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Abstract: Renewable energy integration has been recently promoted by many countries as a cleaner
alternative to fossil fuels. In many research works, the optimal allocation of distributed generations
(DGs) has been modeled mathematically as a DG injecting power without considering its intermittent
nature. In this work, a novel probabilistic bilevel multi-objective nonlinear programming optimiza-
tion problem is formulated to maximize the penetration of renewable distributed generations via
distribution network reconfiguration while ensuring the thermal line and voltage limits. Moreover,
solar, wind, and load uncertainties are considered in this paper to provide a more realistic mathe-
matical programming model for the optimization problem under study. Case studies are conducted
on the 16-, 59-, 69-, 83-, 415-, and 880-node distribution networks, where the 59- and 83-node dis-
tribution networks are real distribution networks in Cairo and Taiwan, respectively. The obtained
results validate the effectiveness of the proposed optimization approach in maximizing the hosting
capacity of DGs and power loss reduction by greater than 17% and 74%, respectively, for the studied
distribution networks.

Keywords: distributed generation; graphically based network reconfiguration; hosting capacity
maximization; power loss minimization; bilevel multi-objective nonlinear programming optimization;
DG uncertainty; load uncertainty; TOPSIS; large distribution networks

1. Introduction

Wide integration of renewable energies has been promoted in many countries [1,2].
The decentralized allocation of renewable distributed generations (DGs) has been sup-
ported by distribution system operators (DSOs) to cover loads at peak loading durations,
reduce the loading on distribution systems’ transformers, and also minimize the total active
loss; however, this led to many operational problems, including line thermal limits over-
loading, overvoltage violations, harmonic overloading, and others. Thus, the requirements
for optimal DGs planning has become essential to attain lower operational issues.

Recently, the concept of DGs hosting capacity (HC) was raised in many research
works [3], aiming to improve the system performance for the accommodation of more DGs.
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The HC study of the distribution networks hinges on assessing the maximum penetration
of DGs that can be accommodated by the distribution networks while maintaining the sys-
tem’s operational limits within acceptable boundaries and also minimizing the upcoming
issues arising from increasing DGs maximization, including harmonic currents injected
due to renewable energies’ inverters [4], reverse power flows [5], derating of distribution
cables [6], and others. As a result, DGs penetration or HC assessment was carried out
by adopting various strategies to mitigate the aforementioned problems from different
operational and planning perspectives [3].

In the literature, various approaches were employed to increase DGs penetration via
promising strategies, which have proven their ability to maximize the HC of the distribution
networks of different sizes [3]. These strategies include distribution network reconfiguration
(DNR) [7,8], soft open points (SOPs) [9,10], network reinforcement [11], harmonic contents
reduction [12,13], static var compensator [14], and others. HC was assessed in Reference [7] for
a real large distribution network in Japan composed of 235 switches via choosing the optimal
configurations arising from enumerating the partial networks. Multi-period optimal power
flow is formulated in Reference [8] to maximize the HC of the 34-node distribution network.
In Reference [9], HC was assessed for the 83-node distribution network using multiple SOPs
and DGs allocation along with DNR. HC was measured for a real project in Great Britain,
aiming to join two networks via an SOP [10]. In Reference [11], a new network reinforcement
index called ‘FRI’ was proposed to increase the capability of delivering active powers from
multiple pre-allocated DG units on an Egyptian real distribution network. Moreover, HC was
assessed for the non-sinusoidal 18-and 33-node distribution networks solved by the decoupled
harmonic power flow [12]. Moreover, in Reference [13], the HC was maximized via a C-type
filter allocated in shunt with the photovoltaic (PV) DG. In Reference [14], optimal planning
of static var compensators (SVCs) was carried out along with the HC maximization of PV
units using a stochastic multi-stage optimization approach. However, most of these research
works used to assess the HC of the distribution network from the deterministic/probabilistic
viewpoint, without considering wind turbine (WT) and solar photovoltaic (PV) units together,
under load uncertainties for large distribution networks. Thus, it is important to consider these
uncertainties while assessing the maximum HC of the distribution networks. Furthermore, the
operational losses were not considered during HC analysis; thus, a multi-objective formulation
will be useful to assess the HC while considering the network losses.

In the recent past, various research optimization methodologies, including mathematical
and heuristic/metaheuristic optimization techniques, were employed to reconfigure large
distribution networks. From the mathematical techniques’ standpoint, in Reference [15],
mixed-integer cone programming and mixed-integer linear programming formulations were
employed to reconfigure large distribution networks up to the 830-node distribution network.
Mixed-integer quadratic programming was formulated in Reference [16] to reconfigure large
distribution networks up to the 880-node distribution network, where a linear load flow takes
place to reduce the computational time. A mixed-integer second-order cone programming
optimization problem was formulated in Reference [17], based on the AC power flow con-
vexification to optimize large distribution networks up to the 880-node distribution network.
A novel graphically based DNR algorithm [18] was proposed in 2019, which is capable of
reconfiguring the large distribution networks up to the 4400-node distribution network in a
short time using MATLAB. From the heuristic/metaheuristic techniques’ standpoint, many
optimization techniques were employed to reconfigure distribution networks [19]. A tabu
search algorithm was employed in Reference [20] to reconfigure radial distribution feeders up
to the 118-node distribution network. A novel reconfiguration methodology was proposed in
Reference [21] to regenerate a radial configuration from the best configuration of the distribu-
tion network via the expanded invasive weed optimization algorithm. A fast non-dominated
sorting guided genetic algorithm was proposed in Reference [22] to minimize the power
losses, load balancing, switching actions, and also voltage profile improvement via DNR
of the 16-, 69-, and 136-node distribution networks. In Reference [23], a very time-efficient
optimization approach was proposed by Roberge et al. to optimize large distribution networks
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up to the 4400-node distribution networks via Cuda programming implementation for the
DNR optimization problem.

In this work, a multi-objective bilevel optimization approach is employed to assess
the maximum HC and also maximize the total power loss reduction of six distribution
networks up to the 880-node large distribution network. The optimization process is
conducted by setting two optimization levels, i.e., the upper and the lower levels, to ad-
dress the planning, and operation viewpoints, simultaneously. In the upper level, two
multi-objective optimization techniques, including multi-objective non-dominated sort-
ing genetic algorithm (NSGA-II) [24] and multi-objective particle swarm optimization
(MOPSO) [25] are employed to maximize two objectives, including HC maximization of
the distribution networks and maximization of the total power loss reduction. In the lower
level, the graphically based DNR algorithm in Reference [18] takes place to maximize the
power loss reduction of the distribution network at each scenario.

In this work, the main contributions are listed as follows:

(1). Optimal allocation of WTs and PVs is performed while considering their uncertainties,
including wind speed and solar irradiance, respectively.

