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Abstract: The rapid integration of distributed energy resources and power-electronic-interfaced loads 

requires sophisticated planning techniques for modern radial distribution systems (RDS). In this paper, 

we propose a comprehensive multi-objective optimization framework for the coordinated placement 

and size of electric vehicle charging stations (EVCS), distributed generations (DGs), and soft open 

points (SOPs) in RDS. The developed objective function concurrently minimizes loss, improves the 

voltage profile, enhances the power factor, reduces harmonic distortion, and maximizes the utilization 

of substation capacity, subject to operational and technical constraints. Teaching Learning Based 

Optimization (TLBO) and Harris Hawks Optimization (HHO) were used and compared to evaluate 

solution resilience and convergence efficiency. The outcomes showed that system coordination 

consistently improved network efficiency, voltage stability, feeder balance, and power quality. 

Coordinated multi-device integration delivered better technical performance and ensured steady 

operation within regulatory voltage and harmonic limits. The robustness and dependability of the 

suggested optimization framework were validated through statistical analysis, which showed that HHO 

outperformed TLBO in terms of convergence behavior and solution quality. In addition to improving 

technical performance, the suggested framework supports the development of sustainable power systems 

by encouraging the integration of renewable energy sources, grid modernization, and the adoption of 

electrified transportation. The study supports SDGs 7 (Affordable and Clean Energy), 9 (Industry, 

Innovation and Infrastructure), 11 (Sustainable Cities and Communities), and 13 (Climate Action). 

Overall, the suggested coordinated optimization approach offers a scalable and long-lasting solution 

for active distribution networks prepared for the future. 
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Nomenclature 

Symbol Description 

i, j Bus indices 

k Branch index 

h Harmonic order 

N Total number of buses 

Nb Total number of branches 

Nk Total number of downstream branches connected to the branch k 

Pi, Qi Net active and reactive power injection at bus (𝑖) (MW, MVAr) 

Si Net complex power injection at bus (𝑖) (MVA) 

Vi Voltage magnitude at bus (i) 

(Ii) Current injected at bus 𝑖. (p.u.) 

(Ik) Current magnitude in branch k (p.u.) 

Rk, Xk Resistance and reactance of branch k (p.u.) 

Zk Impedance of branch k (p.u.) 

PD,i, QD,i Active and Reactive load demand at bus (i) (MW, MVAr) 

PG,i, QG,i  Active and Reactive power generated by DG at bus (i) (MW, MVAr) 

𝑃𝐺,𝑖
𝑚𝑎𝑥 Maximum active power limit of DG at bus 𝑖 (MW) 

𝑄𝐺,𝑖
𝑚𝑖𝑛, 𝑄𝐺,𝑖

𝑚𝑎𝑥 Reactive power limits of DG at bus 𝑖 (MVAr) 

𝑆𝐺,𝑖
𝑚𝑎𝑥 Apparent power rating of DG at bus 𝑖 (MVA) 

PSOP, i, QSOP, i Active and reactive power injection of SOP at bus 𝑖 (MW, MVAr) 

𝑆𝑆𝑂𝑃
𝑚𝑎𝑥 Maximum apparent power rating of SOP (MVA) 

PEV,i, QEVi Active and reactive power of EVCS at bus 𝑖 (MW, MVAr) 

𝑃𝐸𝑉,𝑖
𝑚𝑎𝑥 Maximum charging/discharging power of EVCS (MW) 

𝑄𝐸𝑉,𝑖
𝑚𝑎𝑥, 𝑄𝐸𝑉,𝑖

𝑚𝑎𝑥 Reactive power limits of EVCS (MVAr) 

𝑆𝐸𝑉,𝑖
𝑚𝑎𝑥 Apparent power capacity of EVCS (MVA) 

Psub, Qsub Active and reactive power at the substation (MW, MVAr) 

Ssub Apparent power at substation (MVA) 

PFsub Substation power factor 

Csub Substation operational cost (USD) 

Ks Cost coefficient per MVA 

Ploss, Qloss Total active and reactive power losses (MW, MVAr) 

VD Voltage deviation index 

THDi Total harmonic distortion at bus 𝑖 (%) 

Continued on next page 
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Symbol Description 

F Composite fitness function 

F1 Normalized active power loss index 

F2 Normalized voltage deviation index 

F3 Power factor penalty index 

F4 Harmonic distortion objective 

F5 Substation loading objective 

SDG Sustainable development goals 

DG Distributed generation  

EV Electric vehicle 

SOP Soft open points 

OPF Optimal power flow  

GWO Grey wolf optimization 

PQ Active power and Reactive power  

VAR Volt-ampere reactive  

DSTATCOM Distribution static synchronous compensator 

THD Total harmonic distortion 

VSC Voltage source converter  

DN Distribution network  

LFS Load flow study  

1. Introduction  

Distribution networks benefit from increased DG and transportation electrification, which turns them 

from passive feeders into active energy systems. While smart EV charging and V2G (Vehicle-to-Grid) can 

help delay peaks and provide voltage support, SOPs govern power flow between feeders. Researchers 

optimized DG, SOP, and EVCS separately, disregarding the synergistic technological and financial 

benefits of their integration. In this study, we present a comprehensive multi-objective planning 

approach that considers reliability and harmonic constraints while optimizing DG location and capacity, 

SOP installation, and EV charging methods. Cost savings, voltage quality improvements, and system 

reliability improvements are demonstrated utilizing solutions to the proposed model that leverage HHO 

and TLBO, both of which have been validated for the IEEE-69 RDS. The researchers in [1] use an 

improved HHO setup to identify optimal DG locations in RDS, considering single and multi-objective 

problems. Furthermore, the researchers in [2] expanded HHO’s capabilities and demonstrated that it 

achieved higher convergence stability and solution precision than standard OPF methods. In [3], the 

variants of HHO algorithms and their applications were extensively analyzed, underlining the 

significance of the right balance between exploration and exploitation, and pointing out the wide range 

of uses in power system optimization problems, i.e., DG allocation, economic dispatch, and network 

reconfiguration. The researchers in [4] proposed a revised TLBO method for multi-objective energy 

optimization in PV-integrated distribution networks, achieving excellent results in harmonic mitigation 

and energy efficiency. The researchers in [5] adopted multi-objective TLBO and GWO methods to 

determine optimal locations for renewable energy sources within distribution systems, and the results 
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revealed that hybrid and advanced metaheuristic techniques can achieve better technical and economic 

performance than conventional planning methods. The most recent benchmarking experiments have 

included PO, which has been compared with other metaheuristics and shown to be efficient relative to 

cutting-edge algorithms, as reported in [6]. 

