
Application of Novel Evolutionary Algorithms for
Analyzing the Impact of Integrating Renewables on

the Adequacy of Composite Power Systems

P. A. Gihan M. Amarasinghe
Dept. of Electrical Engineering

University of Moratuwa
Moratuwa, Sri Lanka

ra-gihan@uom.lk

Saranga K. Abeygunawardane
Dept. of Electrical Engineering

University of Moratuwa
Moratuwa, Sri Lanka

sarangaa@uom.lk

Chanan Singh
Dept. of Electrical and Computer Engineering

Texas A&M University
College Station, TX 77843, USA

singh@ece.tamu.edu

Abstract—Wind and solar integration into power systems has
become a popular trend since the last decade. Therefore, the
adequacy evaluation of power systems tends to be a computa-
tionally challenging task due to variations of renewable power
generation. Recently, more computationally efficient evolutionary
algorithms and swarm intelligence-based methods are utilized
for evaluating the adequacy of power systems. In this paper, the
authors have proposed a wind and solar integrated composite
system adequacy evaluation framework using an Evolutionary
Swarm Algorithm (ESA). The system failure states which have a
higher probability of occurrence are explored using the ESA to
estimate the adequacy indices of the system. The wind and solar
power generation are modeled using a clustering-based method
considering their annual effective power output. Moreover, the
correlation between the system load and renewable power genera-
tion is also modeled in the adequacy evaluation framework. Using
the proposed framework, several case studies are conducted
on the IEEE Reliability Test System to analyze the impact of
integrating renewables on the adequacy of composite systems.
The results show that wind generation tends to improve system
reliability than solar due to its higher availability. In addition,
the equivalent capacities of wind and solar generators are found
to be 125MW and 215MW w.r.t 50MW hydro generator.

Index Terms—renewables, wind and solar integration, com-
posite system adequacy, evolutionary swarm algorithm, power
system reliability

I. INTRODUCTION

Worldwide electricity consumption is continuing to increase
further as a result of growing demand for electrified trans-
portation, household electricity consumption, and industrial-
ization [1]. Therefore, power systems are often upgraded to
satisfy the anticipated electricity demand. However, due to
global warming concerns, many countries tend to increase
the renewable energy share in power grids. The integration
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of both conventional and non-conventional generators and
transmission lines to existing power systems significantly
affects the process of system adequacy evaluation which is
needed for system planning and operation.

Power system adequacy evaluation quantifies the system’s
ability to satisfy consumer demand. Three different Hier-
archical Levels (HLs) of system adequacy assessment are
defined considering the generation, transmission, and distri-
bution subsystems [2]. HL1 and HL2 adequacy assessments
are conducted for generation, and composite generation and
transmission systems, respectively. HL3 adequacy studies are
conducted on the entire power system, which consists of
generation, transmission, and distribution subsystems. How-
ever, to minimize the complexity and computational cost of
the problem, HL3 assessment is generally conducted on the
distribution subsystem alone [2]. This work focuses on HL2
adequacy assessment of power systems.

Adequacy evaluation of modern renewable rich power sys-
tems has become a complicated task due to two main reasons.
Firstly, the capacity of power systems tends to be significantly
increased over the years to cater the rising electricity demand.
Thus, the size of the system state space is exponentially
increased. Therefore, state sampling and evaluation procedures
need a substantial amount of computational time. Secondly,
the integration of renewables such as wind and solar further
increases the number of system states in the state space,
because the intermittent nature of wind and solar leads to
variations in the renewable power generation within a wide
range. Hence, the conventional power system adequacy eval-
uation methodologies such as Monte Carlo Simulation (MCS)
cannot provide estimations for system adequacy indices in an
efficient manner [3]. On the other hand, modeling of renew-
ables in MCS requires an excessive amount of computational
power [4].

