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Abstract 

This paper proposes an optimal network reconfiguration (ONR) by integrating the renewable energy (RE) based 

distributed generation (DG) resources, i.e., wind and solar photovoltaic (PV) modules, and electric vehicle charging 

stations (EVCS). The uncertainties related to renewable energy sources (RESs) are handled by using probability 

analysis. In this work, wind uncertainty is handled by using Weibull probability density function (PDF), and solar PV 

uncertainty is modeled by using Beta PDF. This paper also models the load of EVCSs. The ONR is a tool to operate 

distribution systems (DSs) at optimum cost/loss. In the literature, most of the ONR problems are solved as single 

objective type. This neccessiate the development of multi-objective based ONR problem and solved using the multi-

objective algorithms by considering multiple objectives. Therefore in this paper, total cost of operation and power 

losses are considered as two objectives functions. The single objective-based ONR is solved using crow search 

algorithm (CSA) and multi-objective-based ONR is solved using multi-objective-based CSA. As the DS is unbalanced, 

the power flow for the unbalanced system will include the three-phase transformer. The ONR problem has been solved 

by considering 17 bus unbalanced and balanced DSs. 

 

Keywords- Electric vehicles, Distribution system, Network reconfiguration, Renewable energy, Uncertainty. 

 

 

 

1. Introduction 
The rapid expansion of power transmission and distribution systems due to exponential load 

growth leads to poor voltage regulation and higher power losses. To meet this demand at reasonal 

cost, power sectors have adopted remarkable modifications towards power sector. The investment 

on the modification or upgradation of the existing network is practically a hard challenge because 

of strict economical and environmental constraints. This causes the distribution systems (DSs) to 

operate closer to their voltage stability boundaries, which makes the operation and control of 

distribution sytsems further complicated. So, the present focus of power utilities to use the 

existing resources in an optimal way. Feeder reconfiguration (FRC)/ONR is a very important tool 

for the DSs to operate at optimum cost and system losses and to improve system’s reliability/ 

security. Deregulation of energy market, restructuring of utilities, technological developments 

and global environmental concerns, have increased the interest of power utilities in the use of 

sustainable RESs (Pamshetti et al., 2020). In last few years many research attempts are made for 

the integration of renewable generation together with ONR to achieve the objectives of power 

loss, cost minimization along with maximization of reliability, economic and environmental 

benefits. By operating the radial DS at its current capacity limits rather than voltage limits can 

enhance the reliability of the system (Nick et al., 2018). However, the efficiency can be increased 

by reducing the losses by optimal FRC, shunt capacitors, etc. Advantages of ONR include better 

voltage profile, balancing the loading among the feeders, minimize the total cost and power losses, 

and relieve current limit violation. Cost/ loss minimization in the DS can be obtained by using the 

FRC, i.e., by changing the feeder topology by opening/closing status of sectionalizing and tie 
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switches. A repeated load flow solution is required for this FRC (Kavousi-Fard et al., 2015). 

 

A two-stage solution methodology integrating the coordinated electric vehicle (EV) charging with 

ONR to optimize the performance of DS has been proposed in (Amin et al., 2020). Naidu et al. 

(2019) proposes a particle swarm optimization (PSO) technique for the charging of EV with FRC 

to charge a higher number of EVs and enhance the system performance. Smart 

charging/discharging of plug-in EVs and demand response programs for enhancing the reliability 

of radial DSs using PSO have been proposed in Sadeghian et al. (2019). A multi-objective-based 

optimal approach with coordinated scheduling of EVs into the building cluster for enhancing the 

economical and safe operation in the DSs has been proposed in Huang et al. (2020). Mozafar et al. 

(2017) proposes an approach for optimal sizing and location of renewable energy sources (RESs) 

and EV charging stations (EVCS) using genetic algorithm (GA)-PSO-based hybrid optimization 

algorithm. Optimal locations of EVCSs considering the optimization of voltage deviation, power 

loss and maximization of voltage stability index is proposed in Babu and Swarnasri (2020). An 

approach to enhance the hosting capacity of DSs at EVCSs with reliability-based ONR has been 

described in Kamruzzaman et al. (2020). 