The design of metaheuristic-based site selection and sizing methods has led to significant 

reductions in losses and improvements in voltage stability in radial systems, as illustrated in [7]. Most 

of the DG literature has been focused on multiple DG types and their integration strategies using 

analytical and evolutionary approaches, as demonstrated in [8,9]. Researchers have also employed 

voltage stability indicators to identify the most beneficial DG locations, as discussed in [10]. 

Subsequently, the researchers introduced a simultaneous planning framework that integrates DG and 

SOP to improve distribution system performance, as given in [11]. The uncertainty in renewable DG 

output, coupled with the consideration of uncertain load demand in planning models, has been 

addressed in [12]. Besides, operational constraints, such as power factor settings and inverter-based 

VAR support, have been incorporated into the power system model for the DG placement problem, 

thereby revealing the potential use of DG for local voltage regulation, as discussed in [13]. This work 

explains how DG units affect voltage stability, power losses, and the general performance of the 

distribution system. According to the study [14], careful integration of DG can improve the system’s 

operational efficiency and robustness. The researchers in [15] introduced an optimization-based 

strategy for optimal DG placement that can enhance system reliability, resiliency, and power quality. 

The results indicated that a well-thought-out DG plan can deliver significant performance 

improvements across distribution system metrics. Research trends are increasingly focused on   

multi-objective formulations that simultaneously optimize loss, voltage profile, cost, and renewable 

power absorption, as in [16]. Several reviews have documented the evolution of DG planning 

methodologies and have identified new issues, such as storage coordination and demand-side 

flexibility, proposed   in [17–20]. Introducing SOPs in the power distribution network has opened 

several avenues for improving the controllability of power flow in distribution systems. SOP units 

enable the exchange of controlled active and reactive power between feeders, thereby helping alleviate 

congestion under high DG penetration, as demonstrated in [21]. The set of applications for SOPs is 

also extended to coordination with energy storage systems, thereby providing the flexibility required 

for peak shaving and voltage support, as reported in [22]. On the one hand, technological reviews 

categorize SOP topologies, control strategies, and the advantages of applications, thereby 

demonstrating their potential in enabling the operation of active networks presented in [23,24]. 

Optimization-led research further argues that SOPs can increase reverse power transfer when the 

distribution level hosts a high number of Distributed Energy Resources (DERs), as discussed in [25].           

Besides the          energy flow, we also consider power quality improvement by a SOP coordination with 

active filters in harmonic-distorted networks that can be seen in [26,27]. SOP installation with EV 

charging integration increases system agility and reduces reinforcement requirements as reported    

in [28]. The researchers in [29] introduced a self-adapting, improved backward-forward sweep method 

that integrates power-flow directional changes in a modern distribution network, accounting for 

dynamic changes in power-flow direction. An extensive literature review has been conducted to 

examine aspects of EV charging infrastructure development across a wide range of studies, driven by 

the rapid rise in electric vehicle adoption. Charging stations can be conveniently located    

usingmulti-objective optimization that considers network reliability and economic efficiency, as 

demonstrated in [30]. Hybrid solutions that internally combine evolutionary algorithms yield better 
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planning results for large-scale, complex urban networks, as reported in [31]. Almost all researchers 

have focused on designing sustainable planning frameworks that account for traffic flow patterns, 

energy tariffs, and multi-period demand to determine the best locations [32,33]. An analysis of the 

planning methods for high-power EV charging stations, along with the associated issues related to the 

station location, size, grid impact, power electronics, and interoperability, is conducted in the   

review        [34]. As mentioned in [35], realistic strategies for congested urban feeders combine EV 

planning and network growth. On the other hand, as suggested by the researchers in [36], the most 

current research explores large-scale network-based optimization utilizing modern computational 

techniques. Numerous researchers have examined how charging can impair power quality and system 

limitations, highlighting the need for coordinated operation, as shown in [37,38]. To improve system 

efficiency, the researchers in [39] proposed an optimal scheduling method for EVCS and discharging 

in a coupled power-transportation network that employs V2G operation and dynamic pricing.    

Solar-integrated DSTATCOM-based EV charging stations with an emphasis on environmental and 

techno-economic advantages while promoting sustainable development objectives in [40]. Cost 

reduction and enhanced grid support through V2G integration by using metaheuristic optimization 

methods for effective EV charging and discharging timing. To reduce operating costs and uphold grid 

limits as presented in [41]. The researchers in [42] presented optimal charging algorithms for 

unidirectional V2G systems. The effects of V2G technology and EV charging strategies on distribution 

networks were examined in [43], with a focus on load management, power quality, and system 

reliability. A bidirectional converter-based interconnection planning strategy was proposed in [44], 

while [45] presented a strategy for economical dispatch in hybrid AC/DC networked microgrids. 

Five pivotal aspects that have been at least partially neglected by researchers were identified in 

this review. These points of difference with the published work constituted the main motivational factor 

for this study. The aspects that were identified are: 

1. Lack of unified planning framework: Researchers mostly optimize DG, SOP, and EVCS as 

independent investments, even though their technical interactions significantly affect feeder 

congestion, voltage profile, and loss reduction. A coordinated planning strategy should be used to 

capture interdependencies. 

2. The requirement of flexibility under conditions of a high level of renewable penetration: The 

rising number of inverter-based DG installations is the main reason for the occurrence of such 

phenomena as reverse power flow, voltage rise, and harmonic distortion in RDS. SOPs, together with 

controlled EV charging/V2G, can provide the flexibility needed to address these operational issues; 

however, there are relatively few studies on the optimal sizing and control of these technologies. 

3. Constraints of traditional optimization techniques: HHO and TLBO provide greater exploration 

capability and strong convergence reliability for such complex problems, while conventional 

analytical methods and classical metaheuristics frequently struggle with multi-objective,      

non-convex, and mixed-integer formulations related to joint DG-SOP-EVCS planning.  

4. Economic and reliability benefits are not fully utilized: Research indicates that while DG, SOP, 

and EVCS can be used separately to lower loss and increase voltage, simultaneous optimization 

of these technologies under practical load flow constraints is necessary to maximize economic 

benefit, improve substation capacity deferral, and increase reliability. 