Recently, Population-based Intelligent Search (PIS) methods
are successfully utilized for the adequacy evaluation of gener-
ation and composite systems [5]–[10]. The nature of biological978-1-6654-8786-3/22/$31.00 ©2022 IEEE



or social systems has inspired the guided probabilistic explo-
ration of PIS methods such as Genetic Algorithms (GA) and
Particle Swarm Optimization (PSO). The aforementioned PIS
methods are widely used in optimization problems. However,
instead of reaching for a single optimum solution, PIS methods
can be utilized to search for either system success or failure
states. When PIS methods are utilized for searching system
success states [5], [6], the success states are pruned from the
system state space. Then, the MCS is executed on the rest
of the system state space. After that, the system adequacy
indices are estimated using both pruned success states and
MCS results. On the other hand, when PIS is utilized to
search for the system failure states, the adequacy indices are
straightly estimated from the explored set of failure states
without utilizing the MCS [7]–[10]. This paper focuses on
the latter approach to evaluate the adequacy of renewable-rich
composite systems.

In [7], GA, Ant Colony Optimization (ACO), Artificial
Immune Systems (AIS), and Binary Particle Swarm Optimiza-
tion (BPSO) algorithms are utilized to search for the most
probable generation system failure states. Then, the system
adequacy indices are estimated using the probabilities of the
failure states and respective load curtailments. In [8], an
Evolutionary Particle Swarm Optimization (EPSO) algorithm
is used to evaluate the generation system adequacy. EPSO is
an evolutionary algorithm with an adaptive recombination op-
erator inspired by the “movement rule” of PSO. The adequacy
of composite systems is evaluated in [9] using a state-space
classification technique and particle swarm optimization search
method. A more effective and efficient PIS algorithm called
Evolutionary Swarm Algorithm (ESA) is proposed in [10].
The ESA addresses the limitations of BPSO and GA which
are inherent in the application of power system adequacy
evaluation. The ESA is used to evaluate the adequacy of
composite systems and it outperforms the GA and BPSO.
However, renewables such as wind and solar are not integrated
into the reliability test systems in [9], [10].

Previously proposed PIS methods that are applied to the
composite systems lack renewable power modeling [9],
[10]. The chronological renewable power model used for
the generation system adequacy evaluation in [7] cannot be
utilized in composite systems due to the time-consuming state
evaluation process that requires an Optimal Power Flow (OPF)
analysis. Hence, the integration of renewables such as wind
and solar to the composite systems requires a novel renewable
power modeling method that can be incorporated into the PIS
methods. Moreover, the impact of renewable power models on
the state evaluation process should be minimized in order to
retain the computational efficiency of the PIS algorithm.

In this paper, a novel ESA-based framework is proposed
for evaluating the adequacy of wind and solar integrated
composite systems. The wind and solar power generation
are modeled using the annual effective renewable power
generation data considering the intraday renewable power
variations. Then, the proposed renewable power generation
models are integrated into the ESA for evaluating the ade-

quacy of renewable integrated power systems. The correlation
between the system load and renewable power generation is
modeled in the adequacy evaluation framework. Then, case
studies are conducted using IEEE Reliability Test System
(RTS) and the proposed methodology is validated using the
results of MCS. Finally, the impact of integrating renewables
on the adequacy of composite power systems is analyzed for
different penetration levels of wind and solar. The equivalent
capacities of wind and solar generation are quantified in
terms of conventional generating capacity to investigate the
contribution of renewables to the composite system adequacy.
The adequacy evaluation framework is executed in a parallel
processing environment to reduce the computational time.

This paper is organized as follows. Section II describes the
wind and solar integrated ESA-based composite system ade-
quacy evaluation framework. In section III, several case studies
are conducted on the IEEE RTS to identify the impact of
renewable integration on the adequacy of composite systems.
Furthermore, the results of the case studies are discussed in
the same section. Conclusions are given in section IV.

II. EVOLUTIONARY SWARM ALGORITHM AND MODELING
OF WIND AND SOLAR GENERATION.

A. Evolutionary Swarm Algorithm.

In composite systems, a system state comprises the status
of generators and transmission lines. The generators and trans-
mission lines can be modeled using 2-state Markov models.
Hence, each system component has two states: unit up and
unit down. Therefore, a system state can be represented by a
binary array that shows the status of each component (0 or 1)
in the array cells. The structure of a system state is illustrated
in Fig. 1 [10]. Identical components are considered together to
reduce the complexity of the state array-related calculations.

Fig. 1. Composite system state representation in PIS methods [10].

