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1. Introduction 

In power systems, distribution power grids (EDNs) receive electricity from transmission power grids 

and distribute the electricity to loads [1]. Nowadays, customers use more high power devices such as 

electric chargers for car, leading to high voltage drop and power loss [2]. So, solutions to the problem 

need to be found, and solar energy is one of the most effective solution [3]. Thanks to the benefits of 

economics and engineering, installing electric components in EDNs has become a hot trend [2], 

especially distributed generators (DGs) using solar radiation and wind speed. The added DGs can reduce 

power from the grid and current from the source to each load, leading to the reduction of voltage drop 

and power loss. Therefore, the paper focuses on the optimal placement of DGs based on solar radiation. 

The target is to improve the voltage and lessen the power loss based on the optimal determination of the 

location and power of photovoltaic power plants (PVPs) in EDNs. 

Many previous studies have used different types of DGs for different purposes, such as general DGs 

[4]–[7], wind power plants (WPPs) [8]–[12], PVPs [13]–[16], and both WPPs and PVPs [17]–[21]. In a 

study [4], three standard IEEE EDNs with 33, 69, and 85 nodes were employed to find DGs' most 

suitable power and position to reduce the total power loss. In the study [5], only one standard IEEE EDN 

with 33 nodes was tested to simulate the impacts of injected active and reactive power from DGs. 

Another study [6] found other solutions with the combination of PVPs and WPPs in the standard IEEE 

33-node EDN. in order to violate high voltage drop and reduce switching number when implementing 

network reconfiguration and using DGs in the IEEE 69-node configuration [7]. In the study [8], modern 

wind turbines based on Double Fed Induction Generator (DFIG) were connected to the EDNs to reduce 

loss and enhance voltage. In the study [9], high benefits of adding WPPs appropriately in EDNs were 

analyzed based on results from optimization tools’ comparisons. In the study [10], the cutting-edges of 

energy storage system was applied in three unbalanced phase-EDNs. More specifically, the steady-state 

mailto:jte@hcmute.edu.vn
https://doi.org/10.54644/jte.2024.1559
https://creativecommons.org/licenses/by-nc/4.0/
https://creativecommons.org/licenses/by-nc/4.0/
https://orcid.org/0000-0001-6510-0027
https://orcid.org/0000-0002-8618-1812


 

ISSN: 2615-9740 

JOURNAL OF TECHNICAL EDUCATION SCIENCE 
Ho Chi Minh City University of Technology and Education 

Website: https://jte.edu.vn 
Email: jte@hcmute.edu.vn 

 

 

JTE, Volume 19, Issue 06, 2024 23 
 

 

operation of DFIG has been analyzed in various conditions corresponding to several types of turbines 

were placed in the unbalance distribution network in [11].  In the study [12], DGs were integrated in 

combined heat and power systems, and the systems have reached a reduction of fuel cost of 8%, power 

loss of 5%. In addition, the voltage was improved by greater than 0.5% in an IEEE 33-node 

configuration. In [13], [14], small-power PVPs were applied to investigate the impact of these sources 

on load at peak hours. In the study [15], PVPs was proven to be very effective to reduce the investment 

cost of EDNs efficiently.  The impact of placing PVPs on reactive and active power loss and node 

voltage amplitude has been investigated by using optimization algorithms and three benchmark EDNs 

with 33, 69 and 85 nodes. The study [16] considered two different single-objective functions: total 

installed PVPs and energy purchase cost at slack node. 

In recent years, the combination of both PVPs and WPPs has become an interesting trend in EDNs. 

For instances, the two studies [17], [18] have applied the combination to solve the optimal load flow 

problem with two single-objective functions in the IEEE 33-node EDN. The studies [19], [20] have 

considered the uncertainty of wind and solar and demand side response with total power loss reduction, 

annual cost minimization and annual demand response compensation as well as voltage stability index 

improvement. Another trend of using both WPPs and PVPs to solve the reconfiguration issues for EDNs 

was tried in the study [21]. In the study, unpredictable load variation and the uncertainties of renewable 

generating sources were also considered simultaneously. Metaheuristic algorithms could solve complex 

optimization problems effectively and they should be applied for the considered problem [22]. 