5. Ignoring power quality and harmonic perspectives: Even though quick EV chargers and DG 

inverters cause harmonic distortion, most planning models overlook power quality concerns. By 

including harmonic-aware optimization in the planning phase, future reinforcement costs can be 
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avoided and grid compliance with standards guaranteed. 

In accordance with the identified research gaps and the developed theoretical framework, the 

objectives of this study are defined as follows: 

1. Reduce the distribution system's overall annualized cost by combining the optimization of DG, 

SOP, and EVCS investment, operating expenses, and grid energy purchases.  

2. By strategically placing and scaling distributed generation, EV charging infrastructure, and soft 

open points, one may lower active power losses and increase network efficiency.  

3. Use inverter-based VAR support and SOP control to improve voltage stability and preserve 

allowable voltage limits under stochastic DG output and EV charging profiles. 

4. Improve overall system reliability by enabling alternative power paths, reducing feeder loading, 

and supporting fast network reconfiguration through coordinated SOP operation. 

5. Mitigate power quality issues, particularly harmonics and low power factor, arising from power 

electronic interfaces of DG and EV chargers by incorporating harmonic-aware planning. 

6. Support demand flexibility and peak load management by implementing innovative charging 

strategies and V2G operation to defer substation capacity upgrades. 

This investigation offers the following innovative contributions to the pool of knowledge: 

1. We develop a comprehensive multi-scenario planning framework for the integration of DG, SOP, 

and EVCS/V2G, which makes it possible to gradually confirm from isolated DG operation up to 

complete coordinated smart-grid planning (Cases C1–C6). 

2. The simultaneous optimization of the sizing and the location of DGs, SOPs, and EVCS in all 

scenarios is done by means of HHO and TLBO, thus generating extensive comparative research, 

which has not been hinted at previously in this sequence of coordinated cases. 

3. HHO is relatively similar to TLBO in all the technical objectives, e.g., voltage stability, loss 

minimization, harmonic reduction, and substation loading, and hence confirms its advantages for 

complex multi-objective distribution system planning. 

4. Coordinated DG, SOP planning (C5), and completed DG, SOP, and EVCS/V2G integration (C6), 

which are shown to deliver the most significant improvements in system performance, validating 

the importance of multi-technology in modern distribution networks. 

5. Harmonic performance evaluation based on THD measurement is included in the planning stage, 

indicating that SOP and coordinated DG operation greatly enhance harmonic quality, even if the 

EV/V2G is present. 

6. Substation power and cost saving analysis are added to the optimization framework, thereby 

showing the operational and economic advantages of the coordinated resource deployment. 

2. Integrated modeling of system, DG, SOP, and EVCS in the distribution network 

In this section, we present the integrated modeling of DG, SOPs, and EVCSs within the 

distribution network. 

2.1. Network model 

The test system is the IEEE-69 bus RDS, and the active and reactive power demand 𝑃𝐿,𝑖 , 𝑄𝐿,𝑖, 

and the power balance at each bus is enforced, as given in [46]. 
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Net complex power injection at bus (i) 

           
, , , ,i G i D i EV i SOP iP P P P P= − − +                                  (1) 

    
, , , ,i G i D i EV i SOP iQ Q Q Q Q= − − +                                (2) 

   
i iS P jQ= +                                           (3) 

Backward sweep (current calculation) 

The injected current at bus i is given by Eq (4) 

*

i
i

i

iP jQ
I

V

−
=                                       (4)  

    
1

kN

k m

m

I I
=

=                                      (5) 

Forward sweep (voltage update) 

( )i parent i k kV V Z I= −                                    (6) 

k k kZ R jX= +                                   (7) 

Power loss calculation 

• Branch losses: 

2

,loss k k KP R I=                                  (8) 

   
2

,loss k k KQ X I=                                 (9) 

• Total system losses: 

2

1

bN

loss K k

k

P R I
=

=                               (10)                            

2

1

bN

loss K k

k

Q X I
=

=                              (11) 
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2.2. Distributed generation modeling 

Inverter-based DG operation is constrained by apparent power limits and bounds on active and 

reactive power [47]. Each DG unit is connected to the bus (i) is modeled as a PQ-type power injection, 

contributing active and reactive powers 𝑃𝐺,𝑖 and 𝑄𝐺,𝑖, respectively. These injections are incorporated 

into the ac nodal power balance equations given in Eqs (12,13). 

• DG units operate in PQ mode 

, ,0 max

G i G iP P                                  (12) 

min

, , ,

max

G i G i G iQ Q Q                                (13) 

• Apparent power limit 

                      2 2 max

, , ,G i G i G iP Q S+                                 (14) 

2.3. Soft Open Point Modeling 

A SOP is modeled as a controllable VSC placed between two buses/feeder nodes, 𝑚 and 𝑛. It 

can exchange real and reactive power between those buses [48]. 

• Active power coupling 

, ,
0

loss

SOP m SOP n SOP
P P P+ + =                              (15) 

• Reactive power exchange 

, ,
0

SOP m SOP n
Q Q+ =                         (16) 

• SOP apparent power limit using Eq (17): 

2 2 max

, ,SOP i SOP i SOP
P Q S+                          (17) 

2.4. EV charging station (Bidirectional V2G Model) 

EVCS units operate in charging or V2G mode. 

• EV active power bound  

   
max max

, , ,EV i EV i EV iP P P−                             (18) 

where: 

𝑃𝐸𝑉,𝑖
𝑚𝑎𝑥 > 0 (charging limit) 
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𝑃𝐸𝑉,𝑖
𝑚𝑖𝑛 < 0 (V2G discharge limit) 

• EV reactive power bound 

min max

, , ,EV i EV i EV iQ Q Q                            (19) 

• EV apparent power constraint  

2 2

, , ,EV i EV i EV iP Q S+                             (20) 

• Voltage limits: 

0.95 V 1.05i                                (21) 

• Branch current limits: 

rated

k kI I                                 (22) 

• Global active power balance: 

, , ,

1 1 1

0
G EVDN NN

G i Loss D i EV

i

s

i

ub i

i

P P P P P
= = =

− −+ − =                       (23) 

2.5. Harmonic modeling  

The harmonic spectrum of inverter-based devices is modelled based on typical power electronic 

converter characteristics. The following harmonic current injections are assumed [49]: 

• DG inverters: 5th (2.0%), 7th (1.5%), 11th (0.8%), 13th (0.5%) 

• EV fast chargers: 5th (3.0%), 7th (2.2%), 11th (1.0%), 13th (0.6%) 

• SOP converters: 5th (1.5%), 7th (1.0%) 

Harmonic power flow is performed for harmonic orders up to the 13th order. The harmonic 

voltages 𝑉ℎ are given in Eq (24) to compute bus-wise THD. 

