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Abstract

With the continuous expansion of the intelligence of the power system

and the scale of new energy grid connection, economic dispatching, as

a core technology for optimizing energy allocation, is facing three key

challenges. First, the high-dimensional nonlinear constraints make

the optimization solution space exhibit complex non-convex charac-

teristics. The strong nonlinearity of the unit cost function and the

constraint conditions leads traditional methods to easily fall into lo-

cal optimum. Second, the coupling of multiple time scales increases

the difficulty of cross-scale collaborative optimization. Third, the

randomness of the output of new energy sources such as wind power

and photovoltaic power intensifies the risk of supply and demand im-

balance. These factors jointly lead to the dynamic changes of the

feasible domain boundary of the optimization problem. However,

the existing methods have clear quantitative limitations - the con-

vergence speed drops by more than 30% in high-dimensional scenar-

ios, and the prediction deviation of power generation costs exceeds

5% in high-tech energy penetration scenarios, making it difficult to

meet the requirements of precise scheduling. This study proposes an

economic dispatch model integrating Particle Swarm Optimization

and a neural network-improved Random Chaos Bat Algorithm. Re-

sults show after 98 iterations, the improved algorithm’s fitness value

is stable at 103, with a median Root Mean Square Error of 0.55 and

an interquartile range of 0.12. Furthermore, the fusion model evalu-

ation shows after 250 iterations, the model’s power generation cost

is stable at 9.48, with a 0.02 mean deviation between predicted and

actual values, and the fastest single dispatch optimization time is 3.2

s. The model effectively addresses nonlinear and non-convex opti-

mization challenges in power system economic dispatch, enhancing

operational reliability and system economy. It also offers method-

ological support for the low-carbon, intelligent dispatch of emerging

power systems.
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1. Introduction

Over the past few years, with the in-depth promotion
of green energy and the continuous improvement of the
level of intelligent power systems, the economic dispatch of
power systems has become a core issue of common concern
in academia and industry [1]. Especially in scenarios where
a high proportion of new energy sources such as wind power
and photovoltaic power are connected to the grid, the ran-
domness, volatility and intermittency of their output have
led to a sharp increase in the difficulty of balancing supply
and demand in the power system. For instance, the output
of photovoltaic power is affected by the intensity of light,
with an intra-day fluctuation range of up to ±30%, and
the intra-day fluctuation range of wind power output ex-
ceeds ±40%. Traditional dispatching methods, due to the
lack of efficient nonlinear fitting and dynamic optimization
capabilities, are difficult to precisely match the changes in
supply and demand, which may easily lead to wind and
solar power curtailment or power supply shortages. Mean-
while, the multi-time-scale coupling of multiple links such
as source-grid-load-storage (such as second-level fluctua-
tions in new energy, minute-level load responses, and hour-
level unit dispatching) further intensifies the challenges of
traditional dispatching methods in terms of real-time per-
formance and accuracy. The innovative application of in-
telligent algorithms in the field of economic dispatch of
power systems has not only effectively solved the optimiza-
tion problems of traditional dispatch methods under com-
plex constraints, but also significantly improved the accu-
racy and flexibility of dispatch decisions [2]. Therefore,
studying algorithms related to economic dispatch plays
a crucial role in driving technological advancements and
industrial upgrades in power systems. At present, the
mainstream economic dispatch methods of power systems
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include traditional dynamic programming, Genetic Algo-
rithm, Simulated Annealing, etc. [3]. However, the above
methods are only applicable to idealized systems, are diffi-
cult to deal with nonlinear constraints, and lack adaptive
capabilities. Therefore, an efficient and adaptable process-
ing method is needed [4]. Compared with other methods,
the Random Chaos Bat Algorithm (RCBA) is a heuristic
algorithm that designs iterative strategies by simulating
natural behaviours. It can adapt to nonlinear functions
without relying on objective functions and naturally sup-
ports multi-objective parallel computing, making it suit-
able for large-scale power grids. Alternatively, the intro-
duction of the BackPropagation Neural Network (BPNN)
can further enhance the modeling capability of the deep
learning model and significantly improve its search effi-
ciency [5]. Therefore, this study proposes a new power
system economic dispatch algorithm model that integrates
BPNN and RCBA. At the same time, the model utilizes
Particle Swarm Optimization (PSO) to further optimize
the optimal weights and thresholds of the BPNN. It is ex-
pected that this model can help the power system achieve
cost reduction, efficiency improvement, and sustainable in-
telligent development. This study innovatively integrates
the BPNN with the PSO and RCBA algorithm architec-
ture, breaking the single modeling limitation of traditional
optimization, establishing a prediction and optimization
closed loop, and realizing the coordinated optimization of
economy and robustness. Moreover, by optimizing the con-
sumption rate of new energy and reducing the average out-
put of coal-fired units, the model can cut CO2 emissions
and facilitate the low-carbon transformation of the power
system. It has significant theoretical value and practical
application potential.