(2). Load uncertainty is considered in this study to step on the real-life benefits of DGs
penetration during load alterations.

(3). A bilevel multi-objective optimization approach is formulated to optimally size renew-
able WT/PV DGs along with network optimization from the planning and operational
perspectives. Further, the optimal solution is chosen from the pareto solutions via a
decision-making algorithm called ‘Technique for Order of Preference by Similarity to
Ideal Solution’ (TOPSIS).

(4). Case studies are conducted on real distribution networks, including the 59-node
distribution network in Cairo and the 83-node distribution network of the Taiwan
power company. Furthermore, the proposed optimization approach is tested on the
415-and 880-node large distribution networks, which are ensembled from the 83- node
real distribution network.

The organization of this work is enclosed in five sections. Section 2 provides the
problem statement of this work, which is composed of the power flow equations, the DNR
graphically based algorithm, the WT, and PV modeling, the used scenarios generation algo-
rithm, and TOPSIS. Section 3 formulates the bilevel multi-objective optimization approach
used in this paper. Section 4 encloses the results and commentary on the obtained results.
Finally, Section 5 briefly illustrates the research outcomes and future recommendations.

2. Materials and Methods

In this section, the power flow equations, the graphically based DNR mathematical
algorithm, load, WT, PV DGs’ models, TOPSIS, and system performance indices are
illustrated in detail. Figure 1 demonstrates distribution network modeling for the upcoming
case studies.
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Figure 1. Distribution network model. 

Figure 1. Distribution network model.

2.1. Power Flow Equations

The power flow equations used to calculate injected active/reactive power and the
nodal voltages are illustrated as follows [18]:

Pk+1 = Pk − PL
k+1 − rb·

(
P2

k + Q2
k

)
/|Vk|2, ∀k ∈ Bnode, b ∈ Bline (1)
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Qk+1 = Qk −QL
k+1 − xb·

(
P2

k + Q2
k

)
/|Vk|2, ∀k ∈ Bnode, b ∈ Bline (2)

|Vk+1|2 = |Vk|2 − 2·(rb Pk + xb Qk) +
(

r2
b + x2

b

)
·
(

P2
k + Q2

k

)
/|Vk|2, ∀k ∈ Bnode, b ∈ Bline (3)

where Pk and Qk are the components of the apparent power injected to the kth node; PL
k and

QL
k are the load’s components at the kth node; rb and xb are the impedance components at

the bth line; Vk is the nodal voltage at the kth node; and Bnode and Bline are the set of nodes
and lines, respectively.

2.2. Distribution Network Reconfiguration

Recently, in 2019, a novel graphically based DNR mathematical algorithm [18] was
proposed by the authors to find a near-global/global positioning of tie-lines for large
distribution networks. It has proven its ability to find near-global solutions in a short
computational time for large distribution networks up to the 4400-node distribution net-
work. The reconfiguration procedure takes place by exchanging the status of the existing
tie-lines of the best configuration (Xbest

rec ) obtained with their neighboring sectionalized
lines, after being prioritized by an efficient index called weighted voltage deviation in-
dex (WVD) to obtain many temporary configurations (Xtemp

rec ), which are further checked
for optimality. Furthermore, this DNR mathematical algorithm has proven its ability to
reconfigure the distribution networks without the need for a radiality check, and unlike
the other heuristic optimizers, it does not depend on any random generations. The reader
can refer to the details of this methodology in Reference [18]. The MATLAB code used to
reconfigure the 59-node distribution network is provided in Reference [26], in which the
MATPOWER [27,28] toolbox is used for the power flow solution. Figure 2a–c illustrates
the status exchange procedure between the tie-lines (dotted lines) and their neighboring
sectionalized lines (highlighted in red) to obtain a better loss minimization. In the first
iteration, as shown in Figure 3b, the tie line connecting the nodes 18 and 50 is changed
to sectionalized (highlighted in red), and the sectionalized line joining nodes 49 and 50 is
changed to a tie-line (highlighted in green) to obtain a better configuration that provides
a minimum power loss than that in the initial configuration. The convergence curves for
power loss minimization using this DNR method are shown in Figure 3 for the 59-, 69-,
135-, and 415-node distribution networks [18], where they reached the optimal fitness at
the 11th, 6th, 14th, and 55th iteration, respectively.

2.3. DG modeling

Two DG types, WT and PV, are considered in this work. Detailed modeling of these
DGs is illustrated in the following subsections in detail.

2.3.1. Wind Turbine DG

WTs are characterized by their intermittent nature due to the variations occurring
in the wind speed. To model the WT, three wind speeds are mentioned to characterize
the installed WT, including rated speed (vrated), cut-in speed (vcut−in), and cut-out speed
(vcut−out). Thus, the WT injected power (PDG−WT

uWT ,s ) at the uWT node [29,30] for the sth
scenario is expressed as follows:

PDG−WT
uWT,s

=


0 f or vs < vcut−in and vs > vcut−out

SWT−size
uWT

(
vs−vcut−in

vrated−vcut−in

)
f or vcut−in ≤ vs ≤ vrated

SWT−size
uWT

f or vrated ≤ vs ≤ vcut−out

(4)

SWT−size
uWT

≤ Smax
WT (5)

where, vs is the wind speed at the sth scenario, SWT−size
uWT

is the size of the installed WT at
the uWT node, and Srated

WT is the maximum capacity of the installed WT.
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2.3.2. Solar Photovoltaic DG

PVs are characterized by their intermittent nature due to the variations occurring in the
solar irradiance (G). To model the PV DG, two specific irradiance points are characterizing
the output power from the PV unit [29,30], including the standard solar irradiance (Gstd)
and a specific irradiance threshold (Rc). The solar PV penetration is controllable since
it can be controlled through power trackability or by charging batteries, thus the actual
penetration of a PV DG (PDG−PV

uPV ,s ) at the sth scenario is modeled as follows [29,30]:

PDG−PV
uPV ,s =

 SPV−size
uPV

(
G2

s
Gstd Rc

)
f or 0 < Gs < Rc

SPV−size
uPV

(
Gs

Gstd

)
f or Gs ≥ Rc

(6)

SPV−size
uPV

≤ Smax
PV (7)

where Gs is the solar irradiance at the sth scenario, SPV−size
uPV

is the size of the installed PV
unit at the uPV node, and Smax

PV is the maximum capacity of the installed PV.