Approximately all the mentioned studies have applied metaheuristic algorithms to get solutions for 

conclusions. 

In the paper, a novel algorithm, which is Northern Goshawk Optimization (NGO) [23], is applied for 

simulating the placement of PVPs in the IEEE 33-node EDN. The algorithm is compared to two 

optimization tools, including Firefly algorithm [24] and configuration-based analysis method [25] for 

indicating the performance of the applied NGO. The contribution of the paper is summarized as follows: 

 Testing different cases of placing PVPs in the IEEE 33-node EDN. 

 Determine the best solution to place PVPs in EDNs. 

 Reduce the power loss and improve the voltage effecitvely. 

In addition to the Introduction, the rest of the paper is structured as follows: Section 2 will present 

the problem description, which features the main objective function and constraints; Section 3 briefly 

introduces the main applied method; Section 4 provides the results and related discussions; and finally, 

Section 5 reveals the crucial conclusions of the whole paper. 

2. Problem description 

In the study, objective function and constraints are presented in formulas. The objective function is 

used to evaluate obtained solutions and then the best solution of placing PVPs is determined. Constraints 

are operating condition of distribution lines and loads. The detail is expressed as follows. 

2.1. Objective function 

As loads are working, the transformer at the slack node is receiving from a higher voltage feeder and 

supplying electricity to the loads via distribution lines. The lines are conductors with resistance causing 

voltage drop and power loss; however, the power loss reduction is selected to be an objective function. 

On the other hand, voltage drop is imposed on constraints and voltage constraint must satisfy the 

operating condition of loads. The power loss is expressed as follows. 

2

1

3 ( . )
liN

a a

a

TAPL I R


   (1) 

where 𝑇𝐴𝑃𝐿 is the total active power loss in the whole grid; 𝐼𝑎 and 𝑅𝑎 are he current and resistance 

of the ath distribution line; 𝑁𝑙𝑖 is the distribution line number.  

Among the parameters in Equation (1), 𝑅𝑎  and 𝑁𝑙𝑖 are taken from input data of the considered EDNs; 

meanwhile, 𝐼𝑎is obtained by running forward/backward sweep technique [4]. Particularly, The forward-
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backward sweep technique is a powerful tool for analyzing power flow in radial distribution systems. It 

works in two iterative stages: 

 A forward sweep calculates voltage at each bus, starting from the source and moving towards the 

loads. 

 A backward sweep calculates current in each branch and power flow at each bus, starting from 

the loads and moving back to the source. 

This back-and-forth process continues until voltage and current values converge to a stable solution. 

The method's efficiency and low computational cost make it ideal for radial systems. Variations of this 

technique exist, but all share the core principle of forward and backward sweeps. Ultimately, this 

technique helps engineers analyze voltage profiles, currents, power flows, and identify power losses 

within the distribution network. 

2.2. Constraints 

EDNs are comprised of distribution lines and loads at nodes. When the electric components are 

working within an allowable range, the EDNs are working stably. So, the operating conditions of the 

components are considered. 

2.2.1. Voltage Magnitude limits 

In the considered EDNs, loads are working and requriring a voltage value within a predetermined 

range, which is between the minimum and maximum limits. This is the voltage constraint shown in the 

following inequality: 

; 1, ,min b max busV V V b N     (2) 

where 𝑉𝑚𝑖𝑛 and 𝑉𝑚𝑎𝑥 are the minimum and maximum voltage limits; and 𝑉𝑏 is the bth bus’ voltage. 

2.2.2. Conductor Current Limits 

Unlike bus’ voltages, the current of conductors is only restricted by its designed capability 

corresponding to the conductors’ area and material. That parameter can be seen as the maximum current 

capability of the line without overload or damage. The constraint is expressed as follows. 