Generally, PIS methods are used for solving linear and
nonlinear optimization problems. However, in the application
of power system adequacy evaluation, PIS methods are utilized
for finding out a set of most probable system failure states
instead of a global optimum. Hence, the existing artificial
intelligence based optimization methods such as GAs and
BPSO should be modified to obtain the best performance in
power system adequacy evaluation.

In evolutionary algorithms, the optimization problem is ad-
dressed by iteratively applying different evolutionary operators
such as selection, crossover, and mutation on a randomly
generated solution population. Evolutionary algorithms are in-
spired by biological evolution with the philosophy of “survival
of the fittest” [12]. In BPSO, a randomly generated solution
population (swarm particles) is guided to the optimum solution
according to the position and velocity of each swarm particle.



The velocity of a particle is calculated using the locally known
best position of the particle and the globally known best
position of the population. Hence, BPSO is inspired by the
philosophy of “following the leader” [12].

In [10], the adequacy of composite systems is evaluated
using a novel ESA which minimizes the limitations of both
GAs and BPSO in adequacy evaluation of power systems.
The ESA consists of two main random guiding operations:
selection and dynamic mutation.

In state selection procedure, the system states that have
relatively high fitness values are selected for generating a new
population. The probability of a system state is commonly
used as the state fitness. The Roulette Wheel Selection (RWS)
method is used in the ESA [10].

The dynamic mutation operator introduces PSO features
into the ESA. It provides variable mutation probabilities for
each system state that helps to find out the most probable
system failure states rapidly. The mutation probability of ath

component at N + 1th generation can be obtained using (1).

P (N+1)
a = Pm+ r(N+1) ∗ |p bestNa −XN

a | (1)

Where Pm is a constant which represents the permanent
mutation. Generally, Pm is a small value (e.g. 0.05) which
avoids the algorithm being prematurely converged. p bestNa is
the ath component’s status of the most probable system failure
state which is encountered up to the N th generation. XN

a is the
status of the ath individual component at the N th generation.
rN+1 is a random number that is generated at the N + 1th

generation, and it takes a value between 1 and 0 according
to the uniform distribution. This is used for searching new
states around p best states. This avoids the particles from
directly moving towards p best states. In the same manner,
the mutation probabilities of components are obtained for each
of the states in the population.

The status of each component of the state population is
updated according to the derived mutation probabilities using
(2). X(N+1)

a is the status of ath individual component at (N+
1)th generation. r is a uniform random number between 1 and
0.

X(N+1)
a = ¬XN

a if r < P (N+1)
a , XN

a else (2)

The ESA-based system adequacy evaluation procedure can
be described as follows.

1) A population of system states is randomly generated.
2) Individuals with higher fitness values are selected for

evaluation. The state probability is commonly used as a
fitness indicator.

3) Each selected system state is evaluated using the OPF
analysis w.r.t peak load. The system failure states are
recorded, and the fitness of success system states is
assigned to a very small value e.g. 1e-20, so that they
will be eliminated in future generations.

4) If the stopping rule is satisfied, estimate the annualized
system adequacy indices and stop the algorithm. Else,
go to the next step.

5) A new population is generated by applying selection and
dynamic mutation operations.

6) Repeat steps 2-5.
There are several criteria stated in [13] to determine conver-

gence of metaheuristic algorithms. In this work, the algorithm
is considered to be converged when the number of generations
reaches the maximum number of iterations (e.g. 1500).

DC OPF analysis is commonly used to evaluate the compos-
ite system states. It is a linear optimization problem in which
the total load curtailment is minimized. This optimization
problem is explained in detail, in [2], [10].

B. Modeling of Renewable Power Generation.

When considering the adequacy evaluation of wind and so-
lar integrated composite systems, there exist several challenges
to overcome. The main time-consuming task of the composite
system adequacy evaluation is the OPF analysis [10]. When
calculating the system annual adequacy indices, OPF analysis
should be repeatedly applied for the recorded system failure
states w.r.t the defined number of load clusters. However, if
there is no renewable integration, the load clusters can be
sorted in descending order in such a way that the first cluster
has the highest load value and the final cluster has the lowest.
Then, for each system failure state, the OPF analysis can be
started from the first load state. If the load curtailment is zero
for any load cluster, the rest of the load clusters are omitted,
and the next system failure state is considered for evaluation.
Thus, most of the time, the OPF analysis is not required
for each load cluster. The integration of renewables into the
system eliminates this advantage because of the variability
of wind and solar. Load values in one load cluster may be
correlated with different renewable power outputs. Therefore,
the system load model proposed in [10] cannot be used in this
work. Both load and renewable power generation data should
be clustered according to the intraday and seasonal variations
for preserving the correlation between the load and renewable
power generation. This increases the computational burden of
the algorithm.