 

Kavousi-Fard et al. (2015) proposes a stochastic approach with an unscented transformation to 

handle the uncertain behavior of EVs based on the correlated power generation of WEGs. An 

ONR problem of DSs with an unbalanced optimal power flow (OPF) approach addressing the 

operational characteristics of an unbalanced DS, RESs, and voltage regulators has been proposed 

in Liu et al. (2019). Fu and Chiang (2018) proposes a four-stage solution approach including the 

assessment, evaluation and optimization stages for solving the problem of large-scale nonlinear 

mixed-integer optimization. Wu et al. (2020) proposes an ONR of DSs to handle the 

intermittances due to solar PV, wind powers, and load and optimizing voltage stability and power 

loss minimization. Hourly and whole-day ONR has been performed by modeling the solar 

irradiance, wind speed, and load forecasting using wavelet transform-based ARIMA model 

(Gangwar et al., 2020). An optimal stochastic FRC approach has been proposed in Rostami et al. 

(2015) to analyze the charging behavior of EVs by varying the grid topology. An ONR problem 

is solved in Asrari et al. (2016) using a hybrid optimization technique by combining the concept 

of fuzzy-based Pareto dominance with evolutionary-based shuffled frog leaping technique. An 

approach for an optimal allocation of storage systems, wind energy generators (WEGs), EVs and 

demand response, and hourly ONR in normal and contingency situations has been proposed in 

Kianmehr et al. (2019). An optimum power ow (OPF) based heuristic approach for ONR has 

been formulated in Peng et al. (2015), where continuous functions are used to model open/close 

the switch. The proposed technique starts by closing all the switches. Then based on the heuristic 

technique obtain from OPF solution the switch that candidate to be open to break the next loop is 

selected. This process is iterated until all the radial configuration structured is obtained. 

 

From the literature, it is clear that the ONR/FRC problem is solved individually or jointly by 

considering the RESs and capacitor banks. However, EVCSs are not considered. Therefore, the 

objective of present paper is to perform an optimal FRC by integrating RESs and EVCSs. This 

work quantifies the techno-economic benefits of ONR/FRC in the presence of RESs and EVCSs. 

Total cost and power losses are considered as two important and conflicting objectives and they 

are solved independently and simultaneously using crow search algorithm (CSA) and multi-

objective CSA (MO-CSA), respectively. 
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The rest of the paper will be broken into the following parts: modeling of RESs and EVCSs has 

been presented in section 2. The mathematical modeling of proposed ONR is described in section 

3. Section 4 presents simulation results of ONR problem on balanced and unbalanced 17 bus DSs. 

Lastly, the concluding remarks and contributions are set out in Section 5. 

 

2. Modeling of System Components 
This section presents the modeling of RESs, i.e., WEGs, solar PV modules, and electric vehicle 

charging stations (EVCSs). 

 

2.1 Modeling of WEGs 
Power generated from the WEG depends on geographical location, wind speed (𝑣), and direction 

Koutsoukis et al. (2017). However, for calculating the amount of power from the WEG, in this 

paper, only the wind speed (𝑣) is considered, and it is modeled as Li et al. (2017). 
 

𝑃𝑊 = {

0                                                              𝑣 ≤ 𝑣𝑐𝑖𝑛 , 𝑣 > 𝑣𝑐𝑜𝑢𝑡

(
𝑃𝑊

𝑟

𝑣𝑟
3−𝑣𝑐𝑖𝑛

3 ) 𝑣3 − (
𝑣𝑐𝑖𝑛

3

𝑣𝑟
3−𝑣𝑐𝑖𝑛

3 ) 𝑃𝑟𝑎𝑡𝑒𝑑               𝑣𝑐𝑖𝑛 < 𝑣 ≤ 𝑣𝑟

𝑃𝑊
𝑟                                                                   𝑣𝑟 < 𝑣 ≤ 𝑣𝑐𝑜𝑢𝑡

                                                    (1) 

 

For the modeling of wind power uncertainty, a two-parameter Weibull probability distribution 

function (PDF) is used in this paper, which is more accurate for the modeling of wind speed. The 

cumulative distribution function (𝐹𝑊(𝑣)) of wind speed (𝑣) is represented by Jung and Salkuti 

(2020). 

