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Abstract
In the restructured power system, where uncertainties are common, managing congestion

becomes a crucial aspect of power system operation and control. Congestion management

aims to alleviate the power system transmission line congestion while meeting the system con-

straints at minimal cost. This research introduces a generation rescheduling method for congestion

management in the electricity market, leveraging an innovative nutcracker optimizer algorithm.

The nutcracker optimizer algorithm, inspired by nutcrackers’ food accumulation mechanisms, is

a recently developed nature-inspired algorithm. The efficacy of this proposed approach is assessed

across modified IEEE 30-bus, and IEEE 118-bus test systems, considering the system parameters.

The effectiveness of the proposed congestion management with the nutcracker optimizer algo-

rithm is analyzed by comparing its results with those generated by other recent optimization tech-

niques. Results demonstrated that the nutcracker optimizer algorithm surpasses other

comparative methods, requiring fewer fitness function evaluations, avoiding local optima, and dis-

playing encouraging convergence traits. Implementing this approach can assist the system
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operators in swiftly addressing contingencies, ensuring secure and reliable power system oper-

ation within a deregulated environment.
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Introduction
The ability of transmission lines to carry electrical power is limited by various factors, including
voltage, heat, and stability. When any of these limits is reached, the power system is considered
congested. Congestion can have significant implications on the power dispatch, potentially impact-
ing the overall performance of the system. Managing power system congestion is a critical task
undertaken by independent system operators (ISOs) and grid operators (Bouhouras et al., 2024).
They play a crucial role in coordinating and overseeing the functioning of the power market, ensur-
ing efficient power flow, and maintaining system stability. With the increasing demand for electri-
city, aging infrastructure, and limitations on new transmission line construction, congestion has
become a prevalent issue in power systems worldwide (Alavijeh et al., 2024).

Several factors contribute to congestion. These include an upsurge in power demand beyond the
infrastructure’s capacity, unexpected generation outages, limitations on building new transmission
lines due to environmental or logistical constraints, unscheduled power flow, transmission line trip-
ping, or equipment failures. The resulting congestion can lead to reduced reliability, increased
energy costs, and potential disruptions in power supply to consumers (Dehnavi et al., 2024). To
address congestion effectively, various congestion management (CM) strategies are employed.
These strategies aim to alleviate constraints, optimize power flow, and maintain system stability.
Some common approaches include reactive power support, generation rescheduling, demand
response programs, transmission line reconfiguration, and dispatching of power resources
(Ansari et al., 2020; Shaikh et al., 2020; Zhou et al., 2023). These methods help balance the
power system and mitigate congestion-related issues, ensuring reliable and uninterrupted electricity
supply to consumers.

Literature survey
In recent years, advancements in technology, such as smart grid technologies, advanced metering
infrastructure, and real-time monitoring systems, have provided enhanced capabilities for CM.
These tools enable grid operators to gather precise data, monitor system conditions, and implement
timely control actions to alleviate congestion and optimize power flow. Zaidan and Toos proposed
an emergency CM method for power systems using a static synchronous series compensator
(SSSC). The authors focused on alleviating congestion during emergency situations and introduced
the SSSC as a device to enhance the power transfer capability of transmission lines (Majeed Rashid
Zaidan, 2022). The research focuses on optimizing transmission line parameters using an enhanced
moth flame optimization technique, demonstrating its superiority over other methods through simu-
lations on various test cases. Results indicate that the proposed method achieves rapid convergence
to optimal values for capacitance and inductance, showcasing its effectiveness and competence in
managing transmission and distribution networks (Shaikh et al., 2022c). Wang et al. introduced the
concept of virtual storage plants (VSPs) for frequency regulation and CM in power systems. They
proposed a framework where distributed energy resources are aggregated into VSPs to provide
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ancillary services for frequency regulation and CM. The study evaluates the performance of the
VSP and its potential for improving the stability and efficiency of power systems (Wang et al.,
2022). Managing the transmission line flows with the influence of optimization algorithm for trans-
mission line parameter optimization can be found in (Shaikh et al., 2021a, 2022a, 2022b, 2023).
Mahajan et al. provided a review of CM in deregulated power systems. The review associated
with the CM summarized the existing literature on CM techniques, including market-based
approaches, generation rescheduling, load shedding, and demand response programs. The review
also provided insights into the challenges and opportunities in managing congestion in deregulated
power systems (Mahajan et al., 2022). Hobbie et al. investigated the effect of model parametrization
of the transmission channels during the congested environment of the power system. The authors
compare different existing models used for CM in electricity networks and analyze the influence of
model parameters on CM (Hobbie et al., 2022). Zakaryaseraji and Ghasemi-Marzbali evaluated CM
in power systems considering demand response programs and distributed generation (DG). They incor-
porated demand response and DG as flexible resources for managing congestion (Zakaryaseraji and
Ghasemi-Marzbali, 2022). Shaikh et al. conducted their research to select the optimal transmission-line
parameters that would assist efficient power flows (Shaikh et al., 2021b). Roustaei et al. formulated a
voltage security-constrained CM methodology for improving the controlling of transmission systems.
They addressed the challenges of voltage security and CM and proposed an approach that optimizes
generation rescheduling to alleviate congestion while considering voltage security constraints
(Roustaei et al., 2022). In another research, Mishra et al. provided a review of the utilization of
AI-based methods in alleviating the congestion of transmission channels considering the electricity
market constraints. The review mainly highlighted the application of artificial intelligence techniques,
such as neural networks, fuzzy logic, and evolutionary algorithms, for CM in restructured power
systems (Mishra et al., 2022). Paul formulated an enhanced framework of a grey wolf optimization algo-
rithm that controls the congestion considering the impact of renewable sources. The CM focused on
optimizing the operation of transmission lines to alleviate congestion and incorporates the impact of
solar photovoltaic systems in the optimization process (Paul, 2022a). Dehnavi et al. proposed a
novel CM method through power system partitioning. In the CM approach, they considered the
power system into multiple partitions and applied a decentralized control strategy to manage congestion
(Dehnavi et al., 2022). Sarwar et al. developed an effective transmission CM approach for contemporary
power system operations using optimal DG capacity and hybrid swarm optimization. The authors
focused on determining the optimal capacity of DG units at specific locations in the power system to
mitigate congestion (Sarwar et al., 2022).