In this work, the authors have used simulated wind and solar
power generation data to model renewable power generation.
There are several advantages of using the simulated wind and
solar generation data over the meteorological data such as
wind speed or solar irradiance.

1) If wind speed or solar irradiance data is used, sep-
arate mathematical models are required to obtain the
respective wind and solar power generation outputs. This
increases the computational time and the complexity of
the adequacy evaluation procedure. Pre-simulated wind
and solar power generation data eases this task.

2) The Forced Outage Rates (FORs) of wind turbines and
PV systems are considerably low. Hence, the failure
of several renewable generators is highly unlikely and
corresponding system failure states do not significantly
affect the adequacy of power systems. Moreover, wind
turbines and solar arrays provide only a fraction of total
renewable power output. Therefore, the failure of several



renewable generators does not significantly change the
overall renewable power output. Thus, if the simulated
wind or solar power generation data is available for a
location, the overall power generation of the wind or
solar farm can be directly modeled without considering
the FORs of renewable generators.

3) The length of the system state representation will be
reduced, because wind and solar generators are assumed
to be always available. Thus, pre-simulated renewable
power data reduces the computational burden of the
adequacy evaluation algorithm.

The system load and renewable power generation models
should be able to maintain the respective mutual correlation.
Hence, the structure of the load and renewable power models
should be the same. Solar power generation shows significant
diurnal variations. Therefore, the diurnal and seasonal load and
renewable power generation should be tightly correlated in the
respective models. In this work, a clustering-based load and
renewable power generation modeling approach is proposed
considering the aforementioned conditions. The annual load
curve and effective wind and solar power generation values
are used to implement the respective clustering-based models.
The structure of the clustering-based model is illustrated in
Fig. 2.

Three different clustering-based models are implemented
for representing the system load, wind generation and solar
generation. When considering the system load model, firstly,
the intraday load is clustered bihourly to obtain 12 diurnal
clusters so that each cluster consists of 730(365 × 2) load
values. Then, each bihourly data group is clustered according
to the month of the year to generate 144 number of distinctive
load clusters. The center of each cluster is used in the adequacy
evaluation and respective load probability of nth cluster Pn

can be obtained using (3).

Pn = (cluster size)/730× 1/12 (3)

Similarly, wind and solar generation data are categorized
into bihourly groups and vertically clustered according to the
months of the year. For e.g. if 1st load cluster is seleted,
then solar cluster 1 and wind cluster 1 are considered in the

Fig. 2. The structure for clustering-based load and renewable power models.

adequacy evaluation algorithm. Thus, the correlation between
the load and renewable power generation is modeled.

C. Composite System Adequacy Evaluation Framework.

The proposed load and renewable power generation models
can be integrated into the adequacy evaluation framework
proposed in [10] for evaluating the adequacy of wind and
solar integrated composite systems. In [10], it is found that
the ESA provides more accurate results in a computationally
efficient manner compared to SMCS, GA and BPSO. The
probability of ith failure state w.r.t nth load cluster i.e.
Pstatei n can be calculated using (4). The adequacy indices
such as Probability of Load Curtailments (PLC), Expected
Duration of Load Curtailments (EDLC) and Expected Energy
Not Supplied (EENS) can be estimated as follows.

Pstatei n
= Permi × Pi × Pln (4)

where Permi is the total number of permutations of the ith

system state with a probability of Pi, and Pln is the probability
of load cluster n.

PLC = PLC + Pstatei n
(5)

EDLC = PLC × 8760 (6)

EENS = EENS + LCi n × Pstatei n
(7)

where LCi n > 0 is the load curtailment of ithstate w.r.t
nth cluster.