; 1, ,Max

b b liI I b N    (3) 

Where, 𝐼𝑏
𝑀𝑎𝑥 is the maximum current that the conductor in the bth line can work stably.  

2.2.3. PVP’s Location limits 

The locations to place PVPs are very imporant to cut the power loss and improving the voltage. The 

applied NGO is assigned to find the best locations for added PVPs, excluding bus 1 where the 

transformer is working. Particularly, the location constraint is formulated as follows 

2 c busLSPVP N   (4) 

Where 𝐿𝑆𝑃𝑉𝑃𝑐 is the location of the cth added PVP. 

3. The Northern goshawk optimization 

3.1. The main foundations 

Northern Goshawk Optimization (NGO) is proposed based on the hunting behavior of the Northern 

Goshawk science. There is a wide range of targets while a northern goshawk executes its hunting 

process. The target can sometimes be small rabbits, squirrels, or larger animals such as foxes or 

raccoons. In terms of methodology, NGO is classified as a population-based meta-heuristic algorithm. 

In the development of NGO, the algorithms were evaluated for performance by testing with different 

optimization problems, including theoretical and practical optimization problems. The results achieved 

by NGO are compared with other optimization methods proposed previously, such as marine predators’ 

algorithm (MPA), tunicate swarm algorithm (TSA), whale optimization algorithm (WOA), gravitational 
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search algorithm (GSA), teaching-learning based optimization (TLBO), particle swarm optimization 

(PSO), etc. [23]. In summary, the selection of an NGO to solve the considered problem is based on the 

following points: 

- The NGO is a novel meta-heuristic algorithm when the research is conducted. Moreover, as 

mentioned above, NGOs have performed better than previous algorithms, especially while 

dealing with large-scale optimization problems. 

- The literature has yet to use NGOs to solve the problem. Therefore, the application of NGOs in 

this research is considered a contribution in terms of the method applied to solving the 

optimization problem in a power system. 

- By demonstrating NGOs' high capability in solving the considered problem, the research also 

paves the way for later studies applying NGOs to other problems in power system optimization.  

3.2. The execution of NGO 

As mentioned above, NGO is a population-based meta-heuristic algorithm. Therefore, a set of 

random populations is required at the beginning of the optimization process. Suppose that the space 

solution is limited by the two-boundary solution represented by Xmin and Xmax; other random individuals 

or solutions will be randomly produced within these boundaries. If the initial population size is NPo, a 

set of solutions from 1 to NPo will be produced. After that, all these solutions will be assessed for quality 

based on the given solution featured by the considered optimization problem. In addition, the quality of 

each solution is measured by its fitness value denoted by FXi, with i as the index of the solution in the 

initial population. 

3.2.1. The update process 

The update process for new soltuion is the key factor that differentiate a particular meta-heuristic 

algorihtm among many others. Therefore this section will focus on describing the update process of 

NGO which is executed subsequently by the identification and striking phase. The mathematical 

expression of the two phases will be given as follows. 

The identification phase: This phase uses a mathematical model to describe how a northern goshawk 

identifies its target in the first phase of the hunting process. Then, the update process for new solutions 

of this phase is formulated by the following expression. 

 

 
_1

, if

, otherwise

ii i SL Xnew

i

i i

X Rnd SL AF X F F
X

X Rnd X SL

     
 

  

 (5) 

Where, 𝑋𝑖
𝑛𝑒𝑤_1

 is the new solution updated in the identification phase with i = 1, 2, …, NPo and NPo 

is the initial population size; 𝑋𝑖 is the considered solution; 𝑅𝑛𝑑 is the random value between 0 and 1; 

SL is the random selected solution of the initial population; 𝐴𝐹 is the amplifying factor; 𝐹𝑆𝐿 and 𝐹𝑋𝑖
 are 

the fitness value of the selected solution and the considered solution.  

While all the solutions complete their update process for new solutions, the refining procedure will 

be conducted to save the promising solutions for the next phase of the optimization process and remove 

the low. Besides, the ineffective solutions will be removed. The refining process is expressed using the 

following equation: 

1

1
if

,           otherwise

new
ii

new

i XX

i

i

X F F
X

X

 
 


 (6) 

The striking phase: This phase describes the variation in the location of the northern goshawks 

toward the target after the first phase. The location variation of the northern goshawks is formulated 

using the model below. 