2. Related Works

The Bat Algorithm (BA) is a meta-heuristic optimiza-
tion technique inspired by the echolocation behaviour of
bats. It solves complex optimization problems by simu-
lating their search, positioning, and attack processes. Do-
mestic and foreign researchers have conducted extensive
discussions on this algorithm. For instance, Sobhanayak
introduced a multi-objective optimization algorithm that
combines improvements to the Bat algorithm to tackle the
energy consumption issue in multi-core parallel systems
and cloud computing. The algorithm combined the het-
erogeneous earliest completion time and BA. The results
of the variance analysis statistical tool verification showed
that the proposed algorithm was superior to existing con-
temporary algorithms [6]. Seifipour et al. combined the
Mustang optimization algorithm and the RCBA to address
the problem of effectively allocating power generation re-
sources in power systems. The simulation results of four
test cases confirmed that the algorithm could provide a
good optimization solution for power system resource al-
location [7]. Mirfallah et al. proposed a new improved
BA using the concept of expected value to solve various
complex engineering optimization problems. The experi-

mental results showed that, compared with the previously
modified firefly algorithm, the proposed algorithm demon-
strated effectiveness and superiority of at least 1.71% bet-
ter across various accuracy performance metrics [8]. To ad-
dress the issues of low detection accuracy, detection rate,
and precision in intrusion detection systems, Saheed pro-
posed a novel method that used the bat metaheuristic al-
gorithm with the residue number system. Experimental
results demonstrated that the fusion algorithm achieved
an outstanding detection rate, accuracy, and Balanced F-
Score (F1 score), showing a significant improvement in per-
formance [9]. To address the challenge of modeling daily
river water temperatures, Heddam et al. proposed an ex-
treme learning machine calculation model that integrates
BA optimization. When compared with the results from
the multilayer perceptron neural network, regression tree,
and multivariate linear regression model, the prediction
accuracy of this model achieved the highest level [10].

With the continuous innovation of power market reform
and technology, new theories and methods were constantly
proposed and applied in the field of economic dispatch of
power systems. Scholars in many countries have conducted
in-depth research in this field. For example, Luo Q pro-
posed a specific quantitative standard for introducing mar-
ket mechanisms to reduce power generation costs and im-
prove system reliability. The research results showed that
more efficient coal-fired power generation could be achieved
through economic dispatch, and the dispatch decision in
power generation had the potential to reduce the nega-
tive impact of power plant emissions on China’s existing
facilities [11]. Liu Q and his team proposed a hybrid dif-
ferential evolution and gain-sharing knowledge algorithm
for the economic dispatch of thermal power units, and
designed a dual-population evolution framework. Experi-
ments demonstrated that the algorithm exhibited a faster
global convergence speed, yielded higher-quality dispatch
solutions, and demonstrated stronger robustness [12]. She
B et al. proposed an inertia management framework called
virtual inertia dispatch to address the growing penetration
of inverter resources in the power system. Experimental re-
sults showed that the framework could achieve large-scale
renewable energy generation through inertia dispatch and
power generation dispatch based on safety constraints and
economic orientation [13]. Lei C’s team proposed an ad-
vanced economic dispatch framework explicitly designed
for wind-heat bundled power systems, aiming to tackle the
challenges associated with managing safety-constrained
power systems. This innovative framework accounted for
the variable ramp rates of modified coal-fired units, as well
as the dynamic load transfer strategies implemented within
high-voltage distribution networks. Experimental results
demonstrated that the method offered both high computa-
tional accuracy and efficiency [14]. Pan C proposed a com-
prehensive reliability-constrained economic dispatch model
to tackle the operational risk issues in power systems. The
model was developed using decision-dependent reliability
constraints, which were represented by a sparse polynomial
chaos expansion. Experimental results indicated that the
model was both practical and accurate in optimizing the
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reliability and cost of day-ahead economic dispatch [15].
In summary, existing research has made some progress in

the economic dispatch of power systems, but there are still
limitations, such as insufficient regulation capabilities and
increased safety risks. BA was easy to combine with other
algorithms and could integrate multiple algorithms to solve
the above problems according to actual needs. Therefore,
the proposed fusion of the random black hole model with
BA had good practicality. It is expected that, based on
this method, a new dispatch system can be constructed to
accommodate a high proportion of renewable energy and
highly elastic loads, thereby achieving safe and low-carbon
operation of the power system.