2.4. Scenarios Reduction

In this work, the wind speed, the solar irradiance, and the load data are available in
Reference [31]. These data are applied to the studied distribution networks to imitate the
uncertainty effect on HC maximization. The solar irradiance, wind speed, and load profiles
for one year are provided in Figures 4–6, respectively. The 8760 hourly data are reduced to
relevant 30 scenarios using the backward reduction technique developed by Growe-Kuska
et al. for stochastic programming [32]. The obtained scenarios, including loading level
(LLs), wind speed, solar irradiance, and their probabilities (ps), are provided in Table 1 for
each scenario (s). It is well noted that increasing the number of scenarios will increase the
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accuracy of the obtained results; however, conducting the optimization procedure based
on 30 scenarios is relevant from the practical perspective [30].
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Figure 5. Wind speed for one year.
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Figure 6. Load profile for one year.
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Table 1. Wind speed, solar irradiance, and load scenarios.

s LLs
(%)

vs
(m/s)

Gs
(W/m2) ps s LLs

(%)
vs

(m/s)
Gs

(W/m2) ps

1 33.09869 0 0 0.02363 16 54.70679 6.9 0 0.03664
2 33.82429 8.1 0 0.02432 17 54.97036 0 0 0.03916
3 34.79878 4.6 0 0.03139 18 55.89388 11.5 455 0.02603
4 34.85638 11.5 0 0.02454 19 55.97981 0 263 0.02180
5 42.43202 3.5 0 0.04030 20 58.78500 10.4 856 0.01712
6 43.78283 10.4 0 0.05023 21 59.61178 4.6 529 0.02957
7 44.43556 5.8 448 0.01507 22 60.01654 11.5 1 0.02546
8 45.37022 8.1 0 0.09349 23 65.52149 4.6 842 0.01507
9 46.58196 9.2 900 0.04692 24 69.68230 4.6 0 0.02386

10 46.80610 12.7 0 0.03744 25 70.07522 9.2 0 0.03219
11 47.00383 0 0 0.04441 26 72.52334 0 0 0.01393
12 47.66340 13.8 520 0.02420 27 76.89657 10.4 935 0.03984
13 48.58249 16.1 0 0.02877 28 78.68899 6.9 0 0.05479
14 49.39537 3.5 0 0.06975 29 86.35351 13.8 363 0.01062
15 49.46533 13.8 814 0.04384 30 93.01955 10.4 478 0.01564

2.5. TOPSIS

TOPSIS was firstly proposed in the eighth decade of the previous century by
Hwang et al. [33]. After that, it has been improved by Yoon [34] in 1987 and by
Hwang et al. [35] in 1993. TOPSIS takes place by choosing the preferable alternative (pareto-
solution) that has the smallest geometric distance from the positive ideal solution and also has
the farthest geometric distance from the negative ideal solution. TOPSIS algorithm composed
of the following phases:

Phase 1:A matrix =
[
tql

]
m×n

, where m and n denote the number of alternatives and the

criteria, respectively. A vector of preset weights ωl is established for each criterion
in which the sum of its weights equals one. After that, a matrix (N) called the
‘normalized matrix’ is established, where N =

[
eql

]
m×n

, and its elements eql are

obtained using the following equation:

eql = tql/
√

∑n
l=1 t2

ql (8)

Phase 2:A new matrix (WN) is calculated, whose dimensions are m× n, and its elements
Oql are calculated as follows:

Oql = eql ·ωl (9)

Phase 3:At this phase, the best and the worst alternatives are denoted by the 1× n vectors: E
and F, respectively. The elements of E and F are denoted by Dl and Gl , respectively.

Dl =

{〈
max

l
Oql

∣∣∣∣l ∈ J−
〉

,
〈

min
l

Oql

∣∣∣∣l ∈ J+
〉}

(10)

Gl =

{〈
min

q
Oql

∣∣∣∣l ∈ J−
〉

,
〈

max
q

Oql

∣∣∣∣l ∈ J+
〉}

(11)

where J− and J+ are the negative and positive criteria, respectively.
Phase 4:For each alternative, the least-squares distances between the qth alternative and Dl

and Gl are expressed in Equations (12) and (13), respectively.

dbest
q =

√
∑n

l=1

(
eql − Dl

)2
(12)
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dworst
q =

√
∑n

l=1

(
eql − Gl

)2
(13)

where dbest
q and dworst

q are the distance of each alternative from the best and the
worst elements, respectively.

Phase 5:At this phase, the similarity index for the qth alternative (SIq) expressed in
Equation (12) is calculated to sort the alternatives.

SIq = dworst
q /

(
dbest

q + dworst
q

)
(14)

where SIq belongs to the interval [0,1].
Phase 6:Display the best alternative having the highest SIq value.

2.6. System Performance Indices

In this work, two performance indices are used to assess the overall operational
performance of the studied distribution networks at different scenarios, including the load
balancing index (LBI), the aggregated voltage deviation index (AVDI), and the aggregated
fast voltage stability index (FVSI).

2.6.1. Load Balancing Index (LBI)

The LBI was previously used in many publications to assess the loading carried by
each line [36]. The LBI was used many times to obtain a better distribution of currents
among the lines of the distribution feeders. The formulation of the LBI is illustrated
as follows:

LBIb,s =
(

Ib,s/Irated
)2

(15)

LBIs = ∑Nb
b=1 LBIb,s ( (16)

LBIov = ∑Ns

s=1 LBIs.ps (17)

where Ns is the total number of scenarios, and
∣∣Ib,s

∣∣ is the magnitude of the branch current
flowing in the bth branch at the sth scenario. Irated is the maximum line current. LBIb,s is
the LBI at the sth scenario for the bth line, LBIs is the aggregated LBI for all lines at the sth
scenario, and LBIov is the overall LBI for all scenarios.

2.6.2. Aggregate Voltage Deviation Index (AVDI)

The AVDI was previously employed in many research works like Reference [5] to
provide an insight into the voltage deviations from the unity, where the lower AVDI
indicates better voltage security at the demand node. The AVDI is formulated as follows:

AVDIs = ∑Nnode

k=1

(
1−

∣∣Vk,s
∣∣) (18)

AVDIov = ∑Ns

s=1(AVDIs.ps) (19)

where AVDIs is the aggregated voltage deviation index at the sth scenario,
∣∣Vk,s

∣∣ is the
magnitude of the kth node at the sth scenario, and AVDIov is the overall aggregated voltage
deviation index for all scenarios.

2.6.3. Fast Voltage Stability Index (FVSI)

The FVSI was proposed in References [37,38] as a measure for the voltage security at
each node. The lower the value of the FVSI, the more voltage security obtained. The fast
voltage stability index is formulated as follows:

FVSIb,s =
∣∣∣(4Z2

b,sQk+1,s

)
/
(∣∣Vk+1,s

∣∣2xb,s

)∣∣∣ (20)
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FVSIs = ∑Nb
b=1 FVSIb,s ( (21)

FVSIov = ∑Ns

s=1 FVSIs (22)

FVSIb,s < 1 (23)

where FVSIb,s is the FVSI of the bth line at the sth scenario, Zb,s is the impedance of the bth
line at the sth scenario, whose reactive component is xb,s, FVSIs is the aggregated FVSI for
all distribution system lines at the sth scenario, and FVSIov is the overall aggregated fast
voltage stability index for all scenarios.

