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Abstract. Recently, the integration of Renewable Energies Sources (RES) into
Smart Distribution System (SDS) has become one of the best solutions to ensure
balance between production and consumption of electric energy. This is
attributed to the numerous advantages of this integration such as minimizing
power losses, improving the voltage profile as well as minimization of CO2
emissions. In this paper, a new algorithm known as Slime Mould Algorithm
(SMA) is used to solve the problem of integrating Distributed Generators
(DGs) into the SDS based on photovoltaic solar sources and wind turbine
generators. This is performed while considering the uncertainty of energy
delivered by the DG as well as the variation of load demand in 24 h. The
proposed SMA algorithm is applied to obtain the optimal location and size of
DGs units, where a unit or two are considered. The objective is to optimize
Active Power Loss (PLoss), Voltage Stability Index (VSI), Short Circuit Level
(SCL), and Annual Losses Cost (ALC). The efficiency of the algorithm is
validated using a test case which is IEEE 33-bus SDS.

Keywords: Renewable Energy Source (RES) � Distributed Generation (DG) �
Smart Distribution System (SDS) � Optimal allocation � Load Demand
Uncertainty (LDU) � Day scheduling � Slime Mould Algorithm (SMA)

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2021
M. Hatti (Ed.): ICAIRES 2020, LNNS 174, pp. 391–404, 2021.
https://doi.org/10.1007/978-3-030-63846-7_37

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-63846-7_37&amp;domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-63846-7_37&amp;domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-63846-7_37&amp;domain=pdf
https://doi.org/10.1007/978-3-030-63846-7_37


1 Introduction

The extensive use of renewable energy resources and the active protection of the
environment have promoted the rapid development of DGs. Due to the increasing
penetration of DGs in distribution networks, it becomes crucial to determine the
capacity and the optimal location of DGs to minimize investment, environmental
impact, and network loss while maximizing benefits [1, 2]. The optimal allocation of
DG in Smart Distribution System (SDS) plays an important role in maximizing the
benefit in terms of reduction of network losses, improvements of voltage profile, and
network reliability [3]. In most of the planning models, DG allocation in a SDS is done
using deterministic load demand and DG generation. Generally, the peak load demand
of each node and maximum capacities of each DG unit is used to determine the benefit
of DG allocation [4]. The DG allocation is always subject to some errors because of the
uncertainty and inherent variability in load demand, and RES based DG such as solar
irradiation, and wind speed. These factors are summarized into two categories, which
are Load Demand Uncertainty (LDU) and DG Uncertainty (DGU).

A number of research papers which reported on DG allocation under uncertainties
and a state-of-art review are available in [5]. Concerning the process of optimizing the
location, there are many uncertainties involved that need to be addressed, such as the
impact of randomness, volatility of DG, and load uncertainty on the power flow and
network loss in SDS [6].

In recent literature, numerous optimization algorithms were developed by
researchers to address the allocation problem based on optimization techniques, such as
the Applied Particle Swarm Optimization (PSO) algorithm to minimize the active
energy loss in [7], Modified Personal Best PSO (MPBPSO) algorithm for cost mini-
mization of the micro-grid in [8], Mixed Discrete based PSO (MDPSO) algorithm to
minimization are the combinations of active power loss, voltage deviation, and the DG
operation cost in [9], Cat Swarm Optimiser (CSO) algorithm to reduce voltage fluc-
tuations to maintain voltage profile resulted from DG uncertainty within its permissible
limits in [10], Artificial Immune Algorithm (AIA) to minimize the cost of energy losses
and applied in practical Portugal SDS 417-bus in [11], Teaching Learning Based
Optimization (TLBO) algorithm to minimize the voltage uncertain range in [12],
Gravitational Search Algorithm (GSA) to minimize power loss with hybrid energy
sources in [13], Enhanced Moth-Flame Optimization (EMFO) algorithm for mini-
mizing the total generation costs and emission under abnormal operation mode in [14],
and applied Chaotic Sine Cosine Algorithm (CSCA) to minimize the total active power
loss, total voltage deviation, and voltage stability index in [15].