3. Design of Economic Dispatch Model for Power
System Combining BPNN and RCBA

3.1 Mathematical Modeling of Economic
Scheduling Problems

The total power generation cost includes the fuel cost and
start-up and shutdown cost of conventional units, and the
core objective function is shown in Equation (1).

minF =

nX
i=1

�
aiP

2
i + biPi + ci + ui

�
1− vt�1

i

�
Si

�
(1)

In Equation (1), n represents the conventional unit, ai

represents the secondary fuel cost coefficient of the i -th
conventional unit, bi represents i the primary fuel cost co-
efficient of the i -th conventional unit, and ci represents
i the fixed fuel cost coefficient of the i -th conventional
unit. Pi represents i the active power output of the i -th
conventional unit, ui represents i the startup state of the
i − vt�1

i th unit at time t; trepresents i the operating state
of the i - th unit at time t; Si represents the startup cost
of t − 1 the i- i th unit, and F represents the total power
generation cost of the system. The total system output
must meet the total load and grid loss requirements, and
the coupling relationship including new energy output is
shown in equation (2).

nX
i=1

Pi +

mX
k=1

Pren;k = PD + PL (2)

In Equation (2), m represents the total number of new en-
ergy generating units, Pren ;k represents k the active power
output of the first type of new energy generating units, PD

represents the total load demand of the system, and PL

represents the network loss of the system. The network
loss is calculated as shown in equation (3).

PL =

nX
i=1

nX
j=1

PiBijPj +

nX
i=1

Bi0Pi +B00 (3)

In Equation (3), Bij represents the second-order coefficient
of network loss, Bi0 represents the first-order coefficient
of network loss, B00 represents the network loss constant

term, j is the index of conventional units, has no unit, and
has i the same meaning as . The output limit constraint
and ramp rate constraint of conventional units are shown
in equation (4).¤

Pi;min ≤ Pi ≤ Pi;max

−Ri; down ≤ P t
i − P t�1

i ≤ Ri;up

(4)

In Equation (4), Pi; min represents the minimum active
power output of the i -th conventional unit, Pi; max rep-
resents i the maximum active power output of the i -th
conventional unit, Ri;up represents the maximum i ramp
rate of the i -th conventional unit, Ri; down represents the
maximum i ramp rate of the i th conventional unit, P t

i rep-
resents the active power output of the i - i th unit t at time
t , and P t�1

i represents i the active power output of the i -
th unit at time t−1t. The output of new energy sources is
limited by natural conditions ( wind speed, sunlight ) and
exhibits randomness , as shown in equation (5).

0 ≤ Pren;k ≤ P t
ren;k;max (5)

In Equation (5), P t
ren, k;max represents k the maximum

power output of the first type of new energy unit at any
given time, which changes dynamically with real-time me-
teorological data t.

3.2 Improvement of BA Based on the Random
Black Hole Model

With the deep integration of power system intelligence
and new energy technologies, the application of intelligent
algorithms in economic dispatch has become increasingly
widespread [16]. However, general optimization methods
have limited processing capabilities for complex nonlinear
constraints, and are prone to falling into local optimality
in high-dimensional solution space, making it challenging
to balance economy and safety accurately [17]. Therefore,
in order to address the difficulties in modeling nonlinear
cost functions and the low efficiency of multi-constraint
collaborative optimization in power system dispatch, it is
proposed to introduce BA. The algorithm dynamically ad-
justs the search strategy by simulating the bat echoloca-
tion mechanism, allowing the optimization process to focus
more on key constraints and suppress the interference of
redundant search paths. The structure of BA is shown in
Figure 1.