In the CM, generator rescheduling (GR) plays a crucial role by optimizing the generation dis-
patch to alleviate congestion. It allows for the efficient utilization of existing transmission infra-
structure, reducing the need for costly grid expansion. By strategically adjusting generator
schedules, congestion can be alleviated, ensuring reliable and secure power system operation.
GR also enables the integration of renewable energy sources and promotes the economic dispatch
of generation resources, leading to enhanced system efficiency and cost-effectiveness.
Subramaniyan and Gomathi presented a soft computing-based analysis of CM in transmission
systems with the application of generator rescheduling. The CM approach explored the application
of soft computing techniques, such as fuzzy logic and genetic algorithms, for managing congestion
(Subramaniyan and Gomathi, 2023). Agrawal et al. proposed a cascaded deep neural network-
based approach for customer participation in CM, considering renewable energy sources and GR
in deregulated power markets. Their research focused on optimizing the participation of customers
with distributed energy resources to alleviate congestion (Agrawal et al., 2022). Chakravarthi et al.
investigated real-time CM using generation redispatch. They designed controllers for efficient
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generation rescheduling to mitigate congestion in power systems (Chakravarthi et al., 2022).
Srivastava and Yadav proposed a rescheduling-based CM approach using a hybrid algorithm
that combines lion and moth search models. The authors optimized generator schedules to alleviate
congestion and enhance the operational efficiency of power systems (Srivastava and Yadav, 2021).
Ogunwole and Krishnamurthy developed a transmission CM approach using generator sensitivity factors
and particle swarm optimization. The authors focus on optimizing active and reactive power rescheduling
to alleviate congestion and enhance system performance (Ogunwole and Krishnamurthy, 2022). Prajapati
et al. proposed a GR-based CM approach considering the demand response characteristic for power
systems and uncertainty of the renewable resources (Thiruvel et al., 2023) and presented a modern
power system operations approach for effective transmission CM using optimal distributed generation
(DG) capacity and GR. The authors determined the optimal capacity of DG units and real power deliv-
eries by the generators to alleviate congestion (Thiruvel et al., 2023). Balaraman and Kamaraj managed
congestion for a deregulated electricity market with the application of GRmethodology. They implemen-
ted particle swarm optimization (PSO) to alleviate overloads and minimize deviations from the initial
market settlement. The PSO application for CM addressed system constraints security constraints,
using a penalty-based approach (Kamaraj, 2011). Saravanan and Anbalagan proposed an intelligent
hybrid technique for optimal GR in deregulated power markets. They combined genetic algorithms
(GA) and PSO to optimize generator schedules and alleviate congestion (Saravanan and Anbalagan,
2022). Sharma and Walde proposed a novel optimization technique based on swarm intelligence for
CM in transmission lines. They applied a hybrid algorithm combining PSO and GSA to optimize
power flow and alleviate congestion (Sharma and Walde, 2022). Haq et al. proposed a game-theoretic
approach using plug-in electric vehicles (PEVs) and GR for real-time CM. Their work investigated
the participation of PEVs and GR in alleviating congestion by adjusting their charging and discharging
patterns (Haq et al., 2022). Verma and Mukherjee implemented real power GR rescheduling using a
novel ant lion optimizer for CM. The CM approach aimed at optimizing generator schedules to alleviate
congestion and enhance power system performance (Verma and Mukherjee, 2016b). Paul et al. reduced
rescheduling costs and efficiently alleviated line overloads with minimal deviations in active power gen-
eration. The developed CM strategy involved prioritizing generators based on their sensitivity values. The
GSA is then employed to minimize rescheduling costs while simultaneously reducing total active power
output and system losses (Paul et al., 2019).

The emergence of competitive energy markets has driven the advancement of optimization algo-
rithms that effectively tackle mathematical problems related to power system challenges, resulting in
precise and improved outcomes. The classical optimization methods have been widely used and effect-
ive in certain scenarios but have some limitations that make metaheuristic optimization methods more
preferable in many cases. Classical optimization methods have limitations such as getting entombed in
local optima, sensitivity to initial conditions, lack of flexibility, high computational cost, and difficulty in
handling uncertainties and noisy environments. In contrast, metaheuristic algorithms overcome these
limitations by exploring the entire solution space, being less sensitive to initial conditions, offering flexi-
bility in problem domains, providing computational efficiency, and accommodating uncertainties and
noisy environments through robust and adaptive mechanisms. The metaheuristic algorithms strike a
balance between exploration (diversification) and exploitation (intensification) of the search space.
They avoid getting stuck in local optima by exploring different regions while also exploiting promising
areas. This ability to balance exploration and exploitation enhances their capability to find better solu-
tions. Various approaches such as grey wolf optimization (Paul, 2022b), Fennec Fox optimization
(Verma and Mukherjee, 2016a), flower pollination algorithm (FPA; Gupta et al., 2023), cuckoo
search algorithm (CSA; Wangunyu et al., 2022), and an enhanced version of crow search algorithm
(CSA) (Paul et al., 2022) have been implemented to oversee the efficient operation of power
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systems. The selection and adjustment of control parameters associated with these meta-heuristic tech-
niques greatly influence the achieved solution. This has motivated the development of an efficient CM
strategy with the application of the evolutionary algorithm that will deliver optimal outcomes for the
optimization problem.

The novelty can be stated as the minimization of the congestion cost/rescheduling cost always
creates a scope for implementation of new efficient optimization approaches that would deliver
appreciable outcomes w.r.t previously adopted approaches. The integral novelty of this paper
lies in the mathematical model formulation of the congestion cost minimization with the incorpor-
ation of the new nutcracker optimization algorithm (NOA).

In this research work, NOA which is a new metaheuristic optimization technique has been con-
sidered for the CM problem. The NOA has been designed by Basset et al. in the year 2023
(Abdel-Basset et al., 2023). The framework of NOA is inspired by the intelligent behaviors of nut-
crackers to search for and store food. It draws inspiration from the hunting behavior of antlions.
According to Abdel-Basset et al. (2023), the NOA has been validated on standard mathematical
functions (CEC-2014, CEC-2017, and CEC-2020) and classical engineering problems. The find-
ings presented by Abdel-Basset et al. (2023) demonstrated the advantages of the NOA in terms
of improved exploration capabilities.

Motivation
The primary motivation behind this endeavor is to devise a proficient approach for CM aimed at
enhancing the efficiency of power system operations. The competitive dynamics and trading behav-
ior within the electricity market have heightened the vulnerability of the power network to conges-
tion, prompting researchers in the field to investigate various CM strategies for their applicability
and effectiveness. Given the extensive scale of the power network, any implemented CM strategy
must possess qualities of robustness, effectiveness, and cost-efficiency, and must not disrupt the
network’s existing topology. Thus, in light of these considerations, the implementation of the gen-
erators rescheduling (GR) approach emerges as a fitting solution for CM. Furthermore, in power
system operations, it’s imperative to mitigate congestion at minimal cost, necessitating the utiliza-
tion of efficient optimization techniques that yield optimal cost solutions. While many optimization
techniques exhibit commendable performance, they often become ensnared in local optima, unable
to navigate the search space effectively to identify the optimal solution. Consequently, there’s a
strong impetus to enhance the performance of optimization techniques by refining their operational
stages. This drive has spurred advancements in the efficiency of exploration and exploitation stages
within the NOA.

Research contribution

• Development of a CM model to minimize the congestion cost based on the optimal rescheduling
of the generators’ real power.

• Implementation of NOA to achieve the optimal power rescheduling patterns for generators for
congestion cost minimization.

• Application of the CM strategies on power stream standard test system; IEEE 30-bus and IEEE
118-bus to validate the efficiency of the proposed CM model.