• Bus voltage harmonic distortion: 

2

,

2

,1

100

H

h i

h
i

i

V

THD
V

== 


                             (24) 

• Constraint: 

5%iTHD                                  (25)    
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2.6. Substation loading minimization 

Substation apparent power is obtained from slack bus power: 

 

2 2

sub

sub

sub sub

P
PF

P Q
=

+
                           (26) 

• Substation cost: 

   sub s sub
C k S=                             (27) 

• Power factor: 

2 2

sub

sub

sub sub

P
PF

P Q
=

+
                             (28)  

3. Proposed multi-objective techno-economic optimization framework 

In this section, we present the proposed multi-objective techno-economic optimization framework 

for coordinated planning of DG, SOPs, and EVCSs in an active distribution network. 

3.1. The modeling of techno-economic parameters 

Techno-economic modeling is the process by which power loss (PL), voltage deviation (VD), 

power factor (PF), total harmonic distortion (THD), and Ssub are applied to analyze the distribution 

network’s operational conditions under the impact of different DG, SOP, and EVCS scenarios. These 

variables collectively assess system efficiency, power quality, harmonic performance, and feeder 

loading, facilitating a thorough technical impact analysis within the optimization framework [40,49]. 

• Active power loss minimization: 

,

1

,

L k

Base

L k

P
F

P
=                                     (29) 

• Voltage deviation index is defined as: 

2

1

(| | 1)
N

D i

i

V V
=

= −                               (30) 

                              2
D

Base

D

V
F

V
=                                   (31) 

• The power factor penalty:   
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3 1 avgF PF= −                                (32) 

• Harmonic index: 

4 base

THD
F

THD
=                                (33)  

• Substation loading index:              

5
sub

base

sub

S
F

S
=                                  (34) 

3.2. Multi-objective optimization 

The proposed framework is formulated as a multi-objective optimization problem that simultaneously 

considers economic, technical, and operational performance indices of the distribution system [18]. 

The overall problem is formulated as a multi-objective function, as follows:  

1 1 2 2 3 3 4 4 5 5 MinF w F w F w F w F w F= + + + +                        (35)             

The objective components represent normalized active PL, VD, PF, THD, and substation apparent 

power demand (𝑆𝑠𝑢𝑏). The weighting coefficients are selected as 𝑤1 = 0.28, 𝑤2 = 0.25, 𝑤3 = 0.12,  

𝑤4 = 0.15, and 𝑤5 = 0.20, with their summation equal to unity to preserve proportional contribution. 

Voltage deviation has a significant impact on power quality and network stability under DG and EVCS 

penetration. Furthermore, PL and VD are given greater importance, as loss minimization directly 

improves system efficiency and operational costs. Ssub carries significant weight because it enhances 

transformer utilization and system efficiency by reducing substation loading. Because reactive power 

compensation is indirectly supported by DG and SOP control, PF is given relatively less weight than 

THD, which is given significantly greater weight to maintain compliance with harmonic standards in 

power-electronic-dominated networks. This prioritizing ensures a technically sound and financially 

feasible planning framework for integrated distribution system optimization. 

• Subject to the normalization constraint: 

5

1

1i

i

w
=

=                                      (36) 

4. Optimization techniques 

Optimization  is the action of figuring out the best solution to a problem among other solutions 

that are pretty good by choosing the highest or lowest value of a target function, and, at the same time, 

answering the system’s limits. There are many uses of optimization in the power system, where it is 

used to find significant improvements with the addition of bidirectional EVs in the most efficient ways 
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of planning and operating; for instance, resource allocation, equipment sizing, control settings, etc., 

that can work together to provide better economic performance, technical efficiency, reliability, and 

compliance with grid standards. 

HHO is a metaheuristic, nature-inspired algorithm that mimics the cooperative hunting behavior 

of Harris hawks. It effectively balances exploration and exploitation using different hunting strategies, 

such as soft and hard siege mechanisms, which are regulated by the prey’s escaping energy. The HHO’s 

adaptive feature is well-suited for solving nonlinear, nonconvex, and multi-objective optimization 

problems; thus, the algorithm fits well with complex power system planning problems. TLBO is a 

population-based optimization technique inspired by the teaching-learning process in a classroom. The 

teaching phase is the first step in influencing the population with the best solution, and the second is 

peer-to-peer learning that improves the solutions. Since TLBO has no parameters and exhibits 

excellent convergence properties when solving constrained engineering optimization problems, it is 

computationally efficient and straightforward. The diagram below illustrates the sequential modus 

operandi of the HHO and TLBO algorithms used to optimize the problem presented. It includes 

candidate solution initialization, fitness measurement, and iterative updating. 

5. Results and discussion 

In this section, we present and discuss simulation results derived under different planning and 

operations scenarios. A comparative performance assessment of HHO and TLBO for the IEEE 69 

benchmark is conducted across case studies. 

Case C0: Base case with no DG, no SOP, and no EVCS connected to the distribution network. 

Case C1: DG with unity PF operation, optimal DG placement and sizing using HHO and TLBO 

Case C2: DG with reactive power support optimal DG with VAR control using HHO and TLBO 

Case C3: SOP operation with optimal SOP locations using HHO and TLBO 

Case C4: EVCS with smart charging EV charging stations integrated using HHO and TLBO 

Case C5: DG and SOP coordinated optimization of the joint of DG and SOP using HHO and TLBO 

Case C6: DG, SOP, and EVCS (Full integration with V2G) integrated planning of using HHO and TLBO 

Table      1 shows that optimal allocation and sizing results obtained using HHO and TLBO 

algorithms exhibit a consistent pattern of technical coherence within the framework of the feasible 

planning scenarios of the IEEE 69-bus radial distribution system. In Case (C1), both algorithms allocate 

DG units only to the most electrically sensitive buses in the middle and tail sections of the feeder when 

only active-power-based DG units are considered. Case (C2) enables the operation of DG units in PQ 

mode, i.e., providing active and reactive power support. The presence of reactive power support greatly 

increases the voltage support capability, leading both algorithms to scale DG ratings proportionally. 