Figure 1. Schematic Diagram of the BA Structure

As shown in Figure 1, the BA begins by initializing the
parameters of the bat population and calculating the fit-
ness of the population. During each iteration, bats update
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their frequency, velocity, and position based on the current
best solution they have found. The new position is gen-
erated through an equation to explore the solution space,
and its �tness value is then calculated. If the new solu-
tion is found to be superior, the best solution is updated
accordingly. This iterative procedure is repeated until the
predetermined maximum number of iterations is reached,
at which point the �nal optimal solution is determined.
The bat regulates its search range by adjusting its fre-
quency, and the frequency update process is described by
Equation (6).

f i = f min + (f max � f min ) � (6)

In Equation (6), f max and f min represent the minimum
and maximum frequency values, and � represents a ran-
dom number following a uniform distribution U(0; 1). It
can be seen from this formula that each bat can randomly
choose a frequency between the minimum and maximum
frequencies, thereby performing searches of di�erent scales
in the solution space. The velocity update of the bat de-
pends on its current velocity, frequency, and the position of
the global optimal solution. Its velocity calculation process
is shown in Equation (7).

Vi (t + 1) = V i (t) + (X best (t) � X i (t)) f i (7)

In Equation (7), V i (t) and X i (t) represent the velocity and
position of the i-th bat in the t-th generation, and X best (t)
represents the position of the global optimal solution in the
t-th generation. Equation (7) indicates that the velocity
of the bat is not only related to its frequency but also
adjusts towards the direction of the current global optimal
solution. When certain conditions are met, the bat will
perform local search near the current optimal solution by
adding a random disturbance, as shown in Equation (8).

X new = X best + "A avg (t) (8)

In Equation (8), " refers to a random number uniformly
distributed within the [1; 1] range, and A avg (t) is the av-
erage loudness of all bats in the t-th generation. Although
BA can play a role in power system economic dispatch,
it still has limitations such as convergence stagnation, a
single search direction, and an imbalance between local
search and global exploration. Therefore, this study in-
troduces the random black hole model to address these
issues through dynamic diversity injection, dimension-
independent exploration, and hybrid search coordination.
The structure of the random black hole model is shown in
Figure 2.

In Figure 2, the model begins by inputting the popu-
lation P, objective function, and control parameters, then
processes these inputs to obtain an optimal solution. Then,
a random individual is selected from the current popula-
tion, and a condition is applied to decide whether it should
be set as a temporary black hole. Finally, a devouring or
attraction operation is performed on the population indi-
viduals to update them dynamically. The �tness distance
between an individual and the black hole candidate is cal-
culated as shown in Equation (9).

di = jF (M i ) � F (M candidate )j (9)

Figure 2. Schematic Diagram of the Random Black Hole
Model Structure

In Equation (9), F (�) is the objective function, and
M candidate is the randomly selected black hole candidate.
Equation (4) evaluates the �tness di�erence between the
individual M i and the black hole candidate Mcandidate to
determine the devouring probability weight. The operation
to generate a new solution through disturbance is shown
in Equation (10).

M new = M candidate + � [(M rand � M candidate ) (10)

In Equation (10), � is the disturbance coe�cient, and
M rand is a randomly selected individual from the popu-
lation. The random black hole model disturbs the black
hole candidate through random individual M rand , gener-
ating exploratory new solutions, thereby escaping local op-
tima. The probability of being devoured related to �tness
is shown in Equation (11).

pabs (M i ) = p abs base
Fmax � F (M i )

Fmax � F min + �
(11)

In Equation (11), pabs base is the basic devouring prob-
ability, F max and Fmin are the maximum and minimum
�tness of the current population, and � is a small value to
avoid a zero denominator. The research integrates the ran-
dom black hole model with the BA algorithm to generate
the RCBA algorithm. The core improvement mechanism
of RCBA focuses on the introduction of chaotic mapping,
the design of randomization strategies, and the enhance-
ment of convergence [18]. Among them, Logistic chaotic
mapping is adopted to generate the adaptive perturbation
coe�cient �. This mapping has ergodicity and random-
ness, which enables the perturbation coe�cient to adap-
tively traverse the [0; 1] interval during the iteration pro-
cess, avoiding insu�cient exploration or excessive oscilla-
tion caused by a �xed step size, and precisely matching
the requirements of global exploration in the early stage
and local optimization in the later stage of the algorithm.
The randomization selection adopts the "�tness weighted
roulette method", allocating the selection probability ac-
cording to the proportion of individual �tness values. The
probability of individuals with poor �tness being selected
increases by 30%, strengthening the replacement of inferior
solutions. Second, the generation of new solutions through
perturbation combines "chaotic perturbation + random in-
dividual guidance". Based on the candidate positions of
black holes, the product term of the population random
individuals and the chaotic coe�cient (Equation 5) is in-
troduced to break the homogenization of the population
and expand the exploration range of the solution space.
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The ergodicity of Logistic chaotic mapping enables the al-
gorithm to quickly cover the key regions of the solution
space. Compared with the random perturbation of tradi-
tional BA , the global exploration e�ciency is improved by
25% to 30%. The randomization strategy weighted by �t-
ness reduces the probability of the population falling into
local optimum, lowering the local optimum trap rate from
25% in traditional BA to below 8%. The combination of
the two signi�cantly improves the convergence of RCBA.
The process of solving the economic scheduling problem
using the RCBA algorithm is shown in Figure 3.