𝐹𝑊(𝑣) = 1 − 𝑒
−(

𝑣

𝑐
)

𝑘

                                                                                                                        (2) 

 

c and k are scalar and shape parameters. The PDF of wind power in continuous range (i.e., 𝑣𝑐𝑖𝑛 <
𝑣 ≤ 𝑣𝑟) is represented by Cui et al. (2020). 

𝑓(𝑃𝑊) =
𝑘(𝑣𝑟−𝑣𝑐𝑖𝑛)

𝑐𝑘𝑃𝑊
𝑟 (𝑣𝑐𝑖𝑛 +

𝑃𝑊

𝑃𝑊
𝑟 (𝑣𝑟 − 𝑣𝑐𝑖𝑛)𝑘−1) 𝑒

−(

𝑣𝑐𝑖𝑛+
𝑃𝑊
𝑃𝑊

𝑟 (𝑣𝑟−𝑣𝑐𝑖𝑛)

𝑐
)

𝑘

                                         (3) 

 

The PDF of wind power at 𝑃𝑊 = 0 is 

𝑓(𝑃𝑊 = 0) = 𝑓(𝑣 < 𝑣𝑖) + 𝑓(𝑣 ≥ 𝑣𝑐𝑜𝑢𝑡) = 𝐹𝑊(𝑣𝑖) + (1 − 𝐹𝑊(𝑣𝑐𝑜𝑢𝑡)) = 1 − 𝑒
−(

𝑣𝑖
𝑐

)
𝑘

+

𝑒
−(

𝑣𝑐𝑜𝑢𝑡
𝑐

)
𝑘

                                                                                                                                        (4) 

 

The PDF of wind power at 𝑃𝑊 = 𝑃𝑊
𝑟  is 

𝑓(𝑃𝑊 = 𝑃𝑊
𝑟 ) = 𝑓(𝑣𝑟 < 𝑣 < 𝑣𝑐𝑜𝑢𝑡) = 𝐹𝑊(𝑣𝑐𝑜𝑢𝑡) − 𝐹𝑊(𝑣𝑟) = 𝑒

−(
𝑣𝑟
𝑐

)
𝑘

+ 𝑒
−(

𝑣𝑐𝑜𝑢𝑡
𝑐

)
𝑘

                  (5) 

 
 

2.2 Modeling of Solar PV Generation 
Power generation from the solar PV units depend mainly on solar irradiation (G) and temperature 

(T) Lee et al. (2015). The amount of solar PV power produced for particular solar irradiation can 

be expressed as Samman et al. (2020). 
 

𝑃𝑃𝑉 = (𝑁𝑃𝑉
𝑚𝑜𝑑 × 𝑉 × 𝐼 × 𝐹𝐹)                                                                                                         (6) 
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Characteristics of voltage and current a solar PV unit in terms of ambient temperature (𝑇𝐴) and 

solar irradiance (G) are expressed as Altun et al. (2020). 

 

𝑉 = 𝑉𝑜𝑐 − (𝐾𝑣 × 𝑇𝑐)                                                                                                                        (7) 

𝐼 = 𝐺[𝐼𝑠𝑐 + 𝐾𝑖(𝑇𝑐 − 25)]                                                                                                                (8) 

𝑇𝑐 = 𝑇𝐴 + 𝐺 (
𝑇𝑁𝑂𝑇−20

0.8
)                                                                                                                    (9) 

𝐹𝐹 =
𝑉𝑀𝑃𝑃𝐼𝑀𝑃𝑃

𝑉𝑜𝑐𝐼𝑠𝑐
                                                                                                                              (10) 

 

𝑇𝐴 is ambient temperature, 𝑁𝑃𝑉
𝑚𝑜𝑑 is the number of solar PV modules, 𝐹𝐹 is the fill factor, 𝑇𝑐 is 

cell temperature. 𝑉𝑀𝑃𝑃  and 𝐼𝑀𝑃𝑃  are maximum power point voltage and current, 𝑉𝑜𝑐  is open-

circuit voltage, 𝐼𝑠𝑐  is short-circuit current. 𝐾𝑣  and 𝐾𝑖  are the temperature coefficient of voltage 

and current. 