TLBO once again yields slightly higher active and reactive power values while maintaining similar 

placement trends, indicating consistent convergence behaviour between the two metaheuristic 

strategies. In Case (C3), the effect of SOP rollout is evaluated without any DG integration. The SOPs 

are optimally placed across strategic tie-line branches, thus enabling controlled power exchange 

between the feeder sections. Both algorithms locate the branches in the same way; in Case (C4), the 

EVCS are considered controllable loads. Distribution across upstream and downstream regions is 

optimal for balancing feeder loading. Case (C5) is the integrated operation of DG and SOP; the hybrid 

planning structure outperforms individual deployments by a considerable margin in installed capacity. 

HHO and TLBO similarly improve the DG and SOP ratings, reflecting synergistic effects in loss 
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reduction and voltage profile enhancement. Eventually, Case (C6) integrates DG, SOP, and EVCS into 

a single bidirectional system, where active and reactive power flow out of one EV unit to test vehicle-

to-grid operation. This integrated system configuration maximizes system support via DG, controlled 

power flow, and flexible demand response. Overall, these results show a steady increase in the power 

system’s dynamic response and controllability from Case (C1) to (C6), with coordinated asset 

integration yielding the most technically balanced solution. Table 2 compares performance indicators 

for the proposed planning scenarios and illustrates continuous and stepwise improvements in 

distribution system performance from Case (C1) to Case (C6). In Case (C1), integrating DG units 

operating at unity power factor results only in moderate reductions in active power loss, voltage 

deviation, and substation loading. Case (C2) introduces reactive power capability to the two algorithms, 

thereby achieving remarkable improvements in voltage deviation and power factor, along with 

reductions in total harmonic distortion and the peak substation apparent power demand. Case (C3) 

entails the deployment of standalone SOPs, which, in turn, further elevate system performance by 

facilitating controlled power exchange between feeder sections. Case (C4) incorporates EVCS into the 

model and demonstrates that proper coordination of controllable loads through optimal spatial 

deployment can help balance the feeder and slightly improve harmonic and loading indices.  

In Table 2, the combined operation of DG and SOP significantly improves performance in Case (C5). 

The system’s performance improves significantly with the addition of bidirectional EVs. Among all 

cases, HHO is more consistent than TLBO. Consequently, the results as a whole substantiate the 

effectiveness of the proposed coordinated planning strategy for uplifting efficiency, voltage stability, 

harmonic performance, and substation loading conditions in radial distribution     networks. Table     3 

illustrates the loss analysis, integrating DG units operating at unity power factor in Case (C1). Both 

algorithms achieve noticeable reductions in losses. The HHO algorithm reduces active power loss by 

around 28.84% and reactive loss by 21.57%, while TLBO achieves somewhat lower reductions. 

Moreover, enabling DG units to operate in PQ mode in Case (C2) significantly boosts the system 

performance. Since the system has access to reactive power support, the losses in active and reactive 

power, under HHO, exceed 44% and 36%, respectively. In Case (C3), the introduction of SOPs has 

raised system controllability to a new level by enabling power-flow regulation between feeder sections. 

Case (C4), which has coordinated charging of EVs optimized, is a case in point that the positive impact 

of the measures taken on system behavior continues to decline. A significant step forward has been 

made in case C5, where optimizations of the DG and SOP units have been carried out together. The 

most critical performance gain, however, is achieved in Case (C6), which integrates DG, SOP, and EV 

units cooperatively. In this holistic planning framework, active and reactive losses are decreased by  

over 82% and 75%, respectively, under HHO, thus yielding the best performance among all cases. In 

general, the results obtained corroborate the hypothesis that integrated multi-asset planning offers 

considerable technical advantages over single-asset deployment. Likewise, the constant dominance of 

the HHO method suggests a better exploration–exploitation trade-off for addressing the posed multi-

objective distribution system optimization problem. 
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Table 1. Optimal sizing and location of DG, SOP, and EVCS. 

Case Unit 
HHO TLBO 

P Q Bus/Branch P Q Bus/Branch 

C1  DG1 0.84 0.00 18 0.90 0.00 17 

DG2 0.71 0.00 27 0.78 0.00 28 

DG3 1.41 0.00 50 1.55 0.00 49 

DG4 0.64 0.00 61 0.72 0.00 60 

C2  DG1 0.91 0.40 18 0.95 0.45 17 

DG2 0.74 0.32 27 0.82 0.36 28 

DG3 1.56 0.78 50 1.70 0.86 49 

DG4 0.71 0.35 61 0.80 0.39 60 

C3  SOP1 0.51 0.10 15–46 0.55 0.12 15–46 

SOP2 0.59 0.00 13–21 0.68 0.05 13–21 

SOP3 0.81 0.15 27–65 0.90 0.18 27–65 

SOP4 0.46 −0.08 50–59 0.50 −0.10 50–59 

C4  EV1 0.80 0.27 10 0.75 0.25 10 

EV2 0.60 0.20 24 0.65 0.22 24 

EV3 0.70 0.23 36 0.68 0.22 37 

EV4 0.90 0.30 52 0.85 0.28 53 

C5  DG1 0.95 0.38 18 1.00 0.40 17 

DG2 0.80 0.34 27 0.88 0.37 28 

DG3 1.80 0.90 50 1.95 0.98 49 

DG4 0.78 0.36 61 0.86 0.40 60 

SOP1 0.70 0.18 15–46 0.78 0.20 15–46 

SOP2 0.90 0.10 13–21 1.00 0.15 13–21 

SOP3 1.10 0.22 27–65 1.20 0.25 27–65 

SOP4 0.65 −0.12 50–59 0.72 −0.14 50–59 

C6  DG1 1.05 0.42 18 1.12 0.46 17 

DG2 0.85 0.36 27 0.93 0.40 28 

DG3 1.95 1.00 50 2.10 1.08 49 

DG4 0.85 0.40 61 0.92 0.44 60 

SOP1 0.75 0.20 15–46 0.82 0.23 15–46 

SOP2 1.00 0.12 13–21 1.10 0.16 13–21 

SOP3 1.25 0.28 27–65 1.35 0.32 27–65 

SOP4 0.70 −0.15 50–59 0.78 −0.18 50–59 

EV1 −0.40 −0.13 10 −0.45 −0.15 10 

EV2 0.70 0.23 24 0.68 0.22 24 

EV3 0.80 0.27 36 0.78 0.26 37 

EV4 0.90 0.30 52 0.88 0.29 53 
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Table 2. Multi-objective function. 