Figure 3. The Process of RCBA for Solving Economic
Dispatch Problems

In Figure 3, RCBA �rst clari�es the input system param-
eters, such as population size and number of iterations. It
then randomly generates a set of solutions within the vari-
able constraints, calculates the �tness value corresponding
to each solution, and selects the current optimal solution.
During each iteration, the algorithm adjusts the frequency,
velocity, and position of each individual. It then employs
the random black hole model to re�ne the solution near the
newly generated position and computes the �tness value
of this updated solution. If the new solution proves to
be better and meets the pulse loudness criteria, both the
solution and its corresponding �tness value are recorded.
The relevant information for each iteration is also docu-
mented. The algorithm checks whether the preset number
of iterations has been reached. If the condition is met,
the solution process terminates; otherwise, the loop con-
tinues. To speci�cally explain the operational details of the
RCBA algorithm in key steps such as position update and
frequency adjustment, the supplementary pseudo-code of
the RCBA algorithm is shown in Algorithm 1.

The �tness function is shown in Equation (12).

g(x) = F (x) + Penalty (x) (12)

In Equation (12), Penalty(x) represents the combination
of constraint conditions and penalty terms. This equation
indicates that RCBA evaluates the quality of the solution
by combining the objective function with constraint con-
ditions.

3.3 Power System Economic Dispatch Model In-
tegrating PSO-BPNN and RCBA

Although RCBA demonstrates the ability to handle com-
plex constraints in power system economic dispatch, it re-
lies on a heuristic search strategy, which faces challenges

Algorithm 1: RCBA Algorithm Pseudocode
Input: Population size N, maximum iteration T ,

f min , f max , P0, �
Output: x best ; F (x best )
Initialize bat population X = [x 1; x2; : : : ; xN ];
Calculate initial �tness F (X) using Equation (7)
including constraint penalty terms;

xbest = arg min(F (X));
for t = 1 to T do

for i = 1 to N do
// 1. BA Core Update (Frequency,

Speed, Location)
� � U(0; 1);
f i = f min + (f max � f min ) � �;
vt

i = v t�1
i + (x t�1

i � x best ) � f i ;
x t

i = x t�1
i + v t

i ;
// 2. Random Black Hole Model Fusion
xbh = random selection from X;
d = F (x t

i ) � F (x bh);

Pbh = P 0 �
F (x t

i ) � f min

f max � f min + 10 �6 ;

if rand() < P bh then
x r = random selection from X;
xnew = x bh + �(x r � x bh);
if F (x new ) < F (x t

i ) then
x t

i = x new ;

// 3. Local Search

if rand() <
A t

i

A t
avg

then

x t
i = x best + �A t

avg ;

// Update global values
f max = max(F (X));
f min = min(F (X));
xbest = arg min(F (X));

in balancing optimization accuracy and computational ef-
�ciency in high-dimensional nonlinear solution spaces. As
a typical data-driven method, BPNN possesses strong non-
linear mapping capabilities and a fast feature learning
mechanism, enabling it to directly extract key scheduling
features from historical operational data [19], [20]. There-
fore, this study proposes using BPNN to address the op-
timization bottleneck of RCBA in high-dimensional non-
linear scenarios by leveraging BPNN's advantages in com-
plex function approximation, multi-source data fusion, and
real-time online learning. The structure of BPNN is shown
in Figure 4.

As shown in Figure 4, the BPNN is structured with
three distinct layers. Information from the input layer
is transmitted to the hidden layer by applying weights,
and this data is subsequently passed through multiple hid-
den layers. Each neuron in the hidden layer processes
the incoming information and forwards it to the output
layer, where the di�erence between the predicted and ac-
tual values is calculated. Using the chain rule, the error
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