loading, it has 
been demonstrated that the TLRF is more effective in lowering the LCE 
because there is more power available to increase the LRC. The total 
calculated LRC at each substation is shown in Fig. 14. According to the 
results in Fig. 14, it is evident that the total loading regulation power 
obtained after the application of the proposed method is sufficient to 
meet the total demand of the 18 substations with 10 kW and 20 kW 
chargers, where during peak demand it can add up to 6MW at the critical 
substations. 

The behaviour of a randomly selected EV battery is shown in Figs. 15 
and 16 during charging and discharging, respectively. When conducting 
an analysis of the limitations that are necessary to contribute to the 
regulation of the transformer’s loading, both the charging and dis-
charging characteristics are taken into consideration. The primary 
objective is to determine whether or not it is feasible, after charging the 
vehicles, to achieve a state of charge (SoC) of 70% for a transformer 
loading regulation capacity (TLRC) that will compensate for loading 

Fig. 11. Demand shares for each type of vehicle, expressed as a percentage. 
(Top: Scenario 1, Bottom: Scenario 2). 

Fig. 12. Total demand for each scenario.  

Fig. 13. Transformer loading expressed in percentage (%).  
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control error (LCE). 
It is assumed that each EV’s battery SoC status is measured after an 

interval of time for battery discharge and instantaneously monitored 
during charging period. It is required that a given number of EVs will be 

disconnected from the charger when the information about required 
power to regulate the loading of transformer is received. In this regard, it 
is possible that some EVs will be at the SoC levels that are below, over, or 
equal to the predetermined SoC level (in this study upper limit 70%, and 
lower limit 30%). To measure and monitor the battery SoC levels, the 
battery model presented in (10) is used to simulate the battery behav-
iours where it is further extended as in (25) to include the change of the 
EV battery energy. 

By considering the change in energy of the EV battery, the SoC levels 
are expressed as: 

SOCi = SOCstart
i ±

1
Enominal
i

ΔEi (25)  

where, 
SOCstart

i represents the initial battery’s SoC. 
Enominal

i denotes the rated energy of the battery, and 
ΔEi is the energy change during charging or discharging period of the 

battery and satisfies: 

ΔEi =

∫T

0

Pi(t)dt (26)  

where, 
T is the plug in / discharging period 
The maximum and minimum battery SoC of 70% and 30% have been 

assumed, respectively. These limits were chosen to ensure that the 
drivers are confident with the SoC level of their vehicles. According to 
Figs. 15 and16, Scenario 1 guarantees the expected battery SoC levels of 

Table 5 
Line loading for selected branches.  

Branches Line loading% 
From bus To bus Base case Scenario 1 Scenario 2 

1 2 63.2 66.6 73.8 
1 6 61.9 65.3 72.4 
5 2 66.4 70.3 78.6 
2 3 63.1 66.3 74.4 
3 6 61.5 68.8 85.9 
8 12 60.9 71 80.1 
10 9 58.9 67.5 88.3 
10 11 61.9 66.9 77 
7 9 66.5 70.7 79.7 
7 6 73 77.1 88.2 
7 8 77.4 81.6 90.4 
26 15 68.7 75.5 87.6 
14 17 72.4 76.3 84.7 
5 4 58.6 62.5 75.6 
4 3 62 65.6 73 
4 3 64.1 67.7 81.8 
4 6 79.3 85.4 98.3 
11 12 72 76.4 91.5 
11 18 61.2 65.2 73.9 
17 16 61.8 65.8 81.9 
18 15 61.5 66.6 78.1  

Fig. 14. Total loading regulation power at critical substations (positive: grid 
contribution, negative: EVs contribution). 

Fig. 15. Charging behaviour of the EV battery.  

Fig. 16. Discharging behaviour of the EV battery.  
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EVs, while the Scenario 2 requires the battery SoC to be slightly below 
the required percentage to provide the maximum LRC. This is because 
while implementing real-time transformer and line loading regulation, 
Scenario 2 cannot recompense for the change in power consumption. 

5. Conclusion 

This In this study, which used a realistic modelling approach, the 
integration of several types of electric vehicles (EVs) into Rwanda’s 
transportation and electrical networks was analysed. The EVs were 
modelled around the existing traffic pattern in Rwanda, which was taken 
into consideration. According to the findings, electric vehicles can only 
make up 1.5 percent, 10 percent, and 10 percent of the total number of 
privately registered automobiles, buses, and taxis, respectively, if the 
charging stations are 10 kW. Chargers with a capacity of 20 kW bring 
down the maximum allowable uptake level for their respective modes of 
transportation to 1 percent, 8 percent, and 8 percent, respectively. 

Findings from simulations have shown that the shift in load demand 
that may result from the introduction of electric vehicles (EVs) could 
result in the introduction of new peak loads within the network. This 
may result in voltage drops and increased power losses in urban areas 
where larger commercial and/or industrial customers are connected 
alongside EV chargers. The findings of the simulation also showed that 
the inclusion of 10 kW chargers in 18 separate substations is not 
conceivable unless DG units are connected near crucial spots. It should 
be made clear that the number of DGs, as well as their size, can be 
expanded in proportion to the growth in the number of EV charges. 

In Rwanda, the total network losses are around 19.1% [57]. The 
losses were recorded as 23% during base case scenario in this study. 
Overall, total network losses were higher in Scenario 2 due to larger 
demand of EV charging. Load-flow analysis has shown that network 
losses were 53.4 MW, and 72.4 MW in Scenario 1, and Scenario 2, 
respectively. The addition of a 6.5 MW and 24.5 MW DGs during the first 
and second scenario reduced the network losses down to 46.9 MW and 
47.9 MW, respectively. 

The analysis on the loading of transformer with the optimal power 
flow showed that some parts of the network are overloaded with 10 kW 
and 20 kW chargers. 

Considering the transformer loading it was found:  

• With the usage of 10 kW chargers, the loading on two amongst the 18 
considered transformers exceeded 80%.  

• With the usage of 20 kW chargers, transformers at seven substations 
were found to have a loading exceeding 80%, with the recorded 
loading 83.7%, 83.9%, 82,3%, 88,2%, 87.6%, 84,7%, and 91.8%, 
respectively. 

It was proposed a framework for regulating the transformers loading 
and it was demonstrated based on this framework that during peak 
demand a capacity of up to 6 MW at the critical substations can be added 
to guarantee that the transformers function at their highest possible 
level of efficiency. 

Researchers have assumed that the battery will have a maximum and 
minimum state of charge of 70% and 30%, respectively. These re-
strictions were decided upon to make sure that drivers are comfortable 
with the SoC levels of their respective automobiles. According to the 
findings, Scenario 1 ensures that electric vehicles will have the battery 
SoC levels that were anticipated, whereas Scenario 2 mandates that the 
battery SoC be somewhat lower than the required percentage in order to 
deliver the highest LRC. This is due to the fact that Scenario 2 is inca-
pable of compensating for the change in power consumption while 
simultaneously executing real-time transformer and line loading 
regulation. 
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