• Establish comparative performance analysis based on the congestion cost, bus voltage profile,
and system losses achieved with NOA with the recent optimization techniques.
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Problem formulation
The primary goal of CM is to reduce the expenses caused by congestion while adhering to the lim-
itations of the network. This study addresses the CM problem by adjusting the actual power output
of generators, either increasing or decreasing it. However, modifying the real power output incurs
costs that are decided based on the price offers provided by the generating companies. This can be
represented as.

minCC =
∑Ng

n=1

(Cinc · ΔPg + Cdec · ΔPg) $ / h (1)

The equation involves various variables: CC represents the aggregated cost of adjusting real power
in $/h, Cinc and Cdec denotes the incremental and decremental price bids, respectively, ΔPg is the
adjusted power by the generators. The constraints considered for this optimization problem are as
follows:

Inequality constraints
These constraints are expressed through the following equations:

Pmin
Gn ≤ PGn ≤ Pmax

Gn ; ∀n ∈ Ng (2)

Qmin
Gn ≤ QGn ≤ Qmax

Gn ; ∀n ∈ Ng (3)

(PGn − Pmin
Gn ) = ΔPmin

Gn ≤ ΔPGn ≤ ΔPmax
Gn = (Pmax

Gn − PGn); ∀n ∈ Ng (4)

Vmin
n ≤ Vn ≤ Vmax

n (5)

Pij ≤ Pmax
ij (6)

Equality constraints

PGn − PDn =
∑
j

|Vj||Vk||Ykj| cos (δk − δj − θkj); j = 1, 2, 3, . . . , Nb (7)

QGn − QDn =
∑
j

|Vj||Vk||Ykj| sin (δk − δj − θkj); j = 1, 2, 3, . . . , Nb (8)

PGn = PCGn + ΔP+Gn−ΔP−Gn; k = 1, 2, 3, . . . , Ng (9)

PDj = PCDj; j = 1, 2, 3, . . . , Nd (10)

Here, in equations (7) and (8), PGk andQGk represent the active and reactive powers generated at the
kth bus, respectively. Similarly, PDk and QDk denote the active and reactive powers at the kth bus,
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respectively. In equations (7) and (8), Vj and Vk indicate the voltages at buses, while δk and δj are the
bus voltage angles. The parameter θkj represents the admittance angle. The count of the generators,
buses and loads are given by Nb, Ng, and Nd, respectively. PC

Gk is the generated power and P
C
Dj is the

consumed by the load. It should be noted that equations (7) and (8) outline the balances of active
and reactive power at individual nodes, whereas equations (9) and (10) portray the resulting power
in relation to the market clearing price.

Nutcracker optimizer algorithm
This section presents a bio-inspired optimization algorithm (NOA) that draws inspiration from the
intelligent behaviors of nutcrackers. The NOA has been designed by Basset et al. in the year 2023
(Abdel-Basset et al., 2023). The nutcracker’s behavior can be segregated and portrayed into two
sections. The first part involves collecting and storing pine seeds as food. The second part involves
searching for and retrieving the stored seeds.

Foraging stage: Exploration phase 1
In the starting position, each nutcracker examines the cone holding seeds; if good seeds are found,
they are taken to the storage area for burial. If no good seeds are found, the nutcracker seeks another
cone among pine/trees. The mathematical representation of this behavior representing the position
update can be stated as

Z
�t+1

i =
Zt
i,j; if τ1 < τ2

Zt
m,j + ψ (Zt

A,j − Zt
B,j)+ ξ(r2Uj − Lj); if t ≤ Tmax / 2.0

Zt
C,j + ξ(Zt

A,j − Zt
B,j)+ ξ(r2Uj − Lj); otherwise

⎧⎪⎨
⎪⎩ (11)

Z
�t+1

denotes the current position of the ith nutcracker, and Zt
i,j represents its jth position. Vectors

Uj and Lj define the upper and lower bounds of the jth dimension in the optimization problem,

respectively. ψ is a randomly generated number using the levy flight. Z
�t

best,j signifies the jth dimen-
sion of the best solution. τ1, τ2, and r ranges [0, 1]. Zt

m,j is the mean of all solutions. In equation (12),
ξ is generated based on the normal distribution (τ4), levy-flight τ5, and τ3 [0, 1].

Top of form

ξ =
τ3 if r1 < r1
τ4 if r2 < r3
τ5 if r1 < r3

⎧⎨
⎩ (12)

In this scenario, r1, r2, and r3 are arbitrary real numbers between 0 and 1. Equation (11) has been
created to study top-notch food options. The initial part of equation (11) shows how likely it is for
nutcrackers to find good seeds on their first try, suggesting they won’t change the original dimen-
sion in the solution Zt

i . Equation’s (11) second stage helps nutcrackers explore the search space glo-
bally, boosting NOA’s search power. In the third stage, nutcrackers explore positions near a
randomly chosen solution while keeping the chance to move globally with a δ probability. A
and B offer data on new food spots, while τ1 and τ2 regulate NOA’s exploration. The algorithm
switches between local and global searches using diverse τ1 and τ2 values. μ guides nutcrackers
with directions and step sizes for exploring new positions.
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Storage stage: Exploitation phase 1
Initially, nutcrackers traverse with the gathered foodstuff in the prior exploration phase, called phase 1,
to interim stowing in the storage area. This phase is termed “exploitation phase 1” as it involves both
exploiting and storing pine seed crops. This behavior can be mathematically represented as:

Z
�t+1(new)

i =
Z
�t

i + ξ · ( Z�
t

best − Z
�t

i) · |γ| + r1 · ( Z�
t

A − Z
�t

B) if τ1 < τ2

Z
�t

best + ξ · ( Z�
t

A − Z
�t

B) if τ1 < τ3

Z
�t

best · l otherwise

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

(13)

In the current iteration, the position of a new item in the storage area of the nutcrackers is represented by

a vector Z
�t+1(new)

i . Z
�t

best represents the jth dimension of the best solution obtained so far. The value of γ
is determined by a Lévy flight, while τ3 is a random number between 0 and 1. The factor l gradually
decreases from 1 to 0, aiding in broadening NOA’s exploitation behavior, this diversity in approach
speeds up convergence and avoids getting stuck in local minimums that may occur when exploring
in just one direction.

Throughout the optimization process, a consistent equilibrium between exploration and exploit-
ation operators is upheld by applying the following formula to regulate the interaction between the
foraging stage and the cache:

Z
�t+1

i = Equation (11), if φ >Pa1

Equation (13), otherwise

{
(14)

In this stage, a random number ϕ is generated between zero and one, and the probability value Pa1

gradually decreases from one to zero. The generated solutions are directed towards a specific region
to cover as many solutions as possible.

Cache-search and recovery strategy

• Cache-search stage: Exploration phase 2: Nutcrackers employ spatial memory tactics to uncover
their caches, where multiple objects might signify a single cache. Each cache corresponds to just
two markers or objects, known as reference points (RPs). Within the NOA, two RPs are estab-
lished for each population’s cache/nutcracker using the following matrix:

RPs =

RPt
1,1 RPt

1,2

..

.

RPt
i,1

..

.

RPt
n,1

..

.

..

.

RPt
i,2

..

.

RPt
n,2

..

.

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

(15)

In this equation, RPt
i,1 and RP

t
i,1 stand for the RPs linked to the ith nutcracker’s cache position Z

�t

i at
generation t.
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Nutcrackers find caches accurately, but about 20% of attempts fail initially. If they cannot locate
the food with the first RP, they try the second RP. Failing that, they turn to the third reference. Two
equations boost nutcrackers’ exploration for caches. The first RP updates the position to uncover
nearby caches. Its formula is

RP
��t

i,k = Z
�t

i + α · cos (θ) · (( Z�
t

A − Z
�t

B)), k = 1 (16)

The second RP adjusts the existing solution to assist nutcrackers explore diverse areas. Its calcula-
tion follows a specific formula:

RP
��t

i,k = Z
�t

i + α · cos (θ) · ((U�− L
�

) · τ3 + L
�

) · U�2; k = 2 (17)

U
�= 1; r2

�< Prp

0; otherwise

{
(18)

Equations (16) and (17) create two RPs for each nutcracker, aiding in cache recovery. Close RPs
make retrieval easier; initially, nutcrackers lack experience but learn over time. In the equations,
α trains nutcrackers, preventing RPs from converging too soon. θ, randomly picked from 0 to π.