III. CASE STUDIES AND DISCUSSION

A. IEEE Reliability Test System

In this study, the IEEE Reliability Test System [11] is
used to conduct several case studies. The RTS consists of 32
conventional generators, 38 transmission lines, and 24 buses
as illustrated in Fig. 3. The peak load of the system is 2850
MW, and the installed capacity of conventional generators
is 3405MW. This system is modified by integrating solar
and wind generation to buses 9 and 10 respectively. The
simulated solar and wind power generation data are obtained
from [14], [15] for Hambantota, Sri Lanka, and Mannar, Sri
Lanka respectively.

The annual adequacy indices are estimated in a parallel pro-
cessing environment. A computer with Intel Core i5-1135G7
Processor and 16 GB RAM is used to execute the simulations.
4 workers (cores) are parallelly employed in the simulation.

B. The Variation of Composite System Adequacy with Wind
and Solar Penetration Levels.

For the RTS, annual adequacy indices are estimated con-
sidering different wind and solar penetration levels to identify
possible reliability improvements. Wind and solar integration
levels are increased by 50 MW increments up to 200 MW
according to three scenarios: solar only, wind only, and both
wind and solar in equal capacities. Moreover, the SMCS is



Fig. 3. IEEE RTS [16].

TABLE I
ANNUAL ADEQUACY INDICES FOR DIFFERENT LEVELS OF WIND AND

SOLAR INTEGRATION

Renewable
Power (MW)

EDLC (hours/ year) EENS (MWh/ year

SMCS ESA
Diff.

%
SMCS ESA

Diff.
%

Wind 50 11.14 10.48 5.92 1172.9 1175.6 0.23
100 10.01 10.45 4.40 1025.4 1072.7 4.61
150 9.04 8.89 1.66 902.7 911.1 0.93
200 8.19 8.24 0.61 802.9 819.9 2.12

Solar

50 11.19 11.25 0.54 1167.6 1246.1 6.72
100 10.9 10.64 2.39 1157.1 1155.3 0.16
150 10.23 9.84 3.81 1084.8 1082.5 0.21
200 9.72 9.36 3.70 1025.7 1016.6 0.89

Wind
and

Solar

50 11.14 11.66 4.67 1356.5 1276.5 5.90
100 10.86 11.08 2.03 1058.3 1080.6 2.11
150 9.27 9.20 0.76 961.2 972.8 1.21
200 8.58 8.72 1.63 878 900 2.51

conducted on the same scenarios for the validation of the
proposed ESA-based adequacy evaluation framework. The
SMCS is iteratively executed for 500 years. The computational
times of the ESA and SMCS are 2.6772 hours and 7.361 hours
respectively. Table I shows the EDLC and EENS estimations
obtained by ESA and SMCS for different penetration levels
of wind and solar.

According to the results shown in Table I, the SMCS and
ESA provide approximately similar estimations for composite
system adequacy indices. Therefore, the ESA can be used to
accurately evaluate the adequacy of the composite system.

In this study, the renewables are integrated into the com-
posite system without changing the system load. Therefore,
when renewables are integrated, the reliability of the system
increases.

Due to the intraday variations of solar irradiance, the
availability of solar power is lower than that of wind power.
Therefore, the system reliability improvement provided by
wind farms is higher than that provided by solar farms of
the same capacity. when wind and solar have equal capacities,
the system reliability has improved significantly than in the
solar only scenario.

The impact of renewables on the adequacy of composite
systems depends on the effective renewable power output and
the correlation between system load and renewable power. The
effective power output of a wind turbine is greater than that
of a solar array due to the higher availability of wind. In this
study, the diurnal correlation between wind generation and
the load is -0.33. Therefore, when intraday wind power is high
the load tends to be low and vice-versa. Thus, wind generation
cannot provide the most optimum reliability improvement that
can be achieved by having a higher positive correlation with
the load. On the other hand, the diurnal correlation coefficient
of solar generation and load is found to be 0.55. Hence, solar
generation is moderately correlated with the system load.

The integration of renewables is commonly limited by trans-
mission line constraints. However, in this study, renewable
generation is not curtailed due to the transmission line capacity
restrictions because the transmission system of the RTS has
redundant capacity.