 _1 2 1new

i i iX X SF Rnd X      (7) 
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with 

0.02 1
CI

SF
Maxiter

 
   

 
 (8) 

In the Equations (7) and (8), 𝑋𝑖
𝑛𝑒𝑤_2

 is the new solution updated in the striking phase; 𝑆𝐹 is the space-

shrinking factor; 𝐶𝐼 and 𝑀𝑎𝑥𝑖𝑡𝑒𝑟 are the number of the current iteration and the maximum number of 

iterations. 

Like the indentification phase, all the new solutions updated in the striking phase will be refined for 

saving the promissing solutions as follows: 

_ 2

_ 2 if

,          otherwise

new
ii

new

i XX

i

i

X F F
X

X

 
 


 (9) 

3.2.2. The stopping criterion 

Generally, the optimization process of meta-heuristic algorithms, including NGO, is serial loops 

limited by the preset value of a maximum number of iterations. Therefore, when the serial loops reach 

the preset value of iterations, the optimization process will be stopped there, and the optimal solutions 

will be reported. 

The whole searching process while using NGO to solve an optimization problem is described in 

Figure 1 below: 

 

Figure 1.  The whole searching process of NGO 

4. Results and discussions 

In this section, Northern goshawk optimization (NGO) is employed to optimize the placement of the 

distributed generators on the electric distribution network (EDN) to minimize the total active power loss 

(TAPL) of the whole grid. Besides, the performance of NGO is also evaluated in detail in different case 

studies as follows: 

1. Investigating the stability of NGO while optimizing the placement of distributed generators on 

the grid using different settings in terms of the initial population size (NPo) and maximum number 

mailto:jte@hcmute.edu.vn


 

ISSN: 2615-9740 

JOURNAL OF TECHNICAL EDUCATION SCIENCE 
Ho Chi Minh City University of Technology and Education 

Website: https://jte.edu.vn 
Email: jte@hcmute.edu.vn 

 

 

JTE, Volume 19, Issue 06, 2024 27 
 

 

of iterations (Maxiter). The TAPL values achieved by NGO is also compared to the previous 

methodsss for proving its effectiveness in solving the considered problem. 

2. Examinate the TAPL value using different numbers of photovoltaic power plants (PVPs) on the 

grid. Note that the number of PVPs placed on the grid is varied from one to seven with the same 

rated power for each, which is 400 KW 

3. Evaluate the TAPL under the placements of one PVP with different rated power and location on 

the grid. Note that the rated power of the sole PVP is varied from 0 to 3000kW 

The standard configuration of IEEE 33-node EDN was selected to conduct the research, and the 

description of the selected EDN is presented in Figure 2. The primary data of the IEEE-33 node EDN is 

cited from [24], [25]. The selected EDN consists of 33 nodes linked by 32 branches. The operational 

voltage is 12.66 kV, and the total load demand for active and reactive power is 3715 kW and 2300 

kVAR. Also, according to [24], [25], the TAPL value of the original EDN is 211 kW. Besides, codings 

and involved simulations are performed using Matlab programming language version R2015a installed 

on a personal computer with several specifications: the central processing unit (CPU) with 2.3 GHz of 

clock speed and 8 GB of random accessing memory (RAM). Additionally, the NGO has executed 100 

testing runs for the best solution in each case study mentioned above 

 

Figure 2.  The selected IEEE 33-node EDN 

Note that, all the PVPs used in the whole research can be stably operated with the following 

assumptions: 

- Suppose that solar irradiation and the temperature at the site placing PVP are all sufficient to 

ensure the design capabilities of PVPs. 

- The geographical locations and the specific nodes where PVPs are placed satisfy all the related 

standards required by the PVP’s manufacturer to ensure the designed operation. In addition, the 

nodes where PVPs are connected can fully handle the amount of power injected by PVPs at any 

times.  