3. Problem Formulation

In this section, the objective function and the constraints are illustrated in detail.

3.1. Objective Function

In this paper, a bilevel multi-objective optimization problem is formulated for HC
maximization while considering network losses. The objective function in this work is
twofold, including the upper- and the lower-level optimization approaches. On the one
hand, the upper-level optimization problem in Equation (28) is formulated as a multi-
objective optimization problem to maximize the probabilistic hosting capacity (PHC) of
DGs expressed in Equation (25), and also maximize the total power loss reduction (RPloss)
expressed in Equation (27). On the other hand, the lower-level optimization approach
takes place using the DNR mathematical algorithm to choose the appropriate configuration
providing a better reduction in the power loss; thus, the objective function at this level
is Equation (25). The pseudo-code for the proposed stochastic optimization approach is
provided in Algorithm 1.

HCs (%) = 100
∑uWT

PDG−WT
uWT ,s + ∑uPV

PDG−PV
uPV ,s

∑Nnode

k=1 PL
k

(24)

PHC(%) =
Ns

∑
s=1

PHCs.ps (25)

Ploss = ∑Ns

s=1

(
∑Nline

b=1

(∣∣Ib,s
∣∣2· rb

)
.ps

)
(26)

RPloss(%) = 100
P0

loss − Ploss

P0
loss

(27)

{
max f1 = PHC
max f2 = RPloss

(28)

where HCs is the HC at the sth scenario, Ploss is the probabilistic total active loss for all the
studied scenarios, and P0

loss is the total power loss at the normal loading conditions.

3.2. Constraints

In addition to the constraints of WT, PV DGs rated capacities expressed in
Equations (5) and (7) and the FVSI constraint provided in Equation (23). The following
operational/planning constraints are applied in the optimization process.∣∣Ib,s

∣∣ ≤ Irated (29)

Vmin ≤
∣∣Vk,s

∣∣ ≤ Vmax (30)

HCs ≤ 100 (31)

Pslack
s ≥ 0 (32)
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where Pslack
s in the active power delivered by the substation at the sth scenario, and Vmin

and Vmax are the lower and upper nodal voltage limits, respectively.

Algorithm 1 The proposed bilevel multi-objective optimization for HC maximization

1. Set the number of populations, number of iterations, number of decision variables,
and variables’ limits.

2. While iteration number smaller than or equal to the total number of iterations
3. Update the upper level multi-objective optimization parameters, including SWT−size

uWT
and

SPV−size
uPV

.
4. Input the available WT and PV nodes.
5. Set s equal to one.
6. While s ≤ Ns

7. Apply LLs to the connected loads.
8. Evaluate PDG−WT

uWT ,s and PDG−PV
uPV ,s using vs and Gs, respectively, expressed in Equations (4)

and (6).
9. Set WT/PV DGs injected powers according to PDG−WT

uWT ,s and PDG−PV
uPV ,s at the uWT and uPV ,

respectively.
10. Evaluate RPloss expressed in Equation (27).
11. The lower level optimization problem takes place at this sub-step by reconfiguring the

existing tie-lines using the DNR mathematical algorithm.
12. If Equations (5), (7), (23), and (29)–(32) violated
13. Then set the PHC and RPloss value to zero, increment the iteration number, and return to

Step 2.
14. End While
15. Evaluate PHC and RPloss expressed in Equations (25) and (27), respectively.
16. Save the obtained solution and the system’s configurations and indices with the previously

obtained feasible solutions.
17. Increment the iteration number.
18. End While
19. Apply the TOPSIS algorithm to the obtained pareto-solutions to choose the best solution

that meets an equal criterion (ωl=50%) for both the PHC and RPloss.
20. Display the best solution obtained.

4. Results and Discussion

In this work, five distribution networks, 16-, 59-, 69, 83-, and 415- node distribution
networks are used [39–42]. The 415-node distribution network is a large distribution net-
work, composed of five instances of the 83-node real distribution network to mimic the
complexity of large real distribution networks. The schematic diagrams of the 59- and
83-node distribution networks are provided in Figures 7 and 8. The input data used for
the upcoming case study is supplied in Tables 2 and 3. In this work, two multi-objective
optimization approaches are employed to solve the upper multi-objective nonlinear op-
timization problem, including non-dominated sorting genetic algorithm (NSGA-II) [24]
and the multi-objective particle swarm optimization (MOPSO) [25]. NSGA-II is one of the
most well-known multi-objective optimizers. It was developed by Deb et al. in 2002 as an
improvement for the genetic algorithm to handle multi-objective optimization problems
via several characteristics in its code, including fast non-dominated sorting and crowded
distance estimation. The reader is referred to Reference [24] for more details about this
multi-objective optimization algorithm. In the particle swarm optimization algorithm, each
solution is known by its position and velocity, where the best solution of the particles at
a certain iteration is denoted by pbest, and the global solution obtained till the current
iteration is denoted by gbest. A further extension was conducted in Reference [25] to
handle multi-objective optimization problems. The reader is referred to Reference [25] for
more details about MOPSO. The flowcharts of the NSGA-II and MOPSO are shown in
Figures 9 and 10. Furthermore, the DNR mathematical algorithm in Reference [18] used
to reconfigure the studied distribution networks in the lower-level optimization problem.
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The following case study is conducted on MATLAB r2018a on a DELL Laptop, its model
name is ‘Latitude E7450’, including an ‘Intel® Core™ i5′ CPU at 2.3 GHz, and 8 GB RAM.Mathematics 2020, 8, x FOR PEER REVIEW 14 of 33 
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Table 2. Distribution test networks data.

Distribution
Network Feeders Nodes

Count Lines Count Tie-Lines
Count Load (MVA)

16-node 3 13 16 3 28.7 + 17.3 i
59-node 8 59 64 6 50.348 + 21.448 i
69-node 1 69 73 5 3.80219 + 2.6946 i
83-node 11 83 96 13 28.4 + 20.7 i

415-node 55 415 480 65 141.8 + 103.5 i
880-node 7 873 900 27 124.9 + 74.4 i

Table 3. System input parameters.