C. Equivalent Capacities of Wind and Solar Generation.
The equivalent capacities of wind and solar generators

provide an idea of the contribution of each renewable gener-
ation to the adequacy of composite power systems. Thus, the
calculation of the equivalent capacity of a renewable generator
is a method of quantifying the corresponding capacity credit.
The equivalent capacity calculation method is explained in
[17]. In this work, a hydro generator of 50 MW with FOR of
0.01 is selected as the benchmark unit. Equivalent capacities
of wind generation and solar generation are found to be 125
MW and 215MW w.r.t the benchmark unit. This implies that,
instead of a 50 MW hydro generator, 125 MW of wind
generation or 215 MW of solar generation can be added to the
IEEE RTS without changing the system reliability i.e. 125 MW
of wind capacity or 250 MW of solar capacity can provide the
same reliability improvement as a 50 MW hydro generator.

The estimation of the equivalent capacity of a renewable
generator requires numerous executions of the system ade-
quacy evaluation algorithm. The conventional SMCS is not
suitable for this task due to the significantly large computa-
tional time. Hence, more efficient ESA can be used to address
the aforementioned computationally challenging problem.

D. Reliability Improvements When Renewables are Integrated
into 230 kV vs. 138 kV Subsystems.

The 230 kV system is more reliable than the 138 kV
system due to comparatively high power generation and low



TABLE II
MODIFIED IEEE RTS EDLC AND EENS FOR DIFFERENT RENEWABLE

INTEGRATION LEVELS INTO DIFFERENT BUSSES IN 230 KV AND 138 KV
SUBSYSTEMS

Renewables: 200 MW solar and 200 MW wind

Solar- bus 9, Wind-bus 10 Solar- bus 20, Wind-bus 19
EDLC (hrs/yr) EENS (MWh) EDLC (hrs/yr) EENS (MWh)
48.1 4945 52.5 5023

Renewables: 500 MW solar and 500 MW wind

Solar- bus 9, Wind-bus 10 Solar- bus 20, Wind-bus 19
EDLC (hrs/yr) EENS (MWh) EDLC (hrs/yr) EENS (MWh)
21.15 1634 30.9 1995

Renewables: 800 MW solar and 800 MW wind

Solar- bus 9, Wind-bus 10 Solar- bus 20, Wind-bus 19
EDLC (hrs/yr) EENS (MWh) EDLC (hrs/yr) EENS (MWh)
13.9 771 25.9 1660

system load. Thus, the integration of renewables into these
subsystems may provide different adequacy levels. Hence, in
this case, wind and solar generators are connected to different
busses in both 230 kV and 138 kV subsystems to identify the
aforementioned reliability improvement differences.

The transmission network of IEEE RTS is stressed to
distinguish the reliability improvements when renewables are
connected to different busses. This is done by reducing the
transmission line capacity by 50% and by increasing the
system load by 10%. Table II shows the EDLC of the
modified IEEE RTS for different renewable penetration levels
at different busses in 230 kV and 138 kV subsystems.

Results in Table II show that when the renewable power
penetration is increasing the reliability improvement provided
by the renewables varies based on the placement of renewables
at different buses. When the renewables are integrated into
138 kV system, the reliability improvement is higher than that
obtained by integrating same renewable capacity into 230 kV
system. If renewables are integrated into less reliable parts
of the system, the overall reliability improvement becomes
high. Moreover, when the renewable penetration increases,
this difference in reliability improvement increases. Therefore,
the regional power grid reliability level should be taken into
account, when integrating renewables into the power grid.

IV. CONCLUSION

In this paper, an ESA-based adequacy evaluation framework
is proposed to estimate the adequacy indices of wind and
solar integrated composite systems. The proposed adequacy
evaluation framework is applied to the IEEE RTS. It can be
seen that the proposed system adequacy evaluation framework
can provide accurate estimations for system adequacy indices
in a more computationally efficient manner. The impact of
integrating renewables on the adequacy of composite systems
is analyzed. The contribution of wind and solar generation to
the composite system adequacy is quantified by calculating
the respective equivalent capacity values w.r.t a conventional

generator. It is found that in the RTS, 125 MW of wind capac-
ity or 215 MW of solar capacity provide the same reliability
improvement as a 50 MW hydro generator. The results show
that, if renewables are integrated into less reliable parts of the
system, the overall reliability improvement becomes high.
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