- PVP systems can generate specific megawatt outputs to meet optimal solution requirements. 

4.1. The results achieved in case study 1 

In this subsection, NGO is executed to reach the best value of TAPL by optimizing the placement in 

terms of rated power and location of PVPs on the grid. Note PVP used in this case can only supply active 

power to grid. Suppose that rated power of the PVP used in the first case study can varied between 0 to 

3000 KW. NGO had been tested with different settings of Maxiter which is varied from 50 to 200 with 

step of 50 each change. Additionally, the value of NPo is fixed at 10 for all values of Maxiter. Figure 3 

shows the results qualitatively achieved by NGO with different settings of Maxiter where Maxiter = 200 

is the only option achieving the best stability of power loss throughout 100 testing runs. 

~
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18

23 24 25

19 20 21 22
26 27 28 29 30 31 32 33
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Figure 3.  The results obtained by NGO after 100 testing runs with different setting of MI 

Figure 4 provides quantitative results while executing NGO various settings of  Maxiter. These 

settings reach a similar value to TAPL, which is 111.0311 kW. However, the observation of the STD 

value reveals a vast difference. Notably, while the STD value resulting from Maxiter = 50 is up to 

0.3328, that of Maxiter = 200 is zero, meaning that the TAPL values throughout 100 testing runs are the 

same. The conclusion needed to be made is with NPo is fixed at 10, the Maxiter = 200 is the best setting 

for achieving best mimium value of TAPL and also zero value of STD.  The best convergence of 

Maxiter = 200 is displayed in Figure 5. 

 

Figure 4.  The suvery on the stability achieved by NGO with different settings of Maxiter = 200 

 

Figure 5.  The best convergence resulted by the Maxiter = 200   
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Table 1 compares NGO and other previous methods in terms of different criteria. Notably, the result 

from the NGO on the TAPL value is compared to 6 other methods, including IA [24], INPS [25], WIPSO 

[26], SADE [26], ALO [27], and MFO [28]. In the table, only WIPS and SADE found the same installed 

bus for PVP placement, which is at bus 30, while others placed PVPs at bus 6. On the other hand, the 

differences in the PVP’s rated power are also spotted. The top three largest values of PVP’s rated power 

are IA with 2601 MW and NGO and INPS with 2590 MW and 2474 MW, respectively. More 

importantly, the values of TAPL recorded by the methods should be paid more attention to because 

TAPL is the key factor indicating the performance of the compared method in the table. Notably, the 

TAPL value achieved by NGO is better than all the meta-heuristic algorithms in the table except for 

INPS, which is not a meta-heuristic algorithm. For instance, when compared with WIPSO and SADE, 

the difference between NGOs and these two methods is significant, at 125.267 kW compared to only 

111.03 kW by NGOs. In addition, NGO is also better than IA and ALO, with the TAPL results from 

these two methods being 111.1 kW and 111.302 kW, respectively. Finally, in comparison with the last 

meta-heuristic algorithm considered, MFO, the TAPL value achieved by NGO is also slightly better. 

However, the difference is not as great as that between the other methods in the same class mentioned 

above. 

Table 1. The comparison on the results achived by NGO and previous methods 

 IA [24] INPS [25] WIPSO [26] SADE [26] ALO [27] MFO [28] NGO 

Original TAPL (kW) 211 211 211 211 211 211 211 

Installed bus 6 6 30 30 6 6 6 

PVP’s rated power (kW) 2601 2474 1600 1600 2450 2560 2590 

TAPL with PVP (kW) 111.1 110.142 125.267 125,267 111.302 111.042 111.03 

TAPL reduction (%) 47.39 47.8 40.63 40.63 47.25 47.37 47.38 

4.2. Determine the optimial locations for placing different number of PVP on grid. 

 

Figure 6.  Different number and position of PVPs placed in grid 

In this subsection, different numbers of PVP placed in the grid will be examined to evaluate the effect 

of PVP numbers on the TAPL. Specifically, the number of PVPs placed in the grid varies from 1 to 7, 

and the NGO is in charge of finding the optimal position of the PVPs on the grid and the TAPL value 

corresponding with each case of PVP number. Note that the rated power of each PVP used in this section 

is the same and is fixed at 400 kW. This rated power is achieved using ten solar panels of the JAM54S30-

400/MR model from JA Solar. This Chinese manufacturer is also known as one of the top solar power 

companies in the Chinese mainland while considering their cost-effective and efficient solar solutions. 