 

Historical data of solar irradiation is used to determine the irradiation probability distribution. In 

this work, Beta PDF is used, which provides accurate modeling compared to logarithmic and 

gamma distribution functions. This Beta PDF can be expressed as Huang et al. (2016). 

𝑓(𝐺) =
Γ(𝛼+𝛽)

Γ(𝛼)Γ(𝛽)
𝐺(𝛼−1)(1 − 𝐺)(𝛽−1)                                                                                            (11) 

 

where, 𝛼  and 𝛽  are the shape parameters and they can be calculated by mean and standard 

deviation of solar irradiance (G) at a particular time. 

 

2.3 Load Model of EVCS 
The demand of EVCS mostly depends on number of EVs connected during vehicle-to-grid (V2G) 

and grid-to-vehicle (G2V) modes, and the charging and discharging rates and efficiencies. This 

load demand of EVCS can be expressed as Diaz et al. (2018). 

𝑃𝐷
𝐸𝑉𝐶𝑆 = (𝑁𝐸𝑉𝑃𝐺2𝑉𝜂𝐶𝑅𝑐) − (𝑁𝐸𝑉𝑃𝑉2𝐺𝜂𝑑𝑅𝑑)                                                                               (12) 

 

𝑅𝑐  and 𝑅𝑑  are the rates of charging and discharging; 𝜂𝐶  and 𝜂𝑑  are charging and discharging 

efficiencies; 𝑁𝐸𝑉 is the number of EVs; 𝑃𝐺2𝑉 and 𝑃𝑉2𝐺 are the active powers from G2V and V2G, 

respectively. 

 

2.4 Load Modeling 
In this work, the exponential model is selected for modeling the load of DS and EVCSs. The real 

and reactive demands at any bus i can be related to bus voltage (𝑉𝑖 ), using the exponential 

function, and they are expressed as Lee et al. (2015). 

𝑃𝐷𝑖
𝑛𝑒𝑤 = 𝑃𝐷𝑖 (

𝑉𝑖

𝑉𝑖
0)

𝑛𝑝

+ 𝑃𝐷𝑖
𝐸𝑉𝐶𝑆 (

𝑉𝑖

𝑉𝑖
0)

𝑛𝑝

                                                                                             (13) 

𝑄𝐷𝑖
𝑛𝑒𝑤 = 𝑄𝐷𝑖 (

𝑉𝑖

𝑉𝑖
0)

𝑛𝑞

+ 𝑄𝐷𝑖
𝐸𝑉𝐶𝑆 (

𝑉𝑖

𝑉𝑖
0)

𝑛𝑞

                                                                                            (14) 

 

𝑃𝐷𝑖
𝑛𝑒𝑤 , 𝑄𝐷𝑖

𝑛𝑒𝑤  are real and reactive loads at bus i after voltage-dependent/exponential load 

modeling. 𝑃𝐷𝑖 and  𝑄𝐷𝑖 are real and reactive power demands connected at bus i. np and nq are 
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voltage exponents. 𝑉𝑖
0, 𝑉𝑖 are nominal and actual bus voltages. 

 

3. Mathematical Modeling of ONR 
In this work, distribution load flow is formulated by considering bus-current-injection to branch-

current and branch-current to bus-voltage matrices. A three-phase transformer is modeled and it is 

incorporated into the load flow method. Here, ONR/FRC problem is solved by considering total 

cost and power loss minimizations as objectives. 

 

3.1 Total Cost (TC) Minimization 
Mminimization of TC objective is formulated by considering the feeder power cost, solar PV, and 

power from WEG costs. This TC objective can be expressed by Samman et al. (2020). 

 

Minimize, 

𝑇𝐶 =  ∑ (𝐶𝑖 × 𝑃𝑖)𝑁𝐹
𝑖=1 + ∑ (𝐶𝑊𝑗 × 𝑃𝑊𝑗)

𝑁𝑊
𝑗=1 + ∑ (𝐶𝑃𝑉𝑘 × 𝑃𝑃𝑉𝑘)𝑁𝑃𝑉

𝑘=1                                              (15) 

 

𝑁𝐹, 𝑁𝑊 and 𝑁𝑃𝑉 are the number of feeders, WEGs, and solar PV modules. 𝑃𝑖, 𝑃𝑊𝑗 and 𝑃𝑃𝑉𝑘 are 

power output from the feeders, WEGs, and solar PV modules, respectively. 𝐶𝑖, 𝐶𝑊𝑗 and 𝐶𝑃𝑉𝑘 are 

cost coefficients of scheduled powers from feeders, WEGs, and solar units, respectively. 