Slime Mould Algorithm (SMA) is inspired by the oscillation mode of slime mould
in nature. The proposed SMA has several new features with a unique mathematical
model that uses adaptive weights to simulate the process of producing positive and
negative feedback of the propagation wave of slime mould. This process is based on
bio-oscillator to form the optimal path for connecting food with acceptable exploratory
ability and exploitation propensity of slime mould [16].

In this paper, SMA algorithm is applied to optimally integrate DG units into IEEE
33-bus SDS based on multiple PV-DG and WT-DG considering the uncertainties of

392 M. Zellagui et al.



load demand and DGs along the day. The proposed SMA is selected to optimize the
Active Power Loss (PLoss), Voltage Stability Index (VSI), Short Circuit Level (SCL),
and Annual Losses Cost (ALC) for 24 h, In addition to the basic case which is the first
scenario, four other scenarios are achieved, the second and third scenarios represent the
integration of a single PV-DG unit and another WT-DG unit. The third and fourth
scenarios represent the integration of two PV-DGs and two WT-DGs. The main reason
of studying these proposed scenarios is to show the impact of the integration of
multiple DGs into SDS taking into account the uncertainties of DGs and loads to make
the study more realistic.

2 Load Demand Uncertainty and Output Power of DG

2.1 Load Demand Uncertainty

Themodel of load demand uncertainty is represented by the following equations [10–15]:

PkðtÞ ¼ kðtÞ � Pok ð1Þ

QkðtÞ ¼ kðtÞ � Qok ð2Þ

where, k is the load power demand parameter, Pk is the active power and Qk is the
reactive power injected at bus k, Pok is the active load power, and Qok is the reactive
load power at rated voltage at bus k.

2.2 Calculation of PV Module Output Power

The output power of the PV module is dependent on the solar irradiance and ambient
temperature of the site as well as the characteristics of the module itself. Therefore,
once the Beta Probability Density Function (PDF) is generated for a specific time
segment, the output power during different states is calculated for this segment using
the following equations [17, 18]:

PPV0ðsÞ ¼ N � FF � Vy � Iy ð3Þ

where,

FF ¼ VMPP � IMPP

Voc � Isc
ð4Þ

Vy ¼ Voc � Kv � Tcy ð5Þ

Iy ¼ s Isc þKi � Tcy � 25
� �� � ð6Þ

Tcy ¼ TA þ s
NOT � 20

0:8

� �
ð7Þ
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where, N is the number of modules, Tcy and TA are the cell and ambient temperatures
(°C), respectively, Kv and Ki are the current and voltage temperature coefficients (A/°C
and V/°C), respectively. NOT is the nominal operating temperature of cell (°C), FF is
the fill factor, Voc and Isc are the open-circuit voltage (V) and short-circuit current (A),
respectively. VMPP and IMPP are the voltage and current at maximum power point,
respectively. The ambient temperature is assumed to be 30.76 °C.

2.3 Calculation of Wind Turbine Output Power

The output power of a wind turbine is dependent on the wind speed at the site as well as
the parameters of the power performance curve. Therefore, once the Rayleigh PDF is
generated for a specific time segment, the output power during different states is
calculated for this segment using the following equation [17, 19]:

PWTðvÞ ¼
0 0� v� vci
Prated � ðv�vciÞ

ðvr�vciÞ vci � v� vr
Prated vr � v� vco
0 vco � v

8>><
>>: ð8Þ

where, vci, vci, and vco are cut-in speed, rated speed, and cut-off speed of the wind
turbine, respectively. PWT is the output power of the WT generator, and v is the average
wind speed over each period, which is considered as one hour in this study.