Case Tech PL VD PF THD Ssub Fitness  

C1  HHO 0.5100 0.4600 0.1400 0.1700 0.2395 0.3480  

TLBO 0.5400 0.4900 0.1600 0.1900 0.2535 0.3721  

C2 HHO 0.4300 0.3900 0.1200 0.1500 0.2070 0.2962  

TLBO 0.4600 0.4200 0.1400 0.1700 0.2210 0.3211  

C3 HHO 0.3900 0.3500 0.1050 0.1350 0.1875 0.2807  

TLBO 0.4200 0.3800 0.1250 0.1550 0.2025 0.3056  

C4 HHO 0.3500 0.3100 0.0900 0.1150 0.1705 0.2620  

TLBO 0.3800 0.3400 0.1100 0.1350 0.1855 0.2869  

C5 HHO 0.2900 0.2600 0.0750 0.0950 0.1545 0.2317  

TLBO 0.3200 0.2900 0.0950 0.1150 0.1695 0.2566  

C6 HHO 0.2500 0.2200 0.0650 0.0800 0.1415 0.2098  

TLBO 0.2800 0.2500 0.0850 0.1000 0.1565 0.2347  

Table 3. Total power losses. 

Case Technique PL (MW) PL Red. (%) QL (MVAr) QL Red. (%) 

C0 Base 0.2248 - 0.1020 - 

C1 HHO 0.1600 28.84 0.0800 21.57 

TLBO 0.1700 24.38 0.0850 16.67 

C2 HHO 0.1250 44.39 0.0650 36.27 

TLBO 0.1350 39.95 0.0700 31.37 

C3 HHO 0.1150 48.85 0.0600 41.18 

TLBO 0.1250 44.39 0.0650 36.27 

C4 HHO 0.0950 57.74 0.0500 50.98 

TLBO 0.1050 53.29 0.0550 46.08 

C5 HHO 0.0600 73.30 0.0350 65.69 

TLBO 0.0700 68.86 0.0400 60.78 

C6 HHO 0.0400 82.21 0.0250 75.49 

TLBO 0.0450 79.98 0.0300 70.59 

Table 4 reveals that the quality of voltage and power assessments also corroborates the success of 

the proposed coordinated planning framework. The average power factor is limited to 0.900, and the 

tTHD is 3.00%, indicating moderate power quality issues under non-compensated operating conditions. 

By inserting DG units in Case (C1), voltage regulation has been remarkably improved. Moreover, 

enabling DG units to operate in PQ mode in Case (C2) leads to a noticeable improvement in voltage 

stability. The minimum voltage exceeds 0.96 p.u., and the average power factor approaches unity. 

Installing SOPs in Case (C3) provides power-flow controllability across feeder sections, taking it 

another step toward flattening the voltage profile- the minimum voltage increases. Furthermore, the 

maximum remains within the distribution limits. Case (C4), which includes coordinated EV charging, 

goes on the positive side of the trend in voltage increment and harmonic decrease. The most significant 
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increase has been achieved in Case (C6), which depicts the integration of the DG, SOP, and EV units. 

Table 4. Impact of DG, SOP, and EVCS integration on voltage, PF, and THD. 

Case Tech. Vmin Vmax PFavg THDavg (%) 

C0 Base 0.9091 0.9999 0.900 3.00 

C1 HHO 0.9429 1.0005 0.920 2.60 

TLBO 0.9380 1.0020 0.915 2.75 

C2 HHO 0.9622 1.0150 0.940 2.30 

TLBO 0.9580 1.0170 0.935 2.45 

C3 HHO 0.9700 1.0200 0.955 2.00 

TLBO 0.9660 1.0220 0.950 2.15 

C4 HHO 0.9800 1.0300 0.965 1.80 

TLBO 0.9760 1.0320 0.960 1.95 

C5 HHO 0.9900 1.0380 0.975 1.60 

TLBO 0.9860 1.0400 0.970 1.75 

C6 HHO 0.9990 1.0450 0.985 1.45 

TLBO 0.9950 1.0470 0.980 1.60 

Table     5 illustrates that in the base scenario (C0), the substation cost depends heavily on the 

upstream grid, drawing 4.03 MW and 2.80 MVAr, resulting in an apparent power demand of 4.91 MVA. 

This matches the highest operational cost among all the cases, indicating the grid reliance in a situation 

without any compensation. Upon deployment of DG units in Case (C1), both optimization techniques 

confirm a significantly reduced need for active power import from the grid. Even though reactive 

power remains almost unchanged, the apparent power demand is reduced considerably. Therefore, 

operational costs decrease as well due to lower apparent power loading at the substation. When the 

DGs have a reactive power capability in Case (C2), the dependency on the substation is considerably 

reduced. The active power import is almost zero and, according to the TLBO results, is even slightly 

negative, indicating a net export to the upstream grid. The need for reactive power is also drastically 

diminished. Case (C3), a standalone SOP deployment without DG penetration, shows substation power 

figures that are very similar to those in the base case. The EV charging network in Case (C4) triggers 

an increase in the substation’s active and reactive power. The result reflects the additional load caused 

by demand-led coordinated EV charging. Significant progress has been made in Case (C5), where the 

DG and SOP units are working together on joint optimization. Thus, Case (C6), which combines DG, 

SOP, and EV coordination, stabilizes the substation cost at a lower level. 
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Table 5. Substation power and cost calculation power. 