The detailed specifications of the selected solar panel can be learned at [29]. The specific positions 

corresponding to different numbers of PVPs are presented in Figure 6. Next, the TAPL values resulting 
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from different numbers of PVPs are given in Figure 7. The observation in Figure 7 reveals that the more 

PVPs penetrate the grid, the more TAPL is decreased. 

 

Figure 7.  The TAPL values corresponding to the number of PVPs placed on grid 

4.3. Determine the optimal position of placing PVP with different values of rated power. 

In this subsection, a sole PVP with a different rated power output varying from 100 to 4000 kW is 

placed on the grid to evaluate the variation on TAPL. Like the above subsections, NGO is also applied 

to determine the optimal position of PVP on the grid for achieving the best value of TAPL. The results 

achieved by the NGO are shown in Figure 8. The figure indicates that while the rated power of the PVP 

is increased from 100 to 1300 kW, the value of TAPL becomes smaller, and the position to place the 

PVP is also changed. However, while the rated power is increased from 1300 to 1800 kW, the exact 

position of PVP on the grid is found with a slight reduction of TAPL. A similar phenomenon also 

happens with the rated power between 1900 and 2100 kW with the optimal position on the grid in bus 

7. The consideration of TAPL on the last range of rated power from 2200 to 4000 kW of PVP can be 

divided into two stages, including stage 1, where TAPL kept reducing, and stage 2, where the TAPL 

started increasing again regardless of the similar position of PVP on the grid is found. Stage 1 lasts from 

the rated power output of 2200 kW to 2600 kW. The values of TAPL are reduced from 112.2 kW and 

reach the minimum value of 111 kW. In stage 2, while the rated power continuously increases from 

2700 kW onward, the value of TAPL also increases reverently compared to stage 1 and reaches the top 

value of 137.5 kW. 

 

Figure 8.  The position on grid and the values of TAPL corressponding to different rated power of the sole PVP. 

Through the results described in Figure 8, the conclusion is that if the rated power of PVP is between 

100 and 700 kW, a PVP should be placed at one of the buses 18, 17, 16, and 15 to achieve the best 
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TAPL. On the other hand, if PVP's rated power is more significant than 2200 kW, bus 6 is the best 

position to place PVP for a minimum value of TAPL. 

Figure 9 presents the grid's highest and lowest voltage values for each value of PVP's rated power 

between 100 to 4000kW. The figure shows that the lowest voltage value gradually increases while PVP's 

rated powers become larger from 100 to 1800kW and from 2300 to 4000kW. At the time the PVP's rated 

power reaches 1900 kW, the lowest value of voltage is sharply decreased; however, while PVP's rated 

power is continuously increased by 100 kW more, the lowest value of voltage has moved up again and 

slightly decreases after PVP's rated power reaches 2200 kW. On the contrary, with the voltage's lowest 

values, the highest ones almost remain the same except in cases where PVP's rated power reaches 3600 

kW onward. However, the higher voltage value increase is not dramatic compared to the lowest one 

following the variation of PVP's rated power. 

 

Figure 9.  The voltage profiles corresponding to different values of PVP’s rated power placed on grid.. 