Parameter Value Parameter Value

vcut−in (m/s) 3 Rc (W/m2) [29] 150
vcut−out (m/s) 26 Smax

PV (MW) [0,50]
vrated (m/s) 15 Irated (A) 300
Smax

WT (MW) [0,50] Vmin (p.u.) 0.95
Gstd (W/m2) [29] 1000 Vmax (p.u.) 1.05

In this work, the WT and PV DGs are allocated at a certain set of nodes due to land
space limitations. These PV/WT nodes are provided in Table 4. The PHC is assessed for
the 16-, 59-, 69-, 83-, and 415-node distribution networks at different scenarios of wind
speeds, solar irradiance, and load uncertainties, as shown in Table 5. The pareto-front
of the obtained results for the 83- and 415-node distribution networks are provided in
Figures 11 and 12, respectively. The WT and PV DGs sizes in MW at each node using
NSGA-II and MOPSO, are provided in Tables 6 and 7, respectively. Besides, the config-
urations of the 16-, 59-, 69-, 83, and 415-node distribution networks at each scenario are
provided in Tables 8–12, respectively. The HC and power loss reduction are provided in
Figures 13 and 14, respectively, for the 59-, 83-, and 415-node distribution networks at
each scenario. Finally, the voltage profiles at multiple scenarios for the 59-and 83-node
distribution networks are provided in Figures 15 and 16, respectively.

Table 4. Candidate wind turbine (WT) and photovoltaic (PV) nodes.

System WT Nodes PV Nodes

16-node 4,5,16 8,9,12

59-node 13,24,31,52,55,56 2,7,22,29,43,50

69-node 7,8,16,17,18,37,40,54 11,12,21,38,39,48,50,53

83-node 14,17,18,45,51,52,53,54,58,81 6,12,13,19,28,31,34,71,75,79

415-node

24,27,28,62,63,64,68,91,118,121,
122,156,157,158,162,185,212,215,216,243,
249,250,251,252,256,279,305,306,309,310,
326,337,343,344,345,346,350,373,399,400,
403,404,420,431,437,438,439,440,444,467

16,22,23,29,38,41,44,55,61,81,85,89,110,
116,117,123,132,135,138,149,155,175,179,
183,204,210,211,217,226,229,232,269,273,
277,298,304,311,320,323,363,367,371,392,

398,405,414,417,457,461,465

880-node

13,18,43,53,54,59,89,90,101,122,137,140,
144,146,151,171,174,196,214,219,244,254,
255,260,290,291,302,323,338,341,345,350,
351,362,383,389,393,398,399,410,416,420,
440,455,458,464,465,470,498,500,501,512,
533,548,551,555,558,560,561,593,599,603,
606,608,609,620,626,630,633,650,665,668,
670,672,673,705,720,723,727,730,732,733,
765,771,775,778,780,781,792,798,802,805,

822,837,840,842,848,852,855,872

11,19,20,33,40,52,70,80,85,87,94,95,111,
112,138,139,152,153,172,173,185,186,212,
220,221,234,241,253,271,281,286,288,295,
296,312,313,339,340,348,355,356,372,373,
387,388,396,403,414,415,423,429,430,456,
457,463,481,491,496,505,506,522,523,549,
550,565,566,582,583,597,598,613,624,625,
639,640,666,667,677,678,694,695,721,722,
737,738,754,755,769,770,785,796,797,811,

812,838,839,846,847,861,862
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Table 5. Results for the studied distribution networks.

System Index Initial NSGA-II MOPSO

16-node

PHC (%) - 17.9159 13.6892
RPloss (%) 0 79.5223 79.9342

LBIov 1.1432 0.7997 0.7858
AVDIov 0.1111 0.0750 0.0834
FVSIov 0.0539 0.0485 0.0452

min
∣∣Vk,s

∣∣ (p.u.) 0.9715 0.9778 0.9778
max

∣∣Vk,s
∣∣ (p.u.) 1 1.0039 1.0056

Time (h) - 3.3254 5.7375

59-node

PHC (%) - 18.087 14.05
RPloss (%) 0 83.3078 81.8076

LBIov 3.6844 2.4137 2.9178
AVDIov 0.1407 0.0844 0.0847
FVSIov 0.0666 0.0549 0.0523

min
∣∣Vk,s

∣∣ (p.u.) 0.9874 0.9944 0.9931
max

∣∣Vk,s
∣∣ (p.u.) 1 1.0004 1.0029

Time (h) - 5.3130 6.2609

69-node

PHC (%) - 17.0725 18.6119
RPloss (%) 0 89.1300 87.9905

LBIov 1.2040 0.5814 0.6098
AVDIov 0.9485 0.3513 0.3198
FVSIov 0.4003 0.2609 0.2681

min
∣∣Vk,s

∣∣ (p.u.) 0.9161 0.9554 0.9536
max

∣∣Vk,s
∣∣ (p.u.) 1 1.0036 1.0140

Time (h) - 1.5584 0.9694

83-node

PHC (%) - 17.9875 17.6474
RPloss (%) 0 80.7985 80.3160

LBIov 4.3873 3.0877 3.0516
AVDIov 1.3348 1.0697 1.1120
FVSIov 0.6173 0.5900 0.6005

min
∣∣Vk,s

∣∣ (p.u.) 0.9339 0.9601 0.9589
max

∣∣Vk,s
∣∣ (p.u.) 1 1 1

Time (h) - 9.1571 8.8585

415-node

PHC (%) - 17.7173 17.5299
RPloss (%) 0 74.5320 79.2044

LBIov 21.9362 19.3506 16.4757
AVDIov 6.6732 6.0285 5.3153
FVSIov 3.0863 3.0565 2.9472

min
∣∣Vk,s

∣∣ (p.u.) 0.9339 0.9511 0.9566
max

∣∣Vk,s
∣∣ (p.u.) 1 1.0066 1.0040

Time (h) - 74.2285 74.3252

880-node

PHC (%) - 18.0692 18.0224
RPloss (%) 0 93.5010 93.4466

LBIov 4.1141 1.2709 1.3006
AVDIov 6.0015 1.7829 1.7772
FVSIov 0.2474 0.1490 0.1439

min
∣∣Vk,s

∣∣ (p.u.) 0.9593 0.9935 0.9936
max

∣∣Vk,s
∣∣ (p.u.) 1 1 1.0004

Time (h) - 105.7501 104.7001
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Figure 12. Pareto-front for the 415-node distribution network using NSGA-II and MOPSO.

Table 6. WT and PV distributed generations (DGs) sizes in MW at each node using NSGA-II.

WT
Node WT Size WT

Node WT Size PV Node PV Size PV Node PV Size

16-node distribution network

4 2 5 1 8 2.8 9 3
16 5.9 - - 12 1.8 - -
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Table 6. Count.