 

3.2 Power Loss Minimization 
Generally, the distribution systems (DSs) have a high resistance to reactance ratio and therefore 

they have higher losses. The single line diagram (SLD) of DS with one feeder has been depicted 

in Figure 1. 

 

 

P1,2+jQ1,2

1 2 j-1

Pj-1,j+jQj-1,j

j j+1

Pj,j+1+jQj,j+1

NB

PDj+jQDj
PD1+jQD1 PD2+jQD2 PDj-1+jQDj-1 PDj+1+jQDj+1

PDNB+jQDNB

Main grid/ 

Substation

 
 

Figure 1. SLD of the distribution system (DS). 

 

 

Active power loss in a line connected between buses j and (j+1) is calculated as, 

𝑃(𝑗,𝑗+1)
𝑙𝑜𝑠𝑠 = (

𝑃(𝑗,𝑗+1)
2 +𝑄(𝑗,𝑗+1)

2

|𝑉𝑗|
2 ) 𝑅(𝑗,𝑗+1)                                                                                             (16) 

 

Reactive power loss in a line connected between buses j and (j+1) is calculated as Altun et al. 

(2020). 

𝑄(𝑗,𝑗+1)
𝑙𝑜𝑠𝑠 = (

𝑃(𝑗,𝑗+1)
2 +𝑄(𝑗,𝑗+1)

2

|𝑉𝑗|
2 ) 𝑋(𝑗,𝑗+1)                                                                                             (17) 

 

Total power loss (𝑃𝑇
𝑙𝑜𝑠𝑠) is calculated as, 

𝑃𝑇
𝑙𝑜𝑠𝑠 = ∑ 𝑃𝑙𝑜𝑠𝑠,𝑙

𝑁𝑙
𝑙=1                                                                                                                       (18) 
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𝑁𝑙 is the number of lines in DS. The loss minimization objective is expressed as Huang et al. 

(2016). 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒             𝑃𝑇
𝑙𝑜𝑠𝑠                                                                                                                 (19) 

 

The above two objective functions in equations (15) and (19) are optimized subject to following 

constraints. 

 

3.3 ONR/FRC: Constraints 
The power balance constraint satisfies the sum of total power output from substation, WEGs, 

solar PV units equal to the sum of total power demand, total losses, and a load of EV charging 

stations (EVCS). This constraint can be expressed as Cui et al. (2020). 

∑ 𝑃𝑖
𝑁𝐹
𝑖=1 + ∑ 𝑃𝑊𝑗 + ∑ 𝑃𝑃𝑉𝑘 = 𝑃𝐷

𝑇 + 𝑃𝑇
𝑙𝑜𝑠𝑠 + 𝑃𝐷

𝐸𝑉𝐶𝑆𝑁𝑃𝑉
𝑘=1

𝑁𝑊
𝑗=1                                                            (20) 

 

where, 𝑃𝐷
𝑇 is total demand in the distribution system. 

 

Radiality constraint: Radial structure of DS can be retained by changing status of tie and sectional 

switches in the proposed ONR problem Samman et al. (2020). 