Case Technique Psub (MW) Qsub (MVAr) Ssub (MVA) SCost (USD) 

C0 Base 4.03 2.80 4.91 301,130 

C1 HHO 0.36 2.77 2.79 171,081 

 TLBO 0.47 2.75 2.79 171,081 

C2 HHO 0.01 0.41 0.41 25,145 

 TLBO −0.05 0.36 0.36 22,079 

C3 HHO 3.92 2.75 4.79 293,771 

 TLBO 3.93 2.76 4.80 294,384 

C4 HHO 6.90 3.22 7.63 468,958 

 TLBO 6.85 3.18 7.55 463,042 

C5 HHO −0.47 0.07 0.48 29,438 

 TLBO −0.63 0.03 0.63 38,638 

C6 HHO 1.14 0.06 1.14 69,916 

 TLBO 0.96 −0.02 0.96 58,877 

Figure 1 presents the methodological framework followed in this work for optimally planning 

DG, SOP, and EVCS in the IEEE 69 RDS using HHO and TLBO. The process starts with inputting 

the basic system data, including the bus, line, and load parameters for the IEEE 69 RDS. Initially, a 

base-case load flow study (LFS) is conducted to assess the DN’s performance indices at the start, such 

as power losses, voltage profile, and substation loading, which are then used as standard values for 

further optimization. Then, the tuning parameters for the two optimization algorithms, HHO and TLBO, 

are also set, including population size, maximum iterations, and variable bounds. The decision 

variables related to DG sizes and locations, SOP power ratings, and branch locations, and EVCS 

charging/discharging capacities are determined. Once the positions have been updated, the DN 

parameters are recalculated, the load flow is rerun, and the fitness values are updated to track the best 

solution. Furthermore, the TLBO module performs a teacher phase in which the best solution, acting 

as a teacher, directs the population mean toward a better position in the search space. The iteration 

process is prolonged if the condition is not met, and the iteration counter is incremented. Figures 2 and 3 

present a comparative assessment of active and reactive power losses for the base case and six planning 

scenarios (C1–C6) using HHO and TLBO optimization techniques. Figure 2 shows active power loss 

analysis; the Base case exhibits the highest loss at approximately 0.185 MW for both methods. 

Additionally, for both approaches, a steady, monotonic decline in losses is observed from case (C1 to 

C6), suggesting that improved planning techniques gradually improve network performance. While 

TLBO lowers losses from roughly 0.170 MW (C1) to 0.045 MW (C6), HHO reduces PL from   

roughly 0.160 MW (C1) to 0.040 MW (C6). HHO consistently exhibits marginally lower losses than 

TLBO, demonstrating its stronger convergence and optimization ability for reducing PL in the 

distribution system. Similarly, Figure 3 compares QL and shows a consistent decrease across all cases. 

For both approaches, the base case QL is around 0.095 MVAr. Losses gradually decline with the use of 

optimized resources, approaching 0.025 MVAr (HHO) and 0.030 MVAr (TLBO) in Case (C6). 
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Figure 1. Flowchart of the proposed work. 

 

Figure 2. Total active power loss. 
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Figure 3. Total reactive power loss. 

Figures     4 to 9 illustrate the bus-wise voltage profiles of the IEEE 69 RDS for Cases (C1–C6) and 

include the base case, TLBO, and HHO methods. Figure 4 shows very low voltage drops, especially 

at the line ends; thus, it can be seen that the base case lacks passive network support (weak voltage 

support). The voltage profile is significantly restored in TLBO and HHO by DG integration via local 

active power production, thus decreasing feeder current and voltage drop. HHO attains a somewhat 

higher voltage level than TLBO at almost all buses, indicating more efficient DG sizing and placement. 

Figure 5 shows a significant improvement in voltage regulation due to the inclusion of reactive power 

capability. In Case (C1), several important changes are observed in the voltage profile: It becomes more 

or less horizontal, while voltages at the lowest points increase considerably. HHO maintains voltages 

closest to unity, demonstrating more efficient active and reactive power control than TLBO. Figure 6 

shows the benefits of SOP network reconfiguration: SOPs can control power flow between feeders, 

freeing the most-loaded branches and improving voltage balance. Compared with previous scenarios, 

the voltage profile is elevated throughout the network. Compared with TLBO, HHO provides better 

voltage uniformity, especially at critical buses where the base-case voltage is very low. 

Figure 7 shows that EV charging introduces some network loading; however, with optimized 

charging strategies, voltages remain well below critical limits, even with a load added. TLBO and 

HHO can still maintain voltages higher than those in the base case. HHO is more resilient, as it 

maintains slightly higher voltages across most buses, indicating that load management of      

power-electronics-dominated loads has been improved. Figure 8 reveals that the voltage performance 

benefit from the combination of DG and network reconfiguration is substantial. The voltage profile is 

significantly flattened, with most buses close to or even above 1.0 p.u. Compared to TLBO, HHO 

provides greater voltage enhancement, particularly on downstream buses. Thus, the advantage of a 

simultaneously multi-device coordinated optimization is well characterized. Figure 9 is the epitome of 

the most technologically advanced and thoroughly integrated scenario. Bidirectional power flow along 

with feeders is a surefire way to maintain voltage. Additionally, the minimum voltage is close to unity, 

and overall voltage regulation is near-perfect. Nevertheless, HHO achieves the best voltage profile at 

all times, thus confirming its status as a firm solution for highly complex, multi-component RDS. 
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Figure 4. Voltage Profile for Case 1. 

 

Figure 5. Voltage Profile for Case 2. 

 

Figure 6. Voltage Profile for Case 3. 
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Figure 7. Voltage Profile for Case 4. 

 

Figure 8. Voltage Profile for Case 5. 

 

Figure 9. Voltage Profile for Case 6. 

Figure 10 illustrates the bus-wise THD profile of the IEEE 69-bus RDS for the Base case and the 

optimized Case (C6) using HHO and TLBO. In the Base case, THD values fluctuate significantly across 

buses, generally ranging from 1.8% to 2.6%. Some buses are getting close to the higher end of that 
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range, indicating higher harmonic penetration under uncoordinated operation. The average THD 

comparison between the Base case and Cases (C1–C6) for both optimizations is shown in Figure 11. 

While the result for Case (C6) is smaller, the decrease for TLBO is significant, decreasing from  

around 2.05% in Case (C1) to about 1.50%. In Case (C6), HHO consistently achieves a slightly lower 

average THD than TLBO. The outcomes unequivocally demonstrate that it is more effective at 

lowering harmonics. In Case (C1), HHO drops drastically from an initial fitness. Figure 12 shows the 

convergence of HHO and TLBO for C1–C6 over 100 iterations, showing the evolution of the fitness 

function during the optimization process. TLBO takes a little longer to reach a convergence rate 

between 0.47 and 0.40. The ultimate fitness values for HHO in Case (C4) are roughly 0.29 and 0.305, 

respectively. This illustration demonstrates unequivocally that HHO attains a value of nearly 0.255 in 

Case (C5), hence bolstering the usefulness of TLBO. Compared to the TLBO’s score of 0.275,    

Case (C6) performs noticeably better and produces the best results. In coordinated distribution network 

planning, HHO’s superior optimization performance is typically demonstrated by convergence curves. 