WT
Node WT Size WT

Node WT Size PV Node PV Size PV Node PV Size

59-node distribution network

13 1.7 52 2.1 2 2.4 29 1.4
24 5.5 55 2.8 7 2.8 43 2.2
31 1.7 56 2.3 22 2.3 50 1.7

69-node distribution network

7 0.1 18 0.1 11 0 39 0.2
8 0.2 37 0.2 12 0.2 48 0.2

16 0.1 40 0.1 21 0.2 50 0
17 0.1 54 0.1 38 0.2 53 0.2

83-node distribution network

14 0.8 52 0.4 6 0.8 31 0.7
17 0.7 53 0.7 12 0.5 34 1
18 1 54 0.7 13 0.7 71 1.1
45 1.1 58 0.9 19 0.2 75 0.5
51 0.9 81 1.8 28 0.7 79 1

415-node distribution network

24 0 279 3 16 0 210 0.2
27 0 305 2 22 0 211 0
28 0.9 306 0 23 0.3 217 1.8
62 0 309 3.3 29 0 226 2
63 2.2 310 2 38 0 229 0
64 0.5 326 0 41 3.3 232 1.1
68 0 337 0 44 2 269 0
91 0 343 1.5 55 0 273 0
118 3.5 344 0 61 2.2 277 0.8
121 2.8 345 3.3 81 0 298 0
122 2.8 346 3.5 85 1.7 304 0
156 0.9 350 0 89 0 311 1.5
157 0 373 0 110 2.8 320 2.9
158 2 399 0 116 0 323 0
162 1.9 400 0 117 0 363 0
185 0 403 0 123 0 367 0
212 0 404 1.7 132 0 371 0
215 0 420 3.6 135 0 392 0
216 0 431 0 138 0 398 0.4
243 0 437 0 149 0 405 1.2
249 0 438 0 155 0 414 1.7
250 0 439 0 175 0 417 0
251 0 440 0 179 0 457 1.9
252 0 444 0 183 2.1 461 2.5
256 0 467 2.8 204 0 465 3.3

Table 7. WT and PV DGs sizes in MW at each node using MOPSO.

WT
Node WT Size WT

Node WT Size PV Node PV Size PV Node PV Size

16-node distribution network

4 1 5 1 8 4.2 9 4.3
16 1 - - 12 4.7 - -
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Table 7. Count.

WT
Node WT Size WT

Node WT Size PV Node PV Size PV Node PV Size

59-node distribution network

13 1 52 1 2 2.1 29 1
24 1 55 1 7 4.4 43 0
31 1 56 1 22 2.9 50 12.2

69-node distribution network

7 0 18 0.1 11 0 39 0.3
8 0.3 37 0 12 0.3 48 0

16 0.4 40 0 21 0.3 50 0
17 0 54 0.5 38 0 53 0

83-node distribution network

14 1 52 0.9 6 0.7 31 0.6
17 0.7 53 0.8 12 1.4 34 0
18 0.5 54 0.9 13 0.3 71 0.7
45 0.6 58 1 19 1.7 75 0.5
51 1 81 1 28 0.8 79 1.2

415-node distribution network

24 0 279 3 16 0 210 0.8
27 0 305 2 22 0 211 0
28 0.9 306 0 23 0 217 2.6
62 0 309 3.3 29 0.4 226 0.7
63 2.2 310 2 38 0 229 0
64 0.5 326 0 41 0 232 2.5
68 0 337 0 44 0.3 269 2.5
91 0 343 1.5 55 1.7 273 0
118 3.5 344 0 61 0 277 0
121 2.8 345 3.3 81 0 298 0
122 2.8 346 3.5 85 0.5 304 2.6
156 0.9 350 0 89 1.6 311 0
157 0 373 0 110 2.3 320 1.9
158 2 399 0 116 0.1 323 0.1
162 1.9 400 0 117 2.3 363 2.4
185 0 403 0 123 0 367 0
212 0 404 1.7 132 1.6 371 0.4
215 0 420 3.6 135 0 392 0
216 0 431 0 138 2.6 398 0
243 0 437 0 149 2.6 405 0
249 0 438 0 155 0 414 1.2
250 0 439 0 175 0.9 417 0.5
251 0 440 0 179 2.3 457 0
252 0 444 0 183 1.1 461 2
256 0 467 2.8 204 1.5 465 0

Table 8. The 16-node distribution network configurations at multiple scenarios.

s
Configuration (Tie-Lines)

NSGA-II MOPSO

1
7,8,16

7,8,16

5

13 3,7,8
17 7,8,16

29 4,7,8
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Table 9. The 59-node distribution network configurations at multiple scenarios.

s
Configuration (Tie-Lines)

NSGA-II MOPSO

1 7,18,46,60,63,64 7,19,46,60,63,64

5 7,17,47,60,63,64

7,18,46,60,63,6413 7,17,37,47,60,63

17 7,17,38,48,60,63

29 7,18,38,46,60,63 7,18,38,46,60,63

Table 10. The 69-node distribution network configurations at multiple scenarios.

s
Configuration (Tie-Lines)

NSGA-II MOPSO

1 14,47,50,69,70 14,46,50,69,70

5 14,44,50,69,70 14,18,45,50,69

13 13,44,50,69,70 14,20,46,50,69

17 14,45,50,69,70 13,20,45,50,69

29 13,46,50,69,70 12,13,47,50,69

Table 11. The 83-node distribution network configurations at multiple scenarios.

s
Configuration (Tie-Lines)

NSGA-II MOPSO

1 6,12,33,38,41,54,60,71,82,85,88,89,91 6,33,41,54,60,71,82,85,87,88,89,91,92

5 6,33,38,41,54,60,71,82,85,87,88,89,91 6,33,41,52,60,71,82,85,87,88,89,91,92

13 6,33,41,53,60,71,78,85,87,88,89,91,92 6,33,41,52,53,71,85,87,88,89,90,91,92

17 6,32,41,53,60,71,81,85,87,88,89,91,92 6,33,41,53,63,71,85,87,88,89,90,91,92

29 6,32,41,54,60,71,82,85,87,88,89,91,92 6,33,38,41,53,61,71,81,85,87,88,89,91

Table 12. The 415-node distribution network configurations at multiple scenarios.

s
Configuration (Tie-Lines)

NSGA-II MOPSO

1

6,54,142,143,154,164,220,255,302,320,330, 6,33,38,41,54,61,71,82,89,116,121,124,
336,338,417,418,419,420,421,422,423,424, 144,154,165,172,199,204,207,219,226,
425,426,427,428,430,432,433,434,436,437, 237,248,255,282,287,290,310,320,331,
438,439,442,443,444,445,446,447,448,449, 338,344,365,370,373,385,392,403,414,
450,451,452,453,456,458,459,460,462,463, 417,419,420,421,423,428,430,432,433,
464,465,466,469,470,471,472,473,474,475, 434,436,443,445,446,447,449,454,456,

476,477,478,479 458,459,460,462,469,000,000,000

5

6,54,141,143,154,164,220,255,301,302,320, 6,33,38,41,54,61,71,82,89,116,121,124,
330,336,338,417,418,419,420,421,422,423, 144,154,165,172,199,204,207,219,226,
424,425,426,427,428,430,432,433,434,436, 237,248,255,261,282,287,290,310,317,
437,438,439,442,443,444,445,446,447,448, 331,338,344,365,370,373,385,392,403,
449,450,451,452,453,456,458,459,460,462, 414,417,419,420,421,423,428,430,432,
463,464,465,469,470,471,472,473,474,475, 433,434,436,443,445,446,447,449,454,