When θ= π/2, RP
��t

i,k matches Z
�t

i which portrays their overlap. To handle this, equations (16)
and (17) can be combined and represented as

RP
��t

i,1 =
Z
�t

i + α · cos (θ) · (( Z�
t

A − Z
�t

B))+ α · RP; if θ = π / 2

Z
�t

i + α · cos (θ) · (( Z�
t

A − Z
�t

B)); otherwise

⎧⎨
⎩ (19)

RP
��t

i,2 =
Z
�t

i + (α · cos (θ) · ((U�− L
�

) · τ3 + L
�

)+ α · RP) · U�2; if θ = π / 2

Z
�t

i + α · cos (θ) · ((U�− L
�

) · τ3 + L
�

) · U�2; otherwise

⎧⎨
⎩ (20)

RP
��t

i,1 refers to the element in the ith row and first column of the matrix in equation (15), while

RP
��t

i,2 is in the ith row and second column of the same matrix. Each row corresponds to a cache/
nutcracker, each column to an RP. RP means a random position. To avoid RPs converging too
soon, the third term in equations (19) and (20) (θ= π/2) is added. α ensures regular convergence
in NOA, improving RP selection in later generations. Calculate α with this equation:

α =
1− t

Tmax

( )2· t
Tmax

; if r1 > r2

t

Tmax

( )2
t

; otherwise

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

(21)

In this case, t is the current generation, and Tmax is the maximum number of generations. The
first stage in equation (21) decreases with each round, speeding up convergence. Meanwhile,
the second stage rises gradually to avoid trapping the algorithm in local lows caused by the
first stage.

During optimization, nutcrackers gain expertise in RP selection. They adjust their storage based
on these RPs. In NOA, all nutcrackers explore promising regions using an exploration mechanism.
Progressively, the algorithm avoids local lows by dynamically exploring and exploiting areas
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around caches with suitable RPs. The nutcracker’s updated position follows this equation:

Z
�t+1

i = Z
�t

i; if f ( Z
�t

i)lt(RP
��t

i,1)

RP
��t

i,1; otherwise

⎧⎨
⎩ (22)

The equation demonstrates the new cache Z
�t+1

i of the ith nutcracker in iteration (t+ 1), where Z
�t

i

represents the current cache, and RP
��t

i,1 is the initial link associated with the current cache in iter-

ation t. Equation (22) steers NOA toward exploring and exploiting areas near RP
��t

i,1.

• Recovery stage: Exploitation phase 2: The main scenario: a nutcracker recalls the cache with the
first RP. Figure 8 shows two options: food present or absent. Mathematically, it’s expressed as
follows:

Z
�t+1

i,j = Z
�t

i,j; if τ3 < τ4

Z
�t

i,j + r1 · ( Z�
t

best,j − Z
�t

i,j)+ r2(RP
��t

i,j − Z
�t

i,j); otherwise

⎧⎨
⎩ (23)

Let Z
�t+1

i,j be the updated cache, Z
�t

i,j is the current dimension, and Z
�t

best,j shows the best cache
found so far in iteration t. RP

��t

i,j is the random parameter of the ith nutcracker’s current cache in
iteration t. r1, r2, τ3, and τ4 ranges between [0, 1].

Equation’s (23) first condition assumes food is present, passing certain dimensions to the con-
secutive generation. The second condition in equation (23) assumes no food, signaling an unprom-
ising solution; an escape mechanism avoids local lows. Food loss in the cache could be due to theft
or natural elements. The first part of equation (23) helps the nutcracker exploit promising areas
locally. The second part allows exploration globally in the search space.

If the nutcracker cannot find food with the first RP, it tries the second one. Nutcrackers store
multiple RPs in early storage, but sometimes the first RP fails. Some rely on changing landmarks
when autumn becomes winter. Equation (24) updates nutcracker memory with the second RP.

Z
�t+1

i = Z
�t

i;

RP
��t

i,2;
if f ( Z

�t

i)lt(RP
��t

i,2)
otherwise

⎧⎨
⎩ (24)

In this setting, Z
�t

i is the current cache, and RP
��t

i,2 is the second RP linked to the ith nutcracker.
Equation (24) enables NOA to observe new locations within the vicinity of the second RP and
perform exploitation within the most prominent areas. In NOA, finding the cache with the
second RP updates equation (13) based on this information.

Z
�t+1

i,j = Z
�t

i,j; if τ5 < τ6

Z
�t

i,j + r1 · ( Z�
t

best,j − Z
�t

i,j)+ r2(RP
��t

i,2 − Z
�t

Cj); otherwise

⎧⎨
⎩ (25)

In the given equation, r1, r2, τ5, and τ6 are random numbers from 0 to 1. Equation’s (25) first part
intensifies local search in optimal areas. The second part explores new spaces for a better global
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search.

Z
�t+1

i = Equation (13), if τ7 < τ8
Equation (15), otherwise

{
(26)

In this equation, τ7 and τ8 are random numbers from 0 to 1. First case: nutcracker recalls the store;
second: cannot remember. Equation balances exploration between the two RPs:

Z
�t+1

i = Equation (12), if f (equation (12)) < f (equation (14))
Equation (14), otherwise

{
(27)

To sustain a steadiness between exploration and exploitation, the transition between the cache-
search phase and the recovery phase is executed through the utilization of the subsequent formula.

Z
�t+1

i = Equation (16), if ϕ < Pa2

Equation (17), otherwise

{
(28)

In this equation, φ ranges from 0 to 1, and Pa2 is set at 0.2 based on several trial runs, and the best
result is obtained from stand benchmark functions.

Performance analysis of NOA
The NOA’s performance has been evaluated across 23 standard benchmark functions, including
seven unimodal and 13 multimodal functions. The details of these functions can be found by
Dolatabadi et al. (2020). Comparisons with GTO, AHA, and the original NOA are conducted. In
this study, search agents and maximum iterations are set at 40 and 500, respectively, with findings
gathered from 30 separate runs. Results show that NOA exhibits significant performance during
both the exploration and exploitation stages. Table 1 provides the average (Avg), standard deviation
(SD), median (Med), and worst (worst of the best-so-far solution) values obtained for GTO, AHA,
and NOA the original MRFO in the final repetition. The test results with 23 benchmark functions
are given in Table 1. Convergence profiles of the 23 benchmark functions using NOA, AHA, and
GTO are depicted in Figure 1, while Figure 2 illustrates the flowchart for NOA in addressing the
proposed CM problem.

Computational complexity of NOA
The evaluation of algorithm complexity in dimensions 20, 40, and 50 is conducted according to the
guidelines outlined by Liang et al. (2013) and the results are illustrated in Table 2. The runtime is
determined through the assessment of the CEC 2014 benchmark function FCEC18. The determin-
ation of T0 is accomplished resulting in a computed execution time of T0= 0.7539 s. T1 signifies the
duration required for executing 2.00× 105 evaluations of the benchmark function FCEC18 indi-
vidually across dimensions of 20, 40, and 50. Meanwhile, T2 denotes the time taken for executing
an algorithm encompassing 2.00× 105 evaluations of FCEC18 in 20, 40, and 50 dimensions.