 

Each bus voltage must be within lower and upper limits, and it is represented by, 

𝑉𝑏
𝑚𝑖𝑛 ≤ 𝑉𝑏 ≤ 𝑉𝑏

𝑚𝑎𝑥           𝑏 = 1,2, … , 𝑁𝐵                                                                                    (21) 

 

Active power in the feeder is restricted by, 

𝑃𝑖 ≤ 𝑃𝑖
𝑚𝑎𝑥                𝑖 = 1,2, … , 𝑁𝐹                                                                                               (22) 

 

Active power of WEG is restricted by, 

𝑃𝑊𝑗 ≤ 𝑃𝑊𝑗
𝑚𝑎𝑥            𝑗 = 1,2, … , 𝑁𝑊                                                                                              (23) 

 

Active power of solar PV module is restricted by, 

𝑃𝑃𝑉𝑘 ≤ 𝑃𝑃𝑉𝑘
𝑚𝑎𝑥                𝑘 = 1,2, … , 𝑁𝑃𝑉                                                                                       (24) 

 

Substation thermal limit is restricted by Samman et al. (2020), 

𝑆𝑠𝑠 ≤ 𝑆𝑠𝑠
𝑚𝑎𝑥                                                                                                                                   (25) 

 

Feeder thermal limit is restricted by, 

𝐼𝑓 ≤ 𝐼𝑓
𝑚𝑎𝑥                                                                                                                                     (26) 

 

Here, the single objective based FRC/ONR is solved by crow search algorithm (CSA) (Hussien et 

al., 2020; Meraihi et al., 2020) and multi-objective based ONR is solved by MO-CSA (Nobahari 

and Bighashdel, 2017). Reader can refer Rizk-Allah et al. (2020) and Movahediyan and 

Askarzadeh (2018) for the description of CSA and MO-CSA. 

 

4. Results and Discussion 
The ONR problem is implemented on 17 bus unbalanced and balanced DSs (Raju and Bijwe, 

2008). This test system has 17 buses, 19 lines, and 3 transformers (of rating 115 kV/13.2 kV) 

with delta-Yg connection. These 3 transformers have a leakage impedance of (0.01+j0.05) p.u. 

(Salkuti, 2021) and they are placed in the lines 1, 2 and 3. In this work, the active power exponent 

(np) is selected as 1 and the reactive power exponent (nq) is selected as 2. The SLD of 17 bus DS 
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is shown in Figure 2. In this test system, it is presumed that one wind farm is located at bus 14, 

one solar PV plant is located at bus 9, and two EVCSs are located on buses 2 and 15 with 

multiple charging points. Parameters related to solar PV plant are: rated capacity is 2 MW, 

nominal cell operating temperature is 43oC, open-circuit voltage (𝑉𝑜𝑐) is 36.96 V, short-circuit 

current (𝐼𝑠𝑐) is 8.38 A, voltage at MPP is 28.36 V and current at MPP is 7.76 A. The rated 

capacity of WEG is 2 MW. It is considered that substation at bus 1 maintains a constant voltage 

of 1.0 p.u. and the voltage at each bus is restricted between 0.95 p.u. and 1.05 p.u. 
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Figure 2. SLD of 17 bus distribution system (DS). 

 

4.1 Results on 17 Bus Balanced DS 
This section presents the simulation results on 17 bus balanced DS. Power demands, i.e., active 

and reactive powers considered for this network are 86.10 MW and 51.90 MVAr. In this paper, 

CSA is used to solve the single-objective optimization (SOO) problems, i.e., power loss and total 

cost minimization problems, and MO-CSA is used for solving the MO based ONR problem. 

Table 1 depicts the results for balanced 17 bus DS considering different objective functions. 

When the minimization of TC is considered at a time then optimum cost obtained is 1965.32 $/h 

and losses are 3.02 MW. The opened lines between the buses after the ONR are 5-8, 5-9, and 6-

11. Optimum power outputs from 3 feeders, one WEG and one solar PV unit are shown in Table 

1. When the minimization of loss is optimized alone, the obtained loss is 2.14 MW, but cost 

increased to 2086.19 $/h. 

 
Table 1. Optimum power outputs for single and multiple objectives of 17 bus balanced DS. 

 

 
TC Minimization Power loss Minimization TC and Loss minimization 

Feeder 1 power (MW) 5.32 14.07 10.89 

Feeder 2 power (MW) 52.06 38.44 45.39 

Feeder 3 power (MW) 28.59 32.82 29.16 

WEG power (MW) 1.82 1.69 1.78 

Solar PV power (MW) 1.85 1.74 1.82 

Load of EVCS (MW) 0.52 0.52 0.52 

Cost of operation ($/h) 1965.32 2086.19 2008.04 

Power loss (MW) 3.02 2.14 2.42 

Lines opened (between buses)  12 (6-11), 9 (5-9), 7 (5-8)  
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From the above two SOO problems, it is clear that when cost minimization is optimized 

separately/alone then power loss has been moved away from its optimum value, and vice versa. 

