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ABSTRACT
The studies pertaining to scheduling of plug‐in electric vehicles (PEVs) and distributed energy resources (DERs) in unbalanced 
AC microgrids (MGs) usually consider time varying lumped load models. This may lead to unrealistic values and inappropriate 
system support as unbalanced MGs have different loading levels for each phase. Therefore, in this paper optimal scheduling of 
DERs and PEVs is performed in 3‐phase unbalanced AC MG whilst considering different per‐phase loading levels of time‐ 
varying voltage dependent (TVVD) load models. At first, the impact of lumped loading and per phase loading approach on 
DERs scheduling in unbalanced AC MG is investigated for TVVD load models. Then, PEVs are connected in presence of DERs 
whilst considering per phase loading in case of all TVVD loads to minimise the generation cost and system losses. Enhanced 
grasshopper optimization algorithm (EGOA) is utilised to evaluate the optimum performance of unbalanced AC MG. The 
results demonstrate that the values obtained through a per‐phase loading approach are more realistic and PEVs integration has 
a significant impact on cost reduction.

1 | Introduction

Recently, Renewable Energy Resources (RERs) have attained 
much attention due to the limitations associated with fossil fuel‐ 
based power generation (i.e., depletion, increased cost and 
negative environmental impacts) [1, 2]. The global renewable 
energy installation has reached 3094 GW in 2021 [3] and it is 
expected that nearly 300 GW of renewable capacity will be added 
in 2022 [4]. Moreover, according to the market forecast report of 
the International Energy Agency (IEA), the global renewable 
energy‐based electricity potential will rise up to 4800 GW by the 
year 2026 [5]. Besides many advantages posed by RERs, they are 
highly intermittent, unreliable and have large capital cost.

However, different types of DERs (Distributed Energy Re
sources), PHEVs (Plug‐in Electric Vehicles) and ESSs (Energy 
Storage Systems) are installed in MG to handle load and source 

uncertainties. AC MGs may consist of 3‐phase balanced or un
balanced networks (UBN). Unsymmetrical electrical loads and 
distribution lines that are not properly transposed may cause 
unbalancing in the MG network [6]. A balanced MG network 
can be investigated on a per phase basis but for unbalanced MG, 
there is a need to analyse each phase separately. In [7–9], Day‐ 
ahead scheduling of RERs has been presented with the aim of 
generation cost minimisation whilst considering RERs and de
mand uncertainty in balanced MG. In [10–14], DERs optimal 
scheduling in unbalanced AC MG is performed under genera
tion and load uncertainty whilst considering constant power 
lumped load profile. It is not necessary that a lumped load 
profile depicts the actual scenario of a 3‐phase unbalanced 
system.

Recently, time varying voltage dependent (TVVD) load models 
have been considered in a few studies [15–19] for performance 
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assessment of balanced distribution systems (DS). However, 
practical distribution systems are usually unbalanced; therefore, 
the outcome of referred studies may be misleading and not 
realistic. Therefore, for effective planning of AC MG, there is a 
need to investigate the impact of TVVD load models in unbal
anced DS.

The integration of Plug‐in electric vehicles (PEVs) in presence of 
different DERs and time‐varying loads is a promising solution 
for MG peak demand shaving [20, 21]. However, their integra
tion in AC MGs is a challenging task, because their higher levels 
of penetration and inappropriate charging/discharging periods 
may negatively affect the MG operation and control [22, 23]. In 
[24], optimal scheduling of PEVs charging/discharging in 
presence of RERs in BDS is implemented for constant power 
loads. Congestion management strategy for DERs, PEVs and 
time‐varying loads in BDS have been presented for cost‐benefit 
and carbon reduction in [17]. The authors in [25], investigate 
the impact of high penetration of PEVs in presence of Distrib
uted Generator (DG) in BDS whilst considering time‐varying 
constant power loads.