3 Problem Formulation

3.1 Multi-objective Functions

In this paper, the proposed Multi-Objective Functions (MOF) aims to solve the
problem of finding the optimal allocation of DG units, through minimizing the four
parameters of PLoss, VSI, SCL, and ALC on all simultaneously, which can formulate as
follows:

MOF ¼ Min
X24
t¼1

XNbus
i¼1

XNbus
j¼2

Pt
Lossði; jÞþ

1
VSItðjÞ þ SCItðjÞþALCtði; jÞ

� 	
ð9Þ

The first parameter PLoss of the distribution line connecting bus i to bus j is represented
by the following equation [10–20]:

PLossði; jÞ ¼ Rij

ViVj
cos di � dj

� �
PiPj þQiQj
� �þ Rij

ViVj
sin di � dj

� �
QiPj þPiQj
� � ð10Þ

where, t is the time in hours, Nbus is the number of branches, and Rij is the resistance of
line. (Vi, di) and (Vj, dj) are the voltage magnitudes and angles at buses i and j,
respectively. (Pi, Qi) and (Pj, Qj) are the active and reactive powers at buses i and j,
respectively.
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The bus for which the value of the VSI is poor is subject to voltage collapse. The
equations used to formulate this index and to solve the load flow of the distribution
system are as follows [15, 21]:

VSIðjÞ ¼ Vij j4�4: PjXij � QjRij
� �2�4: PjRij þQjXij

� �
Vij j2 ð11Þ

The third term is the Short Circuit Level (SCL) in VA can be defined as [22, 23]:

SCLðjÞ ¼ V2
j

Zij
ð12Þ

Then, the Annual Losses Cost (ALC), which depends on the active power loss, can be
calculated as follows [24]:

ALCði; jÞ ¼ PLossði; jÞ � KP � T ð13Þ

Where, KP is the incremental cost of power loss is equal 0.06 $/kW, and T is the
number of hours per year is equal 8760 h.

3.2 Equality Constraints

Equality constraints are represented by the following power balance equations [8–15]:

PG þPDG ¼ PD þPLoss ð14Þ

QG þQDG ¼ QD þQLoss ð15Þ

where (PG, QG) are the total active and reactive power of the generator (sub-station),
respectively; PDG is total active power of DG; QDG is the total reactive power injected
by DG. (PD, QD) are the total active and reactive power of demand load, respectively.
(PLoss, QLoss) are the total active and reactive power losses, respectively.

3.3 Inequality Constraints of Distribution Line

Inequality constraints are represented for the distribution line ij as follows [6–13]:

Vmin � Vij j �Vmax ð16Þ

V1 � Vj



 

�DVmax ð17Þ

Sij


 

� Smaxj j ð18Þ

where (Vmin, Vmax) are the minimum and maximum voltages specified; V1 is the voltage
at the sub-station, which is equal to 1.0 p.u. DVmax is the maximum voltage drop at each
branch. Sij is the apparent power flow in ij branch that links bus i to bus j. Smax is the
maximum apparent power.
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3.4 Inequality Constraints of DG Units

Inequality constraints represent the limits of the DG units, which can be given as [18–25]:

Pmin
DG �PDG �Pmax

DG ð19Þ

Qmin
DG �QDG �Qmax

DG ð20Þ

XNDG

i¼1

PDGðiÞ�
XNbus

i¼1

PDðiÞ ð21Þ

XNbus

i¼1

QDGðiÞ�
XNbus

i¼1

QDðiÞ ð22Þ

2�DGPosition �NBus ð23Þ

NDG �NDG:max ð24Þ

nDG;i=Location� 1 ð25Þ

PFmin
DG �PFDG �PFmax

DG ð26Þ

PFDG ¼ PDGffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
P2
DG þQ2

DG

p ð27Þ

where (PDG
min, QDG

min, PDG
max, QDG

max) are the minimum and maximum active and reactive
power output limits of DG, respectively. DGPosition is the position of DG units. NDG is
the number of DG units. NDG.max is the maximum number of DG units to be used, and
nDG,i is the location of DG units at bus i; PFDG is the power factor of DG unit at each
bus.