476,477,478,479 456,459,460,462,469,000,000,000
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Table 12. Count.

s
Configuration (Tie-Lines)

NSGA-II MOPSO

13

52,54,140,143,151,164,172,220,255,301, 6,33,38,41,53,61,71,82,89,116,121,124,
302,320,330,338,417,418,419,420,421,422, 144,154,165,172,199,204,207,219,226,
423,424,425,426,428,430,432,433,434,436, 237,248,255,261,282,287,290,310,317,
437,438,439,443,444,445,446,447,448,449, 331,338,344,365,370,373,384,392,403,
450,451,452,453,456,458,459,460,462,463, 414,417,419,420,421,423,428,430,432,
464,465,467,469,470,471,472,473,474,475, 433,434,436,443,445,446,447,449,454,

476,477,478,479 456,459,460,462,469,000,000,000

17

52,54,141,143,151,164,172,220,255,287, 6,33,38,41,53,61,71,82,89,116,121,124,
301,302,320,330,338,417,418,419,420,421, 144,154,165,172,199,204,207,219,226,
422,423,424,425,426,428,430,432,433,434, 237,248,255,261,262,282,287,290,310,
436,437,438,439,443,444,445,446,447,448, 319,331,338,344,365,370,373,385,392,
449,450,451,452,453,456,458,459,460,462, 403,414,417,419,420,421,423,428,430,

464,465,467,469,470,471,472,473,474, 432,433,434,436,443,445,446,447,449,
475,476,477,478,479 454,456,460,462,469,000,000,000

29

6,12,33,38,41,54,61,71,82,89,95,116,121, 6,33,38,41,54,61,71,82,89,116,121,124,
124,137,144,152,165,172,178,199,204, 137,144,154,165,172,199,204,207,219,
207,220,227,237,248,255,261,282,287, 226,237,248,255,261,282,287,290,310,
290,310,320,331,338,344,365,370,373, 317,331,338,344,365,370,373,385,392,
386,393,403,414,417,420,421,423,430, 403,414,417,419,420,421,423,430,432,
433,434,436,443,446,447,449,454,456, 433,434,436,443,445,446,447,449,454,

459,460,462,469,472,000,000 456,459,460,462,469,000,000,000
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Figure 13. Hosting capacity (HC) at each scenario: (a) 59-node, (b) 83-node, and (c) 415-node.
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Figure 15.
∣∣Vk,s

∣∣ at multiple scenarios for the 59-node distribution network: (a) Via NSGA-II, and (b)
Via MOPSO.
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Figure 16.
∣∣Vk,s

∣∣ at multiple scenarios for the 83-node distribution network: (a) Via NSGA-II, and (b) Via MOPSO.
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As a result of changing the topological structure of the studied distribution networks
shown in Tables 8–12, the capability of accommodating more WT/PV DGs has increased
while considering solar irradiance, wind speed, and load uncertainties. The achieved
benefits from employing DNR in each scenario are illustrated as follows from the planning
and operational perspectives.

From the planning perspective, the HC using the NSGA-II has reached 17.7173%,
while in the case of MOPSO, the HC has reached 17.5299% for the 415-node distribution
network. The power loss reduction reached for NSGA-II and MOPSO is 74.5320% and
79.2044% for the 880-node distribution network, respectively. Thus, it is hard to assume
that an optimization technique is better than the others for the proposed optimization
problem. Moreover, the allocated WT/PV DGs are not suitable for all the available nodes of
the distribution networks, as in the 415-node distribution network, the number of available
nodes for WT, and PV DGs is 50 for each of them; however, the number of allocated WT and
PV DGs is 19 and 20, respectively, using NSGA-II. Besides, at scenarios 1, 11, 17, and 26, the
HC was zero as the solar irradiance was zero, and the wind speed was zero below its cut-in
speed, thus the generated WT and PV powers were zero at these scenarios. To overcome
this issue, energy storage systems (ESSs) should be optimally allocated along with WT/PV
DGs allocation as a solution to overcome the problem mentioned above at times of lower
irradiance and wind speeds. ESSs allocation is beyond the scope of this work and will be
mentioned in upcoming future work.

From the operational perspective, three operational indices were employed to measure
the improvement in the system’s load balancing and voltage security, including LBIov,
AVDIov, and FVSIov. The results obtained for these indices using NSGA-II and MOPSO
are different for each distribution network, as demonstrated in Table 5. Thus, it is difficult
to conclude that one of them is better than the other. From the LBIov viewpoint, the
LBIov decreased by 30.0472%, 34.4887%, 51.7110%, 29.6219%, 11.7869%, and 69.1087% for
the 16-, 59-, 69-, 83-, 415-, and 880-node distribution networks using NSGA-II. From the
AVDIov viewpoint, the AVDIov decreased by 32.4932%, 40.0142%, 62.9626%, 19.8607%,
9.6610%, and 70.2924% for the 16-, 59-, 69-, 83-, 415-, and 880-node distribution networks
using NSGA-II. From the FVSIov viewpoint, the FVSIov decreased by 10.0186%, 17.5676%,
34.8239%, 4.4225%, 0.9656%, and 39.7736% for the 16-, 59-, 69-, 83-, 415-, and 880-node
distribution networks using NSGA-II. Moreover, the voltage profile improvement shown
in Figures 13 and 14 validates the effectiveness of the proposed optimization approach
independent of the used optimization technique. Finally, a multiple-scenario analysis was
conducted on the 59-node distribution system to ensure the effectiveness of choosing 30
scenarios for the previous case studies. Table 13 gives insight into the effect of changing
the number of generated scenarios on the obtained HC and power loss reduction for the
59-node distribution network in Cairo. From Table 13, it is notable that the obtained HC
ranges between 17% and 19%, its average is 17.9153 %, and its standard deviation is 0.8336
using NSGA-II. Thus, choosing 30 scenarios is relevant for our studied cases. Moreover, to
ensure the effectiveness of choosing NSGA-II and MOPSO against the other multi-objective
optimizers, a comparison with multi-objective multi-verse optimization (MOMVO) [42]
and multi-objective flower pollination algorithm (MOFPA) [43] was conducted to step on
their effectiveness. As shown in Table 14, the NSGA-II and MOPSO have provided better
near-optimal solutions; however, they took a long time in computation than MOMVO and
MOFPA. Besides, we aim to maximize the HC of the studied distribution systems while
improving loss reduction. In this regard, NSGA-II and MOPSO were chosen to solve the
optimization problem since they provided the best HC and power loss reduction. Finally,
a comparison with previous works based on system’s performance indices for the 83-, 415-,
and 880-node distribution networks is shown in Tables 15–17, respectively, to clarify the
effectiveness of the proposed optimization algorithm from the operational perspective.
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Table 13. The obtained HC and power loss reduction at different number of scenarios.