The coordination approach of PEVs charging with DGs, ESSs 
and utility grid in distribution MG is proposed in [26], for cost‐ 
benefit analysis whilst considering constant voltage dependent 
load. The authors in [27], solved a multi‐objective problem 
through optimal interaction of PEVs and PV to minimise cost 
and power losses in 3‐phase UDN. In [28], two‐stage volt‐var 
optimisation strategy for integration PV and PEVs in UBN is 
presented to minimise generation cost. Optimal day‐ahead 
scheduling of PEVs in UBN is presented in [29], for mini
misation of power loss and generation cost. These studies 
[25–29], have considered either voltage‐dependent or time 
varying lumped loads for optimal scheduling of DERs and PEVs 
in unbalanced 3‐phase MGs, which may result in misleading 
computations [30, 31]. Moreover, the mentioned studies have 
not considered the TVVD load model for different types of loads 
(i.e., residential, commercial, industrial and mixed). Therefore, 
this study presents the optimal scheduling of DERs and PEVs in 
3‐phase unbalanced MG whilst considering TVVD load models. 
Furthermore, instead of adopting lumped loads, the time 
varying loading levels of each phase is considered indepen
dently. The comparative analysis of the proposed methodology 
with recent literature is summarised in Table 1. The originality 
of this research work is as under:

• Optimal scheduling of DERs and PEVs in unbalanced AC 
MG using time varying voltage dependent loads.

• Time varying loading levels of each phase is considered 
instead of adopting lumped load models for unbalanced 
AC MGs.

• Application of Enhanced Grasshopper (EG) algorithm for 
optimum scheduling of DERs and PEVs in unbalanced 
AC MGs.

2 | System Modelling

2.1 | Load Modelling

The power intake of AC MG largely depends upon the type of 
connected load, as its variation changes system operating con
ditions. The normalised daily load profile of TVVD (i.e., in
dustrial, commercial and residential) loads is shown in Figure 1
[36]. The TVVD load models are dependent on both voltage and 
time as shown in the following equation [37].

Pa(t) = Pla(t) ∗ Vni
a (t) (1)

Qa(t) = Qla(t) ∗ Vnj
a (t) (2)

Here Pa and Qa are active and reactive power, Pla and Qla are 
demands and Va is the nominal voltage at node a. The voltage 
properties of connected load are described via ni and nj and 
their values are mentioned in Table 2 [38, 39].

2.2 | Wind Power

The characteristic of wind speed at a particular location 
modelled using Weibull distribution. The probability density of 
wind speed is given below [40].

fϖ =
κϖ

δϖ
(

ϖ
κϖ

) × exp[
ϖ
δϖ

κϖ
] (3)

Where κϖ and δϖ are shape and scale index and ϖ represents 
the wind speed. The hourly generated power of WT based on 
wind speed data is computed as under:

TABLE 1 | Comparative analysis of recent studies and the proposed 
work.

Paper Unbalanced
EV 

scheduling
TVVD 
load

Per‐ 
phase

This 
paper

✔ ✔ ✔ ✔

[32] ✔ ✔ ✖ ✖
[33] ✔ ✔ ✖ ✔
[34] ✔ ✔ ✖ ✖
[35] ✔ ✔ ✖ ✔

FIGURE 1 | TVVD hourly demand.
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Pt(ϖ) =

⎧⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

0 0 ≤ ϖ ≤ ϖc in

Pk × (
ϖc out − ϖ
ϖc in − ϖk

) ϖc in ≤ ϖ ≤ ϖk

Pk ϖk ϖ ≤ ϖc out

0 ϖ ≥ ϖc out

(4)

Where, ϖc out,ϖc in and ϖk is cut‐out, cut‐in and rated wind 
speed of WT and Pt(ϖ) is the output power.

2.3 | Photovoltaic Output

The output power of solar PV depends upon solar irradiance 
and environmental temperature. Therefore, in this paper the PV 
output is modelled using normal distribution. The rated power 
of a PV module is determined under standard test conditions 
(STC), but in actual scenario it is different. Hence, PV output is 
calculated using the following equation [40].

PVP = PVSTC ×
Imeasured

ISTC
× (1 + ζ(Tm − Ts)) (5)

Where PVP and PVSTC is the output and rated power of PV 
module, Imeasured and ISTC are the measured and STC irradiance 
values, ζ is temperature coefficient and Tm and Ts are module 
cell and air temperature, respectively.

2.4 | Modelling of Plug‐In Electric Vehicles

Electric vehicles play a critical role in pulling down environ
mental pollution. The PEVs act as a consumer in charging mode 
and they act as an electrical source in discharging mode. PEVs 
can join or leave the distribution system in [x, y] time intervals 
depending upon the consumer behaviour. Mathematical 
modelling of PEV is as follows [41–43].

socPEV
t =

⎧⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

EPEV
Int +∑

t

i=1
(μPEV

Ch × PPEVch
t −

PPEVdch

μPEV
dCh

),∀t ≤ x − 1

EPEV
Int +∑

t

i=1
(μPEV

Ch × PPEVch
t −

PPEVdch

μPEV
dCh

) − Et
outside ,

∀t ≥ y + 1

(6)