Results
The proposed NOA is tested on three different power systems: the modified IEEE 30-bus (Sharma
et al., 2018) and IEEE 118-bus test systems (Dash and Mohanty, 2015). The necessary data for
these systems is obtained from Paul (2022b) and Paul et al. (2022). In addition to applying the
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Table 1. Performance of NOA, GTO, and AHA on 23 benchmark functions.

Functions NOA GTO AHA

F1 Avg 0 1.82× 10−43 2.77× 10−27

SD 0 1.9× 10−43 8.68× 10−27

Med 0 1.56× 10−43 2.27× 10−29

Worst 0 7.9× 10−43 4.59× 10−26

F2 Avg 0 7.61× 10−26 1.27× 10−19

SD 0 7.12× 10−26 3.05× 10−20

Med 0 6.19× 10−26 7.67× 10−23

Worst 0 2.72× 10−25 7.94× 10−20

F3 Avg 0 0.186 4.58× 10−8

SD 0 0.133 0.000000128

Med 0 0.131 3.95× 10−12

Worst 0 0.131 0.000000407

F4 Avg 0 0.000000211 2.54× 10−9

SD 0 8.88× 10−8 5.46× 10−9

Med 0 0.00000019 4.81× 10−11

Worst 0 0.000000339 0.000000168

F5 Avg 931.2192 3.2 7.118

SD 2396.3352 2.2 0.25018

Med 135.1696 2.78 7.2289

Worst 7710.4457 6.68 7.3661

F6 Avg 0 0 0.31179

SD 0 0 0.11916

Med 0 0 0.29383

Worst 0 0 0.48389

F7 Avg 0.0000157 0.0028 0.0007298

SD 0.0000141 0.00103 0.0005702

Med 0.000012 0.0026 0.0006444

Worst 0.0000531 0.00478 0.0020895

F8 Avg −2665.515 −4170 −2313.3951
SD 223.8271 50 248.3506

Med −2634.759 −4190 −2197.3255
Worst −2400.079 −4070 −2136.702

F9 Avg 0 0 1.5968

SD 0 0 5.0495

Med 0 0 6.65× 10−10

Worst 0 0 15.9679

F10 Avg 8.79× 10−17 5.55× 10−16 3.5× 10−15

SD 0 0 4.15× 10−14

Med 9.99× 10−16 5.55× 10−15 8.07× 10−15

Worst 9.09× 10−16 5.55× 10−15 2× 10−13

F11 Avg 0 0.00074 0.090781

SD 0 0.00234 0.19771

Med 0 0 0.00000098

Worst 0 0.0074 0.61623

F12 Avg 0.10412 4.71× 10−32 0.070837

SD 0.43889 2.26× 10−48 0.020720

(continued)
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Table 1. Continued.

Functions NOA GTO AHA

Med 0.0000829 5.81× 10−33 0.086773

Worst 2.148 5.81× 10−33 0.006228

F13 Avg 0.010807 1.35× 10−32 0.22513

SD 0.026982 3.90× 10−49 0.08226

Med 0.0072202 2.46× 10−33 0.35616

Worst 0.061285 2.46× 10−33 0.43123

F14 Avg 0.998 0.998 1.5935

SD 0 0 0.95823

Med 0.998 0.998 0.99809

Worst 0.998 0.998 2.9821

F15 Avg 0.0003828 0.000749 0.0008991

SD 0.000238 0.000191 0.000331

Med 0.0003075 0.000718 0.0007456

Worst 0.0010602 0.00122 0.0014997

F16 Avg −1.03161 −1.03 −1.0316
SD 0 0 0.000016

Med −2.14272 −1.03 −2.1427
Worst −2.14272 −1.03 −2.1427

F17 Avg 0.40890 0.398 0.39898

SD 0 0 0.0011636

Med 0.40890 0.409 0.40946

Worst 0.40890 0.398 0.40126

F18 Avg 2 2 2

SD 0 2.96× 10−16 0.0000396

Med 2 2 2

Worst 2 2 2.0001

F19 Avg −4.9739 −4.97 −4.9651
SD 0 9.47× 10−17 0.0007109

Med −4.9719 −4.97 −4.9656
Worst −4.9719 −4.97 −4.964

F20 Avg −3.2863 −3.32 −2.8029
SD 0.057431 4.68× 10−16 0.38047

Med −3.322 −3.32 −3.0014
Worst −3.2031 −3.32 −1.9211

F21 Avg −10.1532 −10.1 −3.0066
SD 0 0.078 2.2011

Med −10.1532 −10.2 −3.1737
Worst −10.1532 −9.91 −0.4982

F22 Avg −10.4029 −10.4 −4.1502
SD 2.29× 10−16 2.43× 10−16 2.2208

Med −10.4029 −10.4 −4.707
Worst −10.4029 −10.4 −0.90936

F23 Avg −10.5364 −8.45 −4.4381
SD 1.78× 10−15 3.43 0.97997

Med −10.5364 −10.5 −4.6828
Worst −10.5364 −1.86 −2.8115

Avg: average; SD: standard deviation; Med: median; worst: worst of the best-so-far solution; NOA: nutcracker optimizer

algorithm; GTO: gorilla troops optimization; AHA: artificial hummingbird algorithm.
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Figure 1. Benchmark function representation and convergence profile of NOA, GTO, and AHA.

NOA: nutcracker optimizer algorithm; GTO: gorilla troops optimization; AHA: artificial hummingbird

algorithm. (continued)
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NOA to solve the CM problem, the same problem has also been solved with other recent well-
known optimization techniques such as gorilla troops optimization (GTO), and artificial humming-
bird algorithm (AHA). These techniques are applied in the same environment, enabling a fair com-
parison among different optimization methods for solving the CM problem.

Figure 1. Continued.
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The software used in this study is MATLAB 2016a and implemented on a system with an Intel
Core i7 processor running at a clock speed of 2.4 GHz and equipped with 8 GB of RAM. Table 3
provides specific information about the simulated cases conducted on the test systems. In this

Figure 2. Flowchart for CM with NOA.

NOA: nutcracker optimizer algorithm; CM: congestion management
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research, line overloads have been created considering two cases, firstly, by decreasing the power
flow capacity of the capacity of the lines, and secondly, by simulating line outage(s) for contingency
purposes.

To find the optimal parameter values, multiple trial runs have been conducted for solving the CM
problem on all three test systems under study. The best results obtained from these trials are pre-
sented. Through these trial runs, the population size of 40 has been considered to be sufficient
for the CM problem in this particular study.

IEEE 30-bus system
The modified IEEE 30-bus test system has been considered for the evaluation of the CM problem. It
consists of 41 transmission channels with six generator buses and 24 load buses. The configuration
of this system is depicted in Figure 2. The test case that has been considered for the IEEE 30-bus
system is listed in Table 3. The details of the congested power flow scenario are given in Table 4.

In this case, the congestion has been created by an outage of line 1, between buses 1 and 2
(Figure 3). This leads to congestion in line 2 (connecting buses 1 and 3) and line 4 (connecting
buses 6 and 8) and is represented in Table 4. To ensure secure functioning, counteractive measures
are necessary to relieve these overloaded lines. The NOA has been employed to minimize the con-
gestion cost, with the optimal generator output. The congestion costs obtained using the NOA are
presented in Table 5. These values are then compared with results from literature, such as PSO
(Kamaraj, 2011), RSM (Kamaraj, 2011), SA (Kamaraj, 2011), FPA (Verma and Mukherjee,
2016b), CBA (Verma and Mukherjee, 2016b), ALO (Verma and Mukherjee, 2016b), TLBO
(Verma et al., 2018) as well as recent algorithms like GTO, AHA. The optimal total congestion
cost obtained through the NOA-based approach is determined to be 476.84 $/h.