Number of Scenarios
NSGA-II MOPSO

HC (%) RPloss(%) HC (%) RPloss(%)

10 17.1015 83.5396 12.23 72.037
20 18.8370 84.5515 12.02 80.411
30 18.0870 83.3078 14.05 81.807
40 18.5500 84.5329 11.13 78.225
50 17.0012 84.3349 11.37 80.124

Average 17.9153 84.0533 12.16 78.5208
Standard deviation 0.8336 0.5867 1.1491 3.8428

Table 14. The obtained HC and power loss reduction at different number of scenarios.

Optimizer Year HC (%) RPloss(%) Average Time

NSGA-II 2002 18.0870 83.3078 5.3130
MOPSO 2002 14.0500 81.8070 6.2609
MOFPA 2014 12.3543 81.1698 4.0531

MOMVO 2017 12.3953 72.8587 2.6988

Table 15. A comparison with previous works based on system’s performance indices for the 83-node
distribution network.

Index Initial [15] [41] [44] Proposed

HC (%) 0 N/A 60.71 N/A 17.9875
Power loss (kW) 532.0 469.9 N/A 471.1 104.718

Min voltage (p.u.) 0.929 0.953 0.951 0.952 0.9589
DGs uncertainty consideration No N/A No N/A Yes
Load uncertainty consideration No N/A Yes N/A Yes

Table 16. A comparison with previous works based on system’s performance indices for the 415-node
distribution network.

Index Initial [15] [15] [45] Proposed

HC (%) 0 N/A N/A 58.68 17.7173
Power loss (kW) 2660.0 2350.7 2359.9 1534.3 677.4488

Min voltage (p.u.) 0.929 N/A N/A 0.951 0.9511
DGs uncertainty consideration No N/A N/A No Yes
Load uncertainty consideration No N/A N/A Yes Yes

Table 17. A comparison with previous works based on system’s performance indices for the 880-node
distribution network.

Index Initial [16] [17] Proposed

HC (%) 0 N/A N/A 18.0692
Power loss (kW) 1496.4 461.0 461.4 98.065

Min voltage (p.u.) 0.956 0.992 0.982 0.9511
DGs uncertainty consideration No N/A N/A Yes
Load uncertainty consideration No N/A N/A Yes

5. Conclusions and Future Works

In this paper, a novel optimization approach was deployed in the form of multi-
objective bilevel optimization for maximizing both the HC and the losses reduction percent-
ages using a graphically based DNR mathematical approach. Five distribution networks
were tested for accommodating WT and PV while considering solar, wind, and load
uncertainties. In comparison with the previous works [15–17,41,45] used to improve the op-
erational indices of the studied distribution systems, the proposed optimization approach
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via allocating WT/PV succeeded in minimizing the total active loss of the 83-, 415-, and
880-node distribution networks by 80.7985%, 74.5320%, and 93.5010%, respectively. Fur-
thermore, the voltage profiles shown in Figures 15 and 16 reinforce the obtained outcomes
from using DNR along with WT/PVs allocation and ensures the ability of the proposed
strategy to keep the voltage within its permissible limits. The proposed optimization
approach succeeded in maximizing the HC, and the power loss reduction for the studied
distribution networks by greater than 17% and 74%, respectively. The advantages of this
work were the effectiveness of applying DNR to maximize the HC of real/large distribution
networks while considering DGs uncertainties and also improving the system’s operational
indices and enhancing loss reduction. Other points that were not under the scope of this
work and will be addressed in future works are the reliability evaluation of the obtained
configurations via system average interruption frequency index (SAIFI), system average
interruption duration index (SAIDI), and other reliability indices and considering other
power quality issues that affect the HC of the distribution systems. Future works will
consider the allocation of multi-terminal SOPs [46] and various energy storage types [47]
along with DNR for increasing the HC of the studied distribution systems while ensuring
an effective protective scheme [48]. Besides, reliability will be considered in the possible
works [49–51] to provide a reliable configuration for unbalanced large/real distribution
networks. Furthermore, power quality enhancement strategies will be considered while
considering compliance with the IEEE standards [52].
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Nomenclature
Input Data and Indices
AVDI Aggregated voltage deviation index
AVDIs Aggregated voltage deviation index at the sth scenario
AVDIov Overall aggregated voltage deviation index for all scenarios
Bnode The set of nodes
Bline The set of lines
FVSI Aggregated fast voltage stability index
FVSIs Aggregated FVSI for all distribution system lines at the sth scenario
FVSIb,s FVSI of the bth line at the sth scenario
FVSIov Overall aggregated fast voltage stability index for all scenarios
G Solar irradiance
Gstd Standard solar irradiance
Gs Solar irradiance at the sth scenario∣∣Ib,s

∣∣ Magnitude of the branch current flowing in the bth branch at the sth scenario
LLs Loading level at the sth scenario
LBI Load balancing index
LBIb,s LBI at the sth scenario for the bth line
LBIs Aggregated LBI for all lines at the sth scenario
LBIov Overall LBI for all scenarios
Ns Total number of scenarios
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PHC Probabilistic hosting capacity
Pk + Qki Apparent power injected to the kth node
PL

k + QL
k i Load’s apparent power connected to the kth node

ps Probability of the sth scenario
Ploss Probabilistic total active loss for all the studied scenarios
P0

loss Total power loss at the normal loading conditions
Pslack

s Active power delivered by the substation at the sth scenario
Rc Specific irradiance threshold
rb + xbi Impedance of the bth line
RPloss Total power loss reduction
Smax

PV Maximum capacity of the installed PV
Srated

WT Maximum capacity of the installed WT
Vk Nodal voltage at the kth node∣∣Vk,s

∣∣ Magnitude of the kth node at the sth scenario
Vmin Lower nodal voltage limit
Vmax Upper nodal voltage limit
vrated WT rated speed
vcut−in WT cut-in speed
vcut−out WT cut-out speed
vs Wind speed at the sth scenario
xb,s Reactive component of the bth line impedance
Zb,s Impedance of the bth line at the sth scenario
Decision variables of the upper-level optimization
PDG−PV

uPV ,s Actual penetration of a PV DG at the sth scenario
PDG−WT

uWT ,s Actual penetration of a WT DG at the sth scenario
SWT−size

uWT
Size of the installed WT at the uWT node

SPV−size
uPV

Size of the installed PV unit at the uPV node
Decision variables of the graphically based DNR (lower-level optimization)
Xbest

rec Binary vector indicates the best open/close status of the distribution network tie-lines
Xtemp

rec Temporary binary vector indicates open/close status of the network tie-lines
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