In the case of PV, the DG source only delivers active power as the PF is equal to
unity. However, in the case of WT, the source delivers active and reactive powers.

4 SMA Algorithm (SMA)

In this section, the mathematical model and SMA algorithm proposed will be described
in details [16].

4.1 Approach Food

To model the approaching behavior of slime mould as a mathematical equation, the
following rule is proposed to imitate the contraction mode:
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Xðtþ 1Þ�����! ¼ XbðtÞ
��!þ vb

!� W
!� XAðtÞ

���!� XB tð Þ���! �
; r\p

vc!� XðtÞ��! � r[ p

8<
: ð28Þ

where vb is a parameter with a range of [−a, a], vc decreases linearly from one to zero.
t represents the current iteration, Xb represents the individual location, X represents the
location of slime mould, XA and XB represent two individuals randomly selected from
the swarm, W is the weight of slime mould. The formula of p is as follows [16]:

p ¼ tanh S ið Þ � DFj j ð29Þ

where S(i) represents the fitness of X, DF represents the best fitness obtained in all
iterations. The formula of vb is as follows:

vb
!¼ �a; a½ � ð30Þ

a ¼ arctan h � t
t max

� �
þ 1

� �
ð31Þ

The formula of W is listed as follows:

W SmellindexðiÞð Þ�����������! ¼
1þ r � log bF�S ið Þ

bF�wF þ 1
 �

; condition

1� r � log bF�S ið Þ
bF�wF þ 1

 �
; others

8<
: ð32Þ

Smellindex ¼ sort Sð Þ ð33Þ

where condition indicates that S(i) ranks first half of the population r denotes the
random value in the interval of [0, 1], bF denotes the optimal fitness obtained in the
current iterative process, wF denotes the worst fitness value obtained, SmellIndex
denotes the sequence of fitness values sorted (ascends in the minimum value problem).

4.2 Wrap Food

The mathematical formula for updating the location of slime mould is as follows [16]:

X��! ¼
rand � UB� LBð Þþ LB; rand\z

XbðtÞ
��!þ vb

!� W
!� XAðtÞ

���!� XBðtÞ
���! �

; r\p

vc!� XðtÞ; r� p
�������!

8><
>: ð34Þ

where LB and UB denote the lower and upper boundaries of the search range.
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5 Test System, Results and Comparison

The proposed SMA algorithm is applied to the IEEE standard test system to evaluate
the integration of multiple renewable DGs based PV and WT sources. The SMA
algorithm has been developed using MATLAB 2017.b and simulations are performed
on a computer of CPU Intel Core i5-5257U, 2.7 GHz, and 8 GB RAM.

The test system used in this study is the standard IEEE 33-bus SDS represented in
Fig. 1, which is composed of 33 busses, 32 lines and branches with the base voltage, is
12.66 kV.

In the SDS test system, the following scenarios are considered to obtain the most
suitable planning model and analyze the effectiveness of the proposed algorithm:

Scenario 1: Base case, SDS without renewable DG units,
Scenario 2: Optimized SDS planning with one PV-DG unit,
Scenario 3: Optimized SDS planning with one WT-DG unit,
Scenario 4: Optimized SDS planning with two PV-DGs, and
Scenario 5: Optimized SDS planning with two WT-DGs.
The characteristics of a PV module and WT generator used in this paper are shown

in Tables 1 and 2, respectively.

Fig. 1. Single line diagram of standard IEEE 33-bus SDS.

Table 1. Characteristics of the PV module.

PV module characteristics Value

Nominal cell operating temperature, NOT (°C) 43

Current at maximum power point, IMPP (A) 7.76

Voltage at maximum power point, VMPP (V) 28.36

Short circuit current, Isc (A) 8.38

Open circuit voltage, VOC (V) 36.96

Current temperature coefficients, Ki (A/°C) 0.00545

Voltage temperature coefficients, Kv (V/°C) 0.1278

Table 2. Characteristics of the WT generator.