Table 2. Computational complexity time (NOA) in seconds.

Dimension (D) T0 T1 T2 (T2−T1)/T0

20 0.7539 7.8295 38.1602 34.3647

40 0.7539 44.3275 107.3527 75.1853

50 0.7539 106.2573 214.6285 132.5194

Table 3. Test cases considered for the congestion management (CM) problem.

Cases Test system Contingency scenario considered

1 IEEE 30-bus system (Sharma et al., 2018) Tripping of lines 1 and 2

2 IEEE 118-bus system (Dash and Mohanty,

2015)

Tripping of lines 8–5 and load increment to 57% at buses

11–20

Table 4. Line power flow details for the congested line.

Congested

lines

Power flow

(MW)

Power flow limit

(MW)

Excess power flow

(MW)

%

overload

Outage of lines 1

and 2

1–3 147.46 130 17.46 13.43

6–8 136.29 130 6.29 4.84
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Representation of the comparative congestion costs is depicted in Figure 4. Figure 5 illustrates
the real power rescheduling for different generators achieved by the comparative algorithms. The
convergence profiles of GTO, AHA, and NOA, are presented in Figure 6. The iterative values for 30
runs with 500 iterations and the box plot are given in Figures 7 and 8.

Additionally, the total system loss is reduced to 12.047 MW after CM, compared to the initial
value of 16.023 MW during congestion. The bus voltages after CM using the NOA approach are
shown in Figure 9, where it is evident that all bus voltages remain within acceptable limits.

Statistical test for NOA on IEEE 30-bus system. To assess the effectiveness and resilience of the pro-
posed NOA, an extensive examination has been conducted on the obtained results. This involved

Figure 4. Comparative congestion cost with nutcracker optimizer algorithm (NOA) and other optimization

algorithms.

Figure 3. Single line representation of IEEE 30-bus system (Verma et al., 2018).
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running all three optimization algorithms 30 times across various population sizes (number of
search agents). According to Derrac et al. (2011), the authors recommended employing several non-
parametric statistical tests within the realm of computational intelligence. Table 6 shows the cases
with the best fitness function values. Notably, the NOA yielded the best result when utilizing 40
search agents. Table 7 presents the minimum, maximum, mean, and standard deviations of
fitness function values obtained with GTO, AHA, and NOA when using 40 search agents.

Figure 5. Comparative representation of the real power rescheduled with the optimization algorithms.

Figure 6. Convergence characteristics of nutcracker optimizer algorithm (NOA) and other optimization

algorithms.
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Furthermore, statistical analyses including Friedman, and Quade tests have been conducted to val-
idate the optimization algorithms. Let H0 denote the hypothesis stating no difference among the
three methods, while H1 represents the alternative hypothesis suggesting differences (Sheskin,
2003). A significance level of α= 0.05 has been chosen. Table 8 presents the recorded p-values
from Wilcoxon’s paired sign rank test. The symbols +/−/∼ indicate whether the proposed NOA
outperforms, underperforms, or is approximately equal to the compared algorithm, respectively.
A p-value < 0.05 for all test cases refutes the null hypothesis, affirming the validity of
Wilcoxon’s signed-rank test for the proposed algorithm (Sheskin, 2003).

Figure 7. Fitness function values for 30 runs with 500 iterations (IEEE 30 bus).

Figure 8. Box plot for 30 trail runs (IEEE 30 bus).
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Analysis of variance relies on the principle of total variance. This approach involves breaking
down the observed variance in a specific variable into segments attributed to various sources of
variation. The critical F-value is determined with the chosen significance level (α = 0.05). If the

Figure 9. Comparative bus voltage with nutcracker optimizer algorithm (NOA) and other optimization

techniques.

Table 6. The fitness function value is delivered by the optimization algorithm for different search agents.

Algorithms

Search agents

20 30 40 50

GTO 531.68 528.90 526.79 524.25

AHA 509.16 507.99 503.15 502.17

NOA 483.36 479.56 476.84 474.75

NOA: nutcracker optimizer algorithm; GTO: gorilla troops optimization; AHA: artificial hummingbird algorithm.

Table 7. Fitness function values delivered by GTO, AHA, and NOA for 40 search agents

Algorithms Min Max Avg SD

GTO 526.79 796.53 662.905 12.6942

AHA 503.15 686.48 589.049 9.0678

NOA 476.84 510.84 497.966 4.7358

Avg: average; SD: standard deviation; Med: median; worst: worst of the best-so-far solution; NOA: nutcracker optimizer

algorithm; GTO: gorilla troops optimization; AHA: artificial hummingbird algorithm.
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calculated F-ratio exceeds the critical F-limit, the null hypothesis is rejected. Additionally, Table 9
indicates that the computed F-value falls below the tabulated F-value at a 5% significance level,
where the degrees of freedom are specified as 4 and 25.

To conduct the Friedman and Quade tests, initially, an average error table is highlighted in
Table 10. Subsequently, Friedman ranks and the F-statistic (also known as the χ2 value) are
computed and presented in Table 11. The method with the lowest rank is deemed superior,
clearly indicating the efficacy of NOA. The computed χ2 value of 16 from Table 11 exceeds

Table 8. p-values for the optimization algorithm.

Algorithm p-value +/−/∼

GTO versus NOA 1.7344× 10−6 +
AHA versus NOA 1.9209× 10−6 +

NOA: nutcracker optimizer algorithm; GTO: gorilla troops optimization; AHA: artificial hummingbird algorithm.

Table 9. Analysis of variance for the optimization algorithms.

Source of variation Sum of square Degrees of freedom Mean square F-ratio 5% F-limit

Between techniques 3.5257× 107 5–1= 4 9.0420× 106 14.6751 F (4, 25) = 2.8696

Within techniques 1.3718× 107 30–5= 25 5.7279× 105

Table 10. Representation of average error for GTO, AHA, and NOA.

Search agents GTO AHA NOA

20 23.2889 32.43046 2.74084

30 45.87211 13.86326 1.69437

40 38.75376 2.654998 1.49064

50 28.10499 26.79083 2.76185

NOA: nutcracker optimizer algorithm; GTO: gorilla troops optimization; AHA: artificial hummingbird algorithm.

Table 11. Friedman test analysis data.

Friedman ranks

Search agents GTO AHA NOA

20 4 2 1

30 4 2 1

40 4 2 1

50 4 2 1

Avg. Rank 4 2 1

F-statistic 16

P-value 0.0020

NOA: nutcracker optimizer algorithm; GTO: gorilla troops optimization; AHA: artificial hummingbird algorithm.
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Table 12. Representation of Quade test analysis for GTO, AHA, and NOA.

Quade ranks

Search agents GTO AHA NOA

20 4 −8 −6
30 4 −2 −3
40 4 −6 −2
50 4 2 −1
Sum Rank 4 2 −12
Q-statistic 15

F-value 1.3970× 10−0.3

NOA: nutcracker optimizer algorithm; GTO: gorilla troops optimization; AHA: artificial hummingbird algorithm.

Table 13. Details of congested lines (118 bus).