Pmin
PEV ≤ Pch/dch

PEV ≤ Pmax
PEV (7)

EPEV
24 = EPEV

0 (8)

EPEV
x− 1 = EPEV

max (9)

3 | Problem Formulation

The objective function (OF) considered in this study comprises 
three sub‐objective functions. These sub‐objective functions 
include costs of utility, DERs generation and PEVs charging/ 
discharging. The mathematical representation of combined OF 
is as follows:

min. OF = CDERs + CostPEV + CUtility (10)

Where CDERs is the operational cost of DERs, CostPEV is PEVs 
charging/discharging cost and CUtility is cost of energy provided 
by the utility grid. The mathematical expressions of these are as 
follows:

CUtility = ∑
24

h=1
Putility

h × ξh (11)

Where Putility
h is the power purchased from the utility grid and ξh 

is the price of energy in corresponding operation hour.

CostPEVs =

⎛

⎜
⎜
⎜
⎝

∑
NPEVs

m=1
∑
24

h=1
[β × PEVCh/dCh

m,h

+(PEVCh
m,h × RCh − PEVdCh

m,h × RdCh)]

⎞

⎟
⎟
⎟
⎠

(12)

Here, β and RdCh/CH are the coefficients of PEVs operation. 
DERs operation cost includes fuel cost, environment protection 
cost and operation & maintenance cost and is computed 
through following quadratic cost function [12, 13, 44].

CDERs = ∑
24

h=1
∑

NDER

m=1
αmPDER2

m,h + βmPDERm,h + γm

m = 1, 2…..NDERs
(13)

Where α, β and γ are cost coefficients with constant values 
depending upon the type of DER [12]. The following constraints 
are considered for optimal operation of AC MG:

• The capacity of each DER must be within the upper and 
lower generation limits.

PKW
min ≤ PPV ≤ PKW

max (14)

PKW
min ≤ PWIND ≤ PKW

max (15)

PKW
min ≤ PCHP ≤ PKW

max (16)

• The generated power must be equal to summation of load 
demand and active power loss.

∑
NDER

m=1
Pm,t + Pgrid,t +∑

NPEV
n=1 Pch

n,t

= PLoad,t + ∑
NPEV

n=1
Pdch

n,t + PLoss,t

(17)

TABLE 2 | TVVD voltage exponent's values.

Demand ni nj
Residential 0.92 4.04

Commercial 1.51 3.4

Industrial 0.18 6

Constant 0 0

IET Smart Grid, 2026 3 of 11
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• The SOC of PEVs must be limited to their minimum and 
maximum charging and discharging capacities:

0 ≤ EPEVch
t ≥ EPEV

max,ch (18)

0 ≤ EPEVdch
t ≥ EPEV

max,dch (19)

Penalty factor (pf) technique is used to handle power mismatch 
constraint [7]. After the introduction of pf, the objective func
tion (OF) is as follows.

min. OF =

⎛

⎜
⎜
⎜
⎜
⎝

CDERs + CUtility + CostPEVs

+pf

⎛

⎜
⎜
⎜
⎝

∑
NDERs

m=1
∑

NPEVs

n=1
( + PPEVn)

+Putility − PLoad − PLoss

⎞

⎟
⎟
⎟
⎠

⎞

⎟
⎟
⎟
⎟
⎠

(20)

Where PLOSS is power transmission and distribution loss (T&D) 
and calculated as.

PLOSS = PTLoss. + PDis (21)

Where PDis is distribution loss in feeder lines and computed 
through three phase unbalance load flow analysis using forward 
backward sweep method [45]. The PTLoss. is Power transmission 
loss and calculated using Kron's loss formula using below 
equation [46].

PTLOSS = ∑
NDERs

m=1
∑

NDERs

n=1
PnPmBmn (22)

Where Pn & Pm are power generated from main and corre
sponding DERs and Bmn is the power loss coefficient [46]. The 
Enhanced Grasshopper Optimization Algorithm (EGOA) is 
utilised to optimise the OF developed in the proposed meth
odology. The complete computational method using EGOA is 
presented in Figure 2.

4 | Case Study

The proposed AC MG consists of 200 PEVs, 02 units of PV‐based 
DER, 03 units of wind energy‐based DER and 01 CHP power 
plant as shown in Figure 3 [12]. Hourly prices of electricity 
utility are shown in Figure 4 [47], whereas the cost coefficients 
and maximum capacity of DERs are taken from [13]. The 
maximum hourly capacity of renewable energy‐based DERs is 
computed through wind speed and irradiance data [12], as 
shown in Figure 5. The proposed scheme is implemented on an 
unbalanced IEEE 37 node feeder [48].