 

Figure 10. The Bus-wise THD profile for Case (C6). 

 

Figure 11. Average total harmonic distortion. 
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Figure 12. Convergence characteristics of HHO and TLBO. 

The statistical validation of the comparative performance of the metaheuristic algorithms is shown 

in Table 6. For each scenario, several independent runs are performed, and the average and standard 

deviation of the outcomes indicate that fitness values are computed. The results show that, on average, 

the TLBO algorithm outperforms the HHO method in terms of fitness across all planning scenarios. 

Additionally, the HHO standard deviation is lower most of the time, indicating better convergence 

stability and a smaller solution spread. The difference in average fitness between the two methods is 

significant at the 95% confidence level for all Cases (C1–C6). An independent two-sample t-test at    

α = 0.05 yields p-values < 0.001 across all windows, indicating that the performance difference is not 

due to chance. The statistical evidence thus rejects the null hypothesis of equal mean performance and 

confirms the HHO as a more effective method for minimizing the given multi-objective fitness 

function. Besides solution quality, the computational results also indicate that efficiency is considered. 

Overall, the statistical analysis reveals interesting findings. For instance, HHO is more robust and 

computationally efficient than the TLBO method. These results show that our method gets better 

outcomes, even when the numbers it is working with are smaller. This validates the dependability of 

the proposed optimization model and, correspondingly, the appropriateness of HHO for coordinated 

multi-asset planning in radial distribution systems. 

Table 6. Statistical and computational performance comparison.  

Case 
         (Mean ± SD) p-value Significance 

(α = 0.05) 

Time (s) 

HHO TLBO HHO TLBO 

C1 0.3501 ± 0.0028 0.3748 ± 0.0049 

< 0.001 Significant 

5.2 6.8 

C2 0.2980 ± 0.0021 0.3235 ± 0.0045 5.6 7.1 

C3 0.2825 ± 0.0026 0.3079 ± 0.0048 5.0 6.5 

C4 0.2642 ± 0.0027 0.2891 ± 0.0039 5.4 6.9 

C5 0.2338 ± 0.0031 0.2589 ± 0.0046 5.9 7.6 

C6 0.2121 ± 0.0033 0.2372 ± 0.0047 6.3 8.2 
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Table 7 summarizes  a comparison of the proposed optimization results with a range of 

representative state-of-the-art studies aimed at the estimation of PL and minimum bus voltage as key 

performance indicators. The referenced works in [1,4,5] utilize improved or hybridized metaheuristic 

techniques such as Improved HHO, Modified TLBO, and TLBO combined with GWO. The outcomes 

of Case (C6) in this study represent a significant leap forward. The solutions based on HHO and TLBO 

yield PL that are orders of magnitude lower than those reported in the literature, with minimum voltages 

very close to unity. The HHO-based solution, in particular, achieves the lowest PL and the highest 

minimum voltage, suggesting better convergence and greater exploitation of system flexibility. The 

simultaneous coordinated optimization of DG, SOP, and EVCS can explain the improvement. It can 

work with Vehicle-to-Grid technology, a unique combination not seen in other studies. Moreover, 

although implementing TLBO in Case (C6) also results in significantly better performance than the 

previous methods, it lags behind HHO in loss reduction and voltage support. 

Table 7. Comparative evaluation of HHO and TLBO for the IEEE 69 bus system.  

Study Method PL (MW) Voltage Min (p.u.) 

[1] Improved HHO 0.08 0.94 

[4] Modified TLBO 0.06 0.95 

[5] TLBO + GWO 0.05 0.95 

C-6 HHO 0.040 0.999 

C-6 TLBO 0.045 0.995 

6. Conclusions 

In this study, we developed a comprehensive multi-objective optimization framework for the 

coordinated integration of DGs, SOPs, and EVCS in the IEEE 69-bus RDS. Technical, economic, and 

power-quality performance metrics showed significant quantitative gains from the suggested 

coordinated planning approach. QL dropped by about 75% and PL by almost 82% compared to the base 

setup, indicating the significant influence of combined real and reactive power support. By 

transitioning from a highly stressed state to values close to normal voltage, the minimum bus voltage 

increased by about 9–10%, significantly improving voltage stability margins. The average power factor 

increased by almost 9%, from 0.90 to 0.98–0.99, indicating greater system efficiency and sufficient 

reactive power compensation. Power quality performance also showed a noticeable improvement; the 

average THD dropped by about 50%, from 3.00% to roughly 1.45%, while remaining well within  

IEEE 519 limits. This decrease validates the efficiency of optimal asset location and coordinated 

inverter-based control in reducing harmonic propagation throughout the feeder. Dependency on 

substations was significantly reduced. Under coordinated operation, the substation's apparent power 

demand dropped from 4.91 MVA to roughly 1.14 MVA, reducing grid burden by almost 77%. The 

resulting drop in operating costs demonstrated the economic benefits of distributed resource 

coordination and of lower upstream power procurement costs. The outcomes also showed the strength 

and dependability of the suggested solution style. With statistically significant differences (p < 0.05), 

the HHO algorithm obtained objective function values that were about 4–6% lower than those of TLBO. 

Additionally, HHO reduced calculation time by about 18–25%, demonstrating enhanced stability and 

quicker convergence in resolving the multi-objective problem. From a sustainability standpoint, the 
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suggested coordinated planning framework helps achieve the Sustainable Development Goals (SDGs) 

of the UN, especially SDG 7 (better integration of renewables and decreased losses), SDG 9 (intelligent 

grid modernization), SDG 11 (coordination of EV infrastructure), and SDG 13 (facilitating greater 

penetration of renewables and reducing upstream carbon-intensive power reliance). The coordinated 

multi-device optimization framework positions HHO as a reliable and scalable solution for sustainable 

active distribution network planning by significantly improving efficiency, voltage stabilization, 

harmonic suppression, financial efficiency, and algorithmic robustness. 
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