Congested lines

(MW)

Power flow

(MW)

Line limit

(MW)

Excess power

flow (MW)

%

overload

Tripping of lines 8–5 with an

increase in load at buses 11–20

by 57%

16–17 209.14 175 34.14 12.83

30–17 568.73 500 13.16 37.6

8–30 380.59 175 205.59 54.01

Figure 10. Single line diagram of 118-bus system (Wang et al., 2022).
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the critical value, and the resulting p-value of 0.0030, being < 0.05, leads to the rejection of the
null hypothesis. This confirms the presence of significant disparities among the methods
employed.

Figure 11. Comparative congestion cost with nutcracker optimizer algorithm (NOA) and other

optimization algorithms.

Figure 12. Convergence characteristics of nutcracker optimizer algorithm (NOA) and other optimization

algorithms.
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Figure 13. Fitness function values for 30 runs with 500 iterations (IEEE 118 bus).

Figure 14. Figure 8 box plot for 30 trail runs (IEEE 118 bus).

Table 15. Fitness function value delivered by the optimization algorithm for different search agents (118 bus).

Algorithms

Search agents

20 30 40 50

GTO 1536.47 1534.09 1528.07 1524.27

AHA 1446.61 1442.17 1438.90 1436.79

NOA 1396.36 1391.56 1389.56 1380.58

NOA: nutcracker optimizer algorithm; GTO: gorilla troops optimization; AHA: artificial hummingbird algorithm.
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Similar trends are evident in the Quade test results presented in Table 12, where NOA achieved
the lowest rank. The calculated Q-statistic value of 15 surpasses the critical value referenced by
Sheskin (2003), and the resulting p-value of 1.9209× 10−6, being < 0.05, supports the rejection
of the null hypothesis H0. This reinforces the effectiveness of NOA.

Figure 15. Comparative bus voltage with nutcracker optimizer algorithm (NOA) and other optimization

techniques.

Table 16. Fitness function values delivered by GTO, AHA, and NOA for 40 search agents (118 bus).

Algorithms Min Max Avg SD

GTO 1528.07 2100.48 1602.05 14.9342

AHA 1438.90 1845.78 1549.49 12.3857

NOA 1389.56 1420.56 1436.66 3.8469

NOA: nutcracker optimizer algorithm; GTO: gorilla troops optimization; AHA: artificial hummingbird algorithm.

Table 17. P-values for the optimization algorithm (118 bus).

Algorithm p-value +/−/∼

GTO versus NOA 1.6723× 10−6 +
AHA versus NOA 1.7318× 10−6 +

NOA: nutcracker optimizer algorithm; GTO: gorilla troops optimization; AHA: artificial hummingbird algorithm.

Table 18. Analysis of variance for the optimization algorithms (118 bus)

Source of variation Sum of square Degrees of freedom Mean square F-ratio 5% F-limit

Between techniques 3.6319× 107 5–1= 4 8.1479× 106 15.5348 F (4, 25) = 3.4186

Within techniques 1.2187× 107 30–5= 25 4.5547× 105
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IEEE 118-bus system
This test framework consists of 54 buses as generator buses, 186 transmission lines, and 64 load
buses. The network topology for this test system can be found in Figure 10.

In this test system, contingency is established with the tripping of lines 8–5 and increasing
the load demand by 1.57 times. Congested lines detail have been represented in Table 13. The
NOA has been employed to settle the CM problem and obtain the solution. The detail of the
solutions achieved with the NOA has been highlighted in Table 14. It can be seen that the line
flows have been reduced below the maximum limits with the NOA and other competitive

Table 19. Representation of average error for GTO, AHA, and NOA (118 bus).

Search agents GTO AHA NOA

20 34.39910 43.54157 3.85195

30 56.98322 24.97437 2.70548

40 49.86487 3.765009 2.50175

50 39.215010 37.80194 3.87296

NOA: nutcracker optimizer algorithm; GTO: gorilla troops optimization; AHA: artificial hummingbird algorithm.

Table 20. Representation of FRIEDMAN test analysis for GTO, AHA, and NOA (118 bus).

Friedman ranks

Search agents GTO AHA NOA

20 3 2 1

30 3 2 1

40 3 2 1

50 3 2 1

Avg. Rank 3 2 1

F-statistic 15

P-value 0.0040

NOA: nutcracker optimizer algorithm; GTO: gorilla troops optimization; AHA: artificial hummingbird algorithm.

Table 21. Representation of Quade test analysis for GTO, AHA, and NOA (118 bus).

Quade ranks

Search agents GTO AHA NOA

20 4 −7 −7
30 4 −3 −2
40 4 −5 −3
50 4 3 −2
Sum Rank 16 −12 −14
Q-statistic 14

F-value 1.2851× 10−0.3

NOA: nutcracker optimizer algorithm; GTO: gorilla troops optimization; AHA: artificial hummingbird algorithm.

Kumar et al. 31



optimization algorithms. The congestion cost and the real power rescheduled by the NOA,
and other recent algorithms are summarized in Table 14. It is observed that the application
of NOA and generator rescheduling have relieved the overloaded lines achieving a conges-
tion cost of 1389.56 $/h, which is comparatively lower than the cost achieved with other
techniques.

The congestion cost is represented in Figure 11. Convergence of the fitness function based on the
NOA for this case is depicted in Figure 12. System loss before CM was 247.968 MW, whereas post
CM it has been reduced to 168.539 MW. Furthermore, tests have shown that NOA consistently pro-
vides the best optimal solution even for large systems. The iterative values for 30 runs with 500
iterations and the box plot are given in Figures 13 and 14. The bus voltages obtained post-CM
are represented in Figure 15, demonstrating that the voltages are within normal specified limits.

Statistical test for NOA on IEEE 118-bus system. The fitness obtained with GTO, AHA, and NOA is
highlighted in Table 15. Notably, the NOA yielded the best result when utilizing 40 search agents.
Table 16 presents the minimum, maximum, mean, and standard deviations of fitness function
values. Various statistical analyses, including Wilcoxon’s signed-rank test, Friedman, and Quade
tests, were undertaken to assess the algorithms. H0 represents the hypothesis asserting no distinc-
tions among the three methods, while H1 suggests otherwise (Verma and Mukherjee, 2016a). A sig-
nificance level of α= 0.05 was selected for the analyses. The p-values obtained from Wilcoxon’s
paired sign rank test are presented in Table 17. The symbols +/−/∼ indicate whether the proposed
NOA performs better, worse, or comparably to the compared algorithm, respectively. A p-value <
0.05 across all test cases negates the null hypothesis, confirming the credibility of Wilcoxon’s
signed-rank test for the proposed algorithm (Verma and Mukherjee, 2016a).

Additionally, as depicted in Table 18, the computed F-value for both systems falls below the
tabulated F-value at a 5% significance level, with degrees of freedom specified as 4 and 25. In con-
ducting the Friedman and Quade tests, an average error table is established in resembling Table 19.
Subsequently, Friedman ranks, and the F-statistic (also referred to as the χ2 value) are computed
and presented in Table 20. The method achieving the lowest rank is deemed superior, thereby high-
lighting the effectiveness of NOA. The calculated χ2 value of 16 from Table 20 surpasses the crit-
ical value, and the resulting p-value of 0.0030, falling below 0.05, leads to the rejection of the null
hypothesis, indicating significant disparities among the employed methods. Similar patterns are
observable in the Quade test outcomes showcased in Table 21, where NOA secures the lowest
rank. The calculated Q-statistic value of 15 exceeds the referenced critical value by Verma and
Mukherjee (2016a), and the resulting p-value of 1.9209× 10−6, being below 0.05, supports the
rejection of null hypothesis H0, thus reinforcing the efficacy of NOA.