The maximum active and reactive power demand of IEEE 37 
feeders is 2.457 MW and 1.201 MVAr respectively. It is supposed 
that AC MG parking has a PEVs charging station facility where 
working staff and others can park their PEVs for active power 
charging/discharging purposes. The type of PEVs, their 
appearance in the MG and operating coefficient, are selected 
from [17]. The maximum charging and discharging of PEVs 
batteries are restricted to 0.9 of their maximum capacity.

It is supposed that in case of all TVVD loads, the load connected 
to each bus of MG is of the same type that is, whilst studying 
residential TVVD load model, the load connected to each bus is 
of residential type and same for the rest of load models except in 
mixed model where node 701‐718 are residential, 720‐731 
commercial and 732‐744 are industrial types.

5 | Results and Discussion

Two case studies are developed in this paper to evaluate pro
posed methodology. The results obtained for each of the case 
studies by applying EGOA are discussed in this section.

5.1 | Case Study I

In this case, comparison of lumped load and each phase loading 
(without considering PEVs) for DERs scheduling to reduce po
wer losses and cost of generation with all TVVD loads is dis
cussed. Recent literature pertaining to scheduling of DERs in 
unbalanced AC MG considered lumped loading [10–14], which 
leads to inappropriate outcomes of generation cost, T&D power 
losses and system loading. The comparison of lumped load with 
each phase loading of unbalanced AC MG for all TVVD models 
is shown in Table 3. It depicts that the overall generation cost, 
T&D power losses and total system loading increases for each 
phase loading as compared to lumped loading. The maximum 
increase in generation cost is obtained for the constant load 
model (6.80%) followed by mixed (4.65%), residential (4.93%), 
commercial (3.82%) and industrial load (2.67%).

Although the system losses and loading in residential model is 
highest (22.3%) followed by mixed (21.75%), industrial (21.7%), 
commercial (21.02%) and constant (18.28%) load model, 
respectively. This shows that for realistic scenarios of generation 
cost, T&D power losses and total system loading of unbalanced 
AC MG each phase loading have significant importance and 
must be considered for better outcomes of the integration of 
RERs and PEVs.FIGURE 2 | Flow chart of proposed methodology.
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5.2 | Case Study‐II

The optimal scheduling of DERs with PEVs for each phase 
loading of all TVVD load models is presented in this case study.

5.2.1 | Optimum Scheduling of DERs and PEVs

The sudden variations in power demand and uncertainties 
associated with DERs in MGs may affect the optimum perfor
mance of the system. Therefore, the charging/discharging 

pattern of PEVs should follow the time varying characteristics of 
MG demand and generation. The PEVs in the presence of 
different DERs are integrated into AC MG to store low price 
energy in off‐peak hours and curtailment of expensive power 
share in peak intervals.

5.2.2 | Comparative Study Between Priority and EGOA 
Based Scheduling

The hourly PEVs charging/discharging patterns depend upon 
equality constraints (Equation 17) between available generation 
and power demand. Firstly, the PEVs integrated into the power 
system without optimisation technique using priority‐based 
generation scenarios of different DERs and in the second case, 
the EGOA scheduled the DERs optimally in the presence of PEVs. 
The results obtained are depicted in Figures 6–10. The analysis of 
results reveals that in simple priority‐based case, the DERs and 
PEVs charging/discharging are random in nature and the share of 
CHP is more in peak hours as shown in Figures 6a and 7a which 
increases the total cost, whereas in EGOA scheduled case, the 
EGOA optimally allocate DERs and PEVs charging/discharging 
whilst fulfiling the system demand in terms of available genera
tion as shown in Figures 6b and 7b, respectively.

Hence, the hourly and overall generation cost reduces from 
1054$ to 957$ and system losses from 2.69 to 2.56 MW and this 

FIGURE 3 | Micro grid structure.

FIGURE 4 | Hourly utility price.

FIGURE 5 | RES hourly generating capacity.

TABLE 3 | Comparison of lumped and each phase loading.