4.4. The discussion on the rated installed power of the PVP using the previous sections 

Choosing the right size for a grid-connected PV system requires a multi-step approach. Analyze 

sunlight data and available installed space to understand potential energy generation. Investigate the 

adaptability of the power grid at the location where the PV system will be placed and connected to the 

grid. This step is necessary because if PVP injects more power than the value needed at the specific 

point, this will negatively influence dynamic stability, resulting in the unstable operation of electrical 

devices and causing economic damage. Next, a detailed analysis of the electricity demand must be 

conducted to accompany the expandability factor in the future. The selection of the correct expandability 

factor will later benefit while demand increases, leading to a larger power supply. Finally, financials are 

key – compare system costs with projected energy savings and available incentives to find the most cost-

effective size. In this last step, optimization methods are applied to establish an optimal solution that 

best balances engineering and economic considerations.  

Moreover, the selection of 3000kW or 4000kW rated power of the PV system in the manuscript is 

based on the following reasons: 

- The PV systems with rated power ranging from 3000 to 4000 kW, which we have chosen for our 

research, are not just theoretical concepts. They are already installed and connected to the 

distribution power grid in real-world applications. For instance, further information about the 

supplier providing a 3MW PV system can be found at [30] and [31] for a 4000kW PV system. 

This practical application underscores the relevance and importance of our research.  

- Previous studies [32], [33] have also evaluated the PVP's rated power output of 3000 to 4000kW. 

These studies also claim that these rated powers are practically and economically suited to small 

and medium-scale distribution networks. 

0,86

0,88

0,9

0,92

0,94

0,96

0,98

1

1,02

0

5

10

15

20

1
0
0

2
0
0

3
0
0

4
0
0

5
0
0

6
0
0

7
0
0

8
0
0

9
0
0

1
0
0

0
1

1
0

0
1

2
0

0
1

3
0

0
1

4
0

0
1

5
0

0
1

6
0

0
1

7
0

0
1

8
0

0
1

9
0

0
2

0
0

0
2

1
0

0
2

2
0

0
2

3
0

0
2

4
0

0
2

5
0

0
2

6
0

0
2

7
0

0
2

8
0

0
2

9
0

0
3

0
0

0
3

1
0

0
3

2
0

0
3

3
0

0
3

4
0

0
3

5
0

0
3

6
0

0
3

7
0

0
3

8
0

0
3

9
0

0
4

0
0

0

V
o

lt
ag

e 
(p

u
)

B
u
s

PVP's rated power (kW)

Bus Vmax Vmin

mailto:jte@hcmute.edu.vn


 

ISSN: 2615-9740 

JOURNAL OF TECHNICAL EDUCATION SCIENCE 
Ho Chi Minh City University of Technology and Education 

Website: https://jte.edu.vn 
Email: jte@hcmute.edu.vn 

 

 

JTE, Volume 19, Issue 06, 2024 32 
 

 

- Compared to the load demand of the considered EDN, which has active and reactive power 

demands of 3750 kW and 2300 kVar, the placement of PVPs with a total rated power greater than 

4000 kW is not really essential. 

5. Conclusions 

In this research, an effective search method called the Northern Goshawk Optimization (NGO) is 

employed to optimize the placement of the photovoltaic power plants (PVPs) on the IEEE 33-bus for 

minimum total active power loss (TAPL). Three study cases have been conducted to assess the actual 

effectiveness of NGO and also evaluate the variation of TAPL in different implementations of PVP on 

the grid. Mainly, NGO is applied to optimize the placement for a sole PVP on a grid using different 

settings of a maximum number of iterations (Maxiter) and a constant value of the initial population size 

(NPo). The results achieved by the best optimal settings of NGO are compared to previous meta-heuristic 

algorithms, and the NGO has proven its competitive capability in the first case. In the second study case, 

the placement of PVPs on the grid is executed with different quantities from 1 to 7 using the same rated 

power for each PVP. Finally, a PVP with different rated power from 100 to 4000kW has been optimized 

for placement on the grid. The comparison of TAPL resulting in the last two cases reveals that the 

placement of PVPs independently in study case 2 achieves the highest efficiency regarding TAPL 

reduction and total rated power of all PVPs. However, the results in the third study case also provide 

valuable references for the cases in which EDNs in practice can only place a sole PVP with different 

rated power due to some reasons both in engineering and non-engineering. 
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