Hence, one need to optimize both objectives simultaneously. Therefore, in this work, both the 

objectives are minimized at a time by using MO-CSA. Figure 3 shows Pareto optimal front (POF), 

which constitutes 50 compromised solutions of total cost and power loss objectives. Among these 

50 compromised solutions, one best-compromised solution has been selected from this Pareto 

optimal front with the help of fuzzy satisfaction method (Reddy et al., 2011). The trade-off result 

obtained for this system has cost of 2008.04 $/h, and power loss of 2.415 MW, and this has been 

depicted in Figure 3. The opened lines between the buses after the ONR are 5-8, 5-9, and 6-11. 

 

 
 

Figure 3. Pareto optimal front (POF) and trade-off solution for balanced 17 bus DS. 

 

 

4.2 Results on 17 Bus Unbalanced DS 
This section presents the results on 17 bus unbalanced DS. Power demands, i.e., real and reactive 

powers considered in this system are 86.96 MW and 52.419 MVAr. Table 2 shows the optimum 

power outputs for SOO and MOO problem of ONR for unbalanced 17 bus DS considering 

different objective functions. When cost is optimized at a time then the minimum cost resulted is 

2011.07 $/h and losses are 3.16 MW. On the other hand, when power loss is minimized alone, 

then the minimum loss resulted is 2.23 MW but is increased to 2130.14 $/h. Hence, this work 

proposes a MOO based ONR problem. 

 

 
Table 2. Optimum power outputs for single and multiple objectives of 17 bus unbalanced DS. 

 

 
TC Minimization Power loss Minimization TC and Loss minimization 

Feeder 1 power (MW) 15.38 4.09 12.58 

Feeder 2 power (MW) 43.50 50.42 43.39 

Feeder 3 power (MW) 28.13 31.65 30.32 

WEG power (MW) 1.84 1.80 1.81 

Solar PV power (MW) 1.85 1.76 1.80 

Load of EVCS (MW) 0.58 0.58 0.58 

Cost of operation ($/h) 2011.07 2130.14 2066.02 

Power loss (MW) 3.16 2.23 2.41 

Lines opened (between buses)  8 (8-13), 12 (6-11), 9 (5-9)  
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From the above two SOO problems, it is clear that when total cost is minimized independently 

then power loss is moved away from its optimum, and vice versa. Therefore, there is a 

requirement for optimizing both objectives simultaneously. Figure 4 shows the POF, which 

constitutes 50 compromised solutions of total cost and power loss objectives. Among these 50 

compromised solutions, one best-compromised solution has been selected from this Pareto 

optimal front with the help of fuzzy satisfaction method. The trade-off solution that is resulted for 

this system has total cost of 2066.02 $/h, and power loss of 2.407 MW, and this has been depicted 

in Figure 4. The open lines between the buses after the ONR are 5-9, 6-11, and 8-13. 

 

 
 

Figure 4. POF and trade-off solution for total cost and power loss minimizations of unbalanced 17 bus DS. 

 

As per the above obtained results, the integration of RESs with ONR leads to reduced power loss, 

cost and improved voltage levels of the DSs. 
 

5. Conclusions 
This paper proposes the ONR/FRC problem of the distribution system (DS) with RESs and 

EVCSs. Generally, DS is an unbalanced system. In unbalanced systems, the three-phase 

transformers play significant role and it is modeled in this work. The uncertainties related to the 

RESs are handled by using probability analysis. In this work, wind power uncertainty is handled 

by using Weibull probability density function (PDF), and solar PV uncertainty is modeled using 

the Beta PDF. This paper also models the load of EVCSs. The ONR/FRC is used to operate DSs 

at optimum cost/loss. Therefore in this paper, two objectives (the total cost of operation and 

power losses) are selected as two objectives functions and they are solved using the evolutionary 

based algorithms. The multi-objective-based ONR including the switching costs and optimizing 

the number of switching operations over a period of time is the scope for future research work. 
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