Demand 
type

Cost ($) Losses (kW)
Lumped 

load
Non 

lumped
Lumped 

load
Non 

lumped
Constant 2724 2923 6091 7454

Residential 983 1034 2192 2820

Commercial 1208 1256 2708 3429

Industrial 986 1013 2137 2729

Mixed 1435 1505 3259 4165

IET Smart Grid, 2026 5 of 11
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decreasing trend is significant in peak hours as can be observed 
from Figures 8 and 9, respectively. This intensifies that optimal 
scheduling of DERs and PEVs is an essential element of power 
system operation to obtain maximum benefits. Furthermore, it 
is evident from Figure 10a,b that the power mismatch is more in 
the priority case, especially during peak hours in comparison 
with EGOA.

Furthermore, the PEVs charging/discharging patterns in both 
cases are shown in Figure 7a,b, which depicts that in priority 
case only 25% of PEVs storage is used in discharging whereas 
the EGOA optimally scheduled the charging/discharging of 
PEVs. Therefore, the EGOA is used for optimal scheduling of 
DERs and PEVs.

FIGURE 6 | DERs generation (a) with priority and (b) with EGOA for a mixed TVVD load model.

FIGURE 7 | PEVs charging/discharging (a) with priority and (b) with 
EGOA for a mixed TVVD load model.

FIGURE 8 | Hourly power losses using both methods for a mixed 
TVVD load model.

FIGURE 9 | Hourly operation cost using both methods for a mixed 
TVVD load model.

FIGURE 10 | Power mismatch (a) with priority and (b) with EGOA 
for a mixed TVVD load model.

6 of 11 IET Smart Grid, 2026
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5.2.3 | EGOA Based Scheduling

The maximum obtained generation in MW of RERs‐based DGs 
using EGOA are 2.01, 1.94, 1.98, 1.949 and 2.14 at 21, 11, 22, 22 
and 11 h of the day for residential, commercial, industrial, 
mixed and constant load models, respectively. The hourly gen
eration of DERs for all TVVD loads without considering PEVs is 
presented in Figure 11. The CHP‐based generation in MW 
without considering PEVs is 0.93, 0.031, 0.94, 0.94, 0.77 whereas 
with PEVs integration, the CHP‐based generations in MW are 
0.49, 0, 0.40, 0.61 and 0.44 at 20, 17, 21, 21 and 19 h of the day 
for residential, commercial, industrial, mixed and constant load 
models, respectively.

This demonstrates that costly generation through CHP‐based 
DGs is curtailed which enables maximum usage of cost‐ 
effective RERs and PEVs in all TVVD loads. The curtailment 
in CHP‐based generation is minimum in the commercial load 
model as peak demand in this load model occurred between 
09:00a.m. to 04:00p.m. and PEVs are not available at this time 
for discharging.

The utility grid is only required for a constant load model 
whereas in all others TVVD load models have sufficient gen
eration to meet the load demand. The PEVs are in charging 
mode from 01:00 a.m. to 08:00 a.m. when low price energy is 
available in bulk and in discharging mode in peak hours from 
16:00 p.m. to 24:00 p.m. in all TVVD models. The maximum 
charging in MW of PEVs are 0.89, 0.88, 0.86, 0.84 and 0.08 for 
constant, mixed, residential, industrial and commercial load, 
respectively for 24 h of the day. Furthermore, the maximum 
discharging patterns of PEVs occurred in different hours of the 
day as per the AC MG time‐varying demand requirements for all 
TVVD models as shown in Figure 12.

The PEVs have the least charging/discharging in the commer
cial model because of low demand when PEVs are available 
whereas the PEVs have peak hours when PEVs are absent. 
Although the PEVs have the least charging/discharging capacity 
in commercial demand, their capacities are enough to curtail 
CHP‐based generation to zero from 5:00 p.m. to 12:00 a.m. as 
shown in Figure 13. This demonstrate that proposed PEVs 
integration strategy has significant cost reduction through 
shifting of peak demand (16–24 h) to off‐peak intervals 
(01–08 h) of the day for all TVVD models except commercial 

FIGURE 11 | DERs generation in all TVVD without PEVs.

FIGURE 12 | PEVs charging/discharging.

FIGURE 13 | DERs generation in all TVVD with PEVs.
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demand which enable the MG operator as well as the customer 
to achieve significant cost benefits and peak system load 
reduction.

5.2.4 | Generation Costs and Power Losses

The hourly generation cost for each TVVD load model with and 
without PEVs is presented on Figure 14. It is evident from 
Figure 1, that the power demand starts increasing at hour‐7 and 
is maximum till hour‐24. Similarly, the share of CHP is also 
increasing in the same time duration, which leads to hourly cost 
increment for all TVVD models as shown in Figure 14. Simi
larly, the hourly variation in T&D losses with and without PEVs 
is presented in Figure 15. It is clear from this figure that in the 
presence of PEVs T&D losses are reduced significantly for in
dustrial and mixed load models in hours 17–24 when PEVs 
discharging capacity is maximum. Although in other hours of 
the day and load models a considerable reduction in T&D losses 
are also observed.