WT generator characteristics Value

Generator type DFIG
Rated power (kW) 2300
Cut-in wind speed (m/s) 4
Cut-out wind speed (m/s) 25
Rated wind speed (m/s) 14
Number of blades 3
Rotor diameter/Hub height (m) 93/80
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Figure 2 shows 20 iterations of the convergence curve for the MOF minimization,
where the best execution results are plotted in red. As shown in the figure, the algo-
rithm converges quickly within 100 iterations, the algorithm shows quick convergence,
and it can be observed that all solutions are close to the best solution.

For solving this problem, SDS is assumed to follow a daily load power demand
curve as shown in Fig. 3. The power outputs of PV and WT-based DG are assumed to
follow the nominalized average output curve shown in Fig. 4.

Table 3 shows the parameters of multiple DGs and optimization results before and
after the integration of PV-DG and WT-DG for 24 h.

Fig. 2. Convergence characteristic of SMA algorithm: a). PV-DG, b). WT-DG.

Fig. 3. Daily load power demand curve. Fig. 4. Renewable daily DG Profile.

Table 3. Optimization results before and after the integration of DGs.

DG type DG
number

DG bus PDG (kW) PFDG
P

PLoss

(kW)

P
QLoss

(kVar)

P
SCL

(MVA)

P
Vmin

(p.u.)

P
VSI

(p.u.)

P
ALC

(M.$)

Basic case – – – 3557.0607 2412.2452 213636.331 22.1088 646.5337 1.8696

PV-DG 1 DG 7 2847.8 1.000 2603.3094 1824.3591 217524.356 22.4743 672.6181 1.3683

2 DGs 13–30 709.3–961.4 1.000–1.000 2491.2307 1687.1638 217119.663 22.5465 670.6248 1.3094

WT-DG 1 DG 6 2119.1 0.8237 1830.7739 1334.4441 219363.090 22.6257 684.2805 0.9623

2 DGs 13–30 682.6–1031.9 0.8825–0.8000 1339.41550 904.3355 220873.813 22.9761 697.3223 0.7040
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As reported in Table 3, the total PLoss, QLoss, and ALC of SDS before the inte-
gration of DGs in 24 h are 3557.0607 kW, 2412.2452 kVar, and 1.8696 M.$. These
values are reduced by 26.8129%, 24.3709%, and 26.8132%, after installing one PV-
DG unit at bus 7 with a maximum output active power of 2847.8 kW. The actual
values of those quantities are 2603.3094 kW, 1824.3591 kVar, and 1.3683 M.$,
respectively. The total SCL and VSI are also maximized from 21363.6331 MVA and
646.5337 p.u. to 21752.4356 MVA and 672.6181 p.u., respectively.

Two PV-DGs with maximum output active power up to 709.3 kW and 961.4 kW
are located at two different locations, which are buses 13 and 30, respectively. The total
PLoss, QLoss, and ALC were reduced to 2491.2307 kW, 1687.1638 kVar and 1.3094 M.
$. Furthermore, SCL and VSI are maximized to 21711.9663 MVA, and 670.6248 p.u.,
respectively. On the other hand, one WT-DG with generated active power of up to
2119.1 kW and power factor equal to 0.8237 is located at bus 6. The WT-DG reduces
PLoss, QLoss, and ALC to 1830.7739 kW, 1334.4441 kVar and 0.9623 M.$. It also
maximizes SCL and VSI to 21936.3090 MVA, and 684.2805 p.u., respectively.

From the results of using two WT-DGs, it is observed that the best results are
obtained in this case. Best locations for the WT-DG units are the same as in the case of
using two PV-DGs, i.e., at bus 13 and 30. The output of each WT-DG is 682.6 kW and
1031.9 kW with power factors of 0.8825 and 0.8000, respectively. In this case, PLoss,
QLoss, and ALC are minimized to 1339.41550 kW, 904.3355 kVar, and 0.7040 M.$.
When comparing these values with those of the basic case, they are reduced by
62.3448, 62.5106, and 62.3448%. Similarly, VSI and SCL are maximized to
22087.3813 MVA, and 697.3223 p.u., respectively.