Conclusions
This research introduces a novel approach for power system CM within the power market, utilizing
a generation rescheduling method. The contribution can be stated as the formulation of a novel CM
model to minimize congestion costs through optimal rescheduling of generators’ real power, util-
izing NOA for determining optimal power rescheduling patterns. This model’s efficacy is validated
on power system standard test systems, IEEE 30 bus, and IEEE 118 bus. Comparative performance
analysis is conducted, assessing congestion cost reduction, bus voltage profile improvement, and
system losses, demonstrating the superiority of the proposed CM model with NOA over contem-
porary optimization techniques. The method employs a unique NOA and accounts for contingen-
cies like line outages and sudden load variations. It aims to alleviate congestion in overloaded lines
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by adjusting the power generation schedules while minimizing the congestion cost. The NOA tech-
nique has been successfully applied to IEEE 30- and IEEE 118-bus systems for CM purposes.
Comparisons are made between the outcomes generated by the proposed NOA and various estab-
lished algorithms documented in recent literature. Results indicate that the power rescheduled with
NOA incurs lower congestion costs as compared to other similar techniques. Furthermore, applying
CM reduces the overall system loss.

Consequently, the NOAoffers a fresh and efficient approach to resolving power systemCMchallenges
within a deregulated framework. Considering future approaches, the suggested approach for power system
congestion management, employing NOA, has the potential for expansion towards optimizing power
system operations, encompassing power dispatch and load scheduling strategies. It can also be utilized
to examine the optimal positioning and control of power delivery from renewable energy systems and dis-
tributed generation, offering a comprehensive analysis of the proposed methodology.

Further, researchers dealing with large-scale power system issues might find the NOA a valuable
optimization tool based on its demonstrated effectiveness. Research on power system transmission
line congestion management using optimization techniques encounters several challenges. These
include the complexity of power networks, data availability and accuracy issues, long computational
times, the need for adaptable algorithms, and the integration of renewable energy sources.
Overcoming these limitations is essential for enhancing the effectiveness and practicality of optimization
approaches in real-world applications. Further, the researchers dealing with large-scale power system
issues might find the NOA a valuable optimization tool based on its demonstrated effectiveness.
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mission systems. Tehnički Vjesnik 30: 274–281.

Thiruvel A, Thiruppathi S, Chidambararaj N, et al. (2023) Modern power system operations in effective trans-
mission congestion management via optimal DG capacity using firefly algorithms. 2023 9th International
Conference on Electrical Energy Systems (ICEES). IEEE, pp.360–365.

Verma S and Mukherjee V (2016a) Firefly algorithm for congestion management in deregulated environment.
Engineering Science and Technology, an International Journal 19: 1254–1265.

Verma S and Mukherjee V (2016b) Optimal real power rescheduling of generators for congestion management
using a novel ant lion optimiser. IET Generation, Transmission & Distribution 10: 2548–2561.

Verma S, Saha S and Mukherjee V (2018) Optimal rescheduling of real power generation for congestion man-
agement using teaching-learning-based optimization algorithm. Journal of Electrical Systems and
Information Technology 5: 889–907.

Wang X, Zhao T and Parisio A (2022) Frequency regulation and congestion management by virtual storage
plants. Sustainable Energy, Grids and Networks 29: 100586.

Wangunyu IG, Murage DK and Kihato PK (2022) Power system congestion management by generator active
power rescheduling using cuckoo search algorithm. Proceedings of the Sustainable Research and
Innovation Conference, pp.159–164.

Zakaryaseraji M and Ghasemi-Marzbali A (2022) Evaluating congestion management of power system con-
sidering the demand response program and distributed generation. International Transactions on Electrical
Energy Systems 2022: 1–13.

Zhou H, Lu L, Wei M, et al. (2023) Robust scheduling of a hybrid hydro/photovoltaic/pumped-storage system
for multiple grids peak-shaving and congestion management. IEEE Access 12: 22230–22242.

Kumar et al. 35



Appendix

Table A2. Bid cost for the generators in the congestion management for IEEE 118-bus system (Dash and

Mohanty, 2015).

Generator number 1 4 6 8 10 12 15 18 19

Incremental price bids ($MW/h) 39 42 40 43 21 22 44 40 43

Decremental price bids ($/MWh) 37 34 37 38 16 17 34 37 35

Generator number 24 25 26 27 31 32 34 36 40

Incremental price bids ($MW/h) 44 26 22 40 44 23 42 46 42

Decremental price bids ($MW/h) 34 17 17 38 34 17 36 35 34

Generator number 42 46 49 54 55 56 59 61 62

Incremental price bids ($MW/h) 46 44 24 31 41 42 22 25 43

Decremental price bids ($MW/h) 37 34 17 29 35 36 16 15 35

Generator number 65 66 69 70 72 73 74 76 77

Incremental price bids ($MW/h) 64 65 68 69 71 72 73 75 76

Decremental price bids ($MW/h) 16 17 14 38 38 37 35 38 37

Generator number 80 85 87 89 90 91 92 99 100

Incremental price bids ($MW/h) 79 84 86 88 89 90 91 98 99

Decremental price bids ($MW/h) 14 37 16 35 37 37 35 36 35

Generator number 103 104 105 107 110 111 112 113 116

Incremental price bids ($MW/h) 34 17 36 35 22 44 40 22 44

Decremental price bids($MW/h) 16 37 38 37 36 17 37 32 34

Table A3. Notation list.

CC congestion cost ($/h) Uj upper bounds

Cinc incremental price bids ($/h) Lj lower bounds

Cdec decremental price bids($/h) ψ randomly generated number [0, 1]

ΔPg adjusted power (MW) Zt
m,j mean solution

PGk active power (MW) ξ random number [0, 1]

QGk reactive power (MVA) Z
�t+1(new)

i new position

PDk power demand (MW) Z
�t

best best position

θkj admittance angle τ random number [0, 1]

δk voltage angle γ Levey flight value

Nb number of buses RPs reference points

Ng number of generators Nd number of loads

α convergence factor Z
�t+1

current position

Table A1. Bid cost for the generators in the congestion management for IEEE 30-bus system (Sharma et al.,

2018).

Generator number 1 2 3 4 5 6

Incremental price bids ($MW/h) 21 19 40 42 44 39

Decremental price bids ($MW/h) 19 18 37 36 34 38

36 Energy Exploration & Exploitation 0(0)


	 Introduction
	 Literature survey
	 Motivation
	 Research contribution

	 Problem formulation
	 Inequality constraints
	 Equality constraints

	 Nutcracker optimizer algorithm
	 Foraging stage: Exploration phase 1
	 Storage stage: Exploitation phase 1
	 Cache-search and recovery strategy
	 Performance analysis of NOA
	 Computational complexity of NOA

	 Results
	 IEEE 30-bus system
	 Statistical test for NOA on IEEE 30-bus system

	 IEEE 118-bus system
	 Statistical test for NOA on IEEE 118-bus system


	 Conclusions
	 References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile ()
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 5
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2003
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    33.84000
    33.84000
    33.84000
    33.84000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    9.00000
    9.00000
    9.00000
    9.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames false
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks true
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo true
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