It is clear from Table 4 that a significant reduction in total 
generation cost and T&D power losses obtained with the 
optimal scheduling and integration of PEVs in the presence of 
DERs for all TVVD models.

Also, the CHP generation is curtailed with the integration of 
PEVs in peak hours of residential, industrial and mixed demand 
from hour 17–24, which significantly reduces cost and T&D 
losses. The maximum cost benefit ($) is obtained in residential 
model (6.38%) followed by industrial (5.53%), mixed (4.72%), 
constant (3.11%) and commercial (1.75%) whereas maximum 
decrease in T&D power losses in residential demand (7.87%) 
followed by industrial (6.19%), mixed (4.87%), constant (2.25%) 
and commercial demand (2.71%), respectively.

In terms of commercial demand with PEVs integration, the 
reduction in total cost and T&D losses is low compared to other 
models due to the low MG demand pattern in hours 17–24. At 
this time of the day PEVs are not available for discharge and 
maximum demand is shared by RERs whereas CHP has the 
least share. The maximum cost benefit ($) and T&D loss 
reduction occurred in residential demand because the residen
tial demand has peak load when PEVs have maximum dis
charging capacities. The constant demand has maximum cost 
benefits in terms of maximum saving ($) because CHP‐based 
expensive power generation is maximum due to maximum 
load throughout the day and RERs generation is varying.

5.2.5 | Voltage Profile Improvement

The integration of DERs in a MG also poses a technical benefit 
which includes improvement in voltage profile of each phase. 
The proposed methodology also improves the voltage profile of 
each phase for all TVVD loads as shown in Figure 16. It can be 
observed from this figure that maximum pu voltage at each 
node is obtained for the commercial TVVD load model followed 
by residential, mixed, industrial and constant TVVD load 
models.

FIGURE 14 | Hourly cost in all TVVD. FIGURE 15 | Power losses in all TVV.
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Figure 17 shows the convergence comparisons between EGOA 
and PSO and it can be seen that EGOA will have a lower final 
cost of $1434/day than PSO with a final cost of $1506/day. In 
addition, EGOA is converging more quickly (15 iterations vs. 25 
iterations) and is more regular and stable, which also proves its 
better optimisation results.

6 | Conclusion

In this paper, optimal scheduling of DERs and PEVs is per
formed in 3‐phase unbalanced AC MG whilst considering dis
similar per phase loading levels of time‐varying voltage 
dependent (TVVD) load models. Initially, impact of lumped 
loading and per phase loading approach on DERs scheduling in 
unbalanced AC MG is investigated for TVVD models and then, 
PEVs are connected in presence of DERs to minimise the gen
eration cost and system losses using EGOA. The obtained re
sults demonstrate that per phase loading approach produced 
more realistic results as compared to lumped loading and gen
eration through CHP‐based DGs is curtailed; resulting in 
maximum utilisation of cost‐effective RERs and PEVs for all 
TVVD loads. The highest value of cost and T&D losses are ob
tained for residential load (7.87%) whereas the least value of cost 

and T&D losses are obtained for commercial demand (1.75%) in 
the absence of PEVs. The maximum benefit of PEVs introduc
tion is obtained for residential load as its peak demand occurs 
during maximum discharging capacities of PEVs. The integra
tion of PEVs has less impact on the reduction of total cost and 
T&D losses for commercial demand as compared to other load 
models due to dissimilarity between hourly charging/discharg
ing patterns of PEVs and load demand. Hence, integration of 
PEVs is a viable option for economic operation of MG in case of 
all TVVD load models.
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TABLE 4 | Generation cost and T&D losses in all TVVD.

Demand type
Cost ($) T&D losses (kW)

No PEVs With PEVs % Reduction No PEVs With PEVs % Reduction
Constant 2923 2832 3.11 7454 7286 2.25

Residential 1034 962 6.38 2820 2598 7.87

Commercial 1256 1234 1.75 3429 3336 2.71

Industrial 1013 957 5.53 2729 2560 6.19

Mixed 1505 1434 4.72 4165 3962 4.87

FIGURE 16 | Voltage profile.

FIGURE 17 | Iterative cost convergence of EGOA and PSO.
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