The total PLoss and Vmin in SDS for 24 h considering load demand and DG
uncertainties in all case studies are represented in Fig. 6a. The total SCL, VSI, and ALC
are represented in Figs. 6b, c, and d, respectively.

From the load demand curve in Fig. 3, the consumption increases by 90% after
9:00 and decreases to less than 90% after 22:00. During this period, PLoss, SCL, VSI,
and ALC profiles follow the load curve and their values are raised by 90% of their
initial values during this period.

From Figs. 5, the PV-DG can provide energy from approximately 5:00 until 22:00
and during this period; the power injected from PV-DG contributes to minimizing the
total PLoss and ALC, and maximizing SCL and VSI. The peak of load demand is
between 10:00 and 16:00. During this peak period, PV-DG injects the maximum power
which contributes to the maximum reduction of PLoss and ALC, and maximizing SCL
and VSI. The best result is recorded at 13:00 after the integration of two PV-DGs,
which in fact is the hour of maximum PV-DG output.
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Moreover, PLoss, SCL, VSI and ALC curves follow the WT-DG output curve for
24 h. The best results are obtained while having two WT-DGs, where the best PLoss,
SCL, VSI, and ALC are obtained within the period of 13:00 to 19:00. The maximum
output occurs at 16:00, which contributes to the best minimization of PLoss and ALC,
and best maximization of SCL and VSI. Unlike PV-DG, WT-DG has two features, the
first is its generating output powers during 24 h and secondly, its ability to provide both
active and reactive powers. Because of this, the best curves are obtained after the
integration of WT-DGs.

Fig. 5. Optimal results with the integration of renewable DG units.
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The bus voltage profile for 24 h time-varying load in the following cases: the base
case (without DG), the installation of two PV-DGs, and with the installation of two
WT-DGs in SDS are represented in Figs. 6a, b, and c, respectively.

From Fig. 6a, it is noted that the voltage profile of the basic case has the minimum
values. The worst profiles are recorded between 10:00 and 19:00, and the minimum
voltage value is at bus 18, which is close to 0.9 p.u. From Fig. 6b, the installation of
two PV-DGs provides an improvement for all profiles.

For example, the minimum voltage at bus 18 is raised to 0.91 p.u. The worst
profiles mentioned in the base case are no longer happening between 10:00 and 19:00
in this case. During this interval, the PV-DGs have their best performance, while the
worst profiles happen between 20:00 and 23:00. On the other hand, using two WT-DGs
provides more improvement, as shown in Fig. 6c. The minimum voltage at bus number
18 is improved as it becomes 0.93 p.u. In general, all profiles for the 24 h have
improved and the worst profiles are obtained between 22:00 and 23:00.

6 Conclusions

In this paper, a relatively new optimization algorithm called SMA has been applied to
determine the optimal allocation of single and multiple DGs based on PV and WT
sources. This has been performed to IEEE 33-bus SDS as a test case, while taking into
account the load demand and the power output of DG uncertainties during every hour
of the day.

This implementation is carried out for the purpose of improving system perfor-
mance by optimizing various technical and economic parameters. The results obtained
show the advantages of using DGs, which lead to improving voltage profiles, and
increasing SCL. Furthermore, we observed the direct impacts of DG, load demand
uncertainties and the number of DG units installed on the parameters of the distribution
system. The integration of WT-DGs showed superiority over using PV-DGs in
improving SDS performance. Finally, the results foster further investigations on these
topics and their future application to practical networks which can lead to an even more

Fig. 6. Voltage profile for 24 h time-varying load: a). Without DGs, b). With two PV-DGs,
c). With two WT-DGs.
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improved performance of SDS. Therefore, future work will involve the formulation of
the combined planning of DG and electric vehicles scheduling problems for abnormal
operating scenarios for a longer period and in different sessions of the year.
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