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Abstract. In emergency task scheduling, this study proposes a complex model for emergency scheduling. It is
based on the particle swarm algorithm and improves upon the traditional version. Additionally, the study
recommends the use of the binary particle swarm optimization algorithm (PSO). The study proposes applying
the multi-objective task scheduling-particle swarm optimization algorithm (MOTS-PSO) to the complex
emergency scheduling model by combining it with the multi-objective function. Compared to other algorithms,
the proposed improved algorithm exhibited the lowest average number of iterations, which consistently fell
within the range of 130, and achieved a 100% success rate for optimization searches on the majority of functions.
When compared with othermodels, the proposed researchmodel demonstrated superior performance, exhibiting
the lowest total scheduling cost, total execution time, and data transfer time of 280 and 900, respectively, for the
task quantity of 5000. Furthermore, the proposed model exhibited the lowest maximum execution cost for a
single node, which remained within the range of 0.45S. The outcomes of the experiments demonstrate that the
proposed research model adequately satisfies the requirements for complex scheduling and its simulability has
been confirmed.
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1 Introduction

In contemporary society, the occurrence of emergencies
and contingencies is on the rise, necessitating the
implementation of corresponding emergency relief mea-
sures. In emergency situations, the efficient realization of
task scheduling work is integral to emergency rescue
efforts. As such, the successful completion of the
contingency scheduling (CS) task is directly linked to
the effectiveness of disaster rescue and reduction in loss.
Most of the dispatching work has traditionally relied on
human resources. But as society has advanced and
developed, CS jobs have grown increasingly difficult and
complex. This development has put forward higher
requirements for CS personnel. Additionally, the face of
increasingly diverse and complex emergencies and contin-
gencies demands constant innovation and improvement of
CS tasks. The application of modern information technol-
ogy has increased the possibilities for CS tasks due to
advances in science and technology [1,2]. Most current task
scheduling employs particle algorithms, but they can suffer
from issues such as a tendency to get trapped in local
optimization during search for optimization [3–5]. The
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study enhances the conventional particle swarm optimi-
zation (PSO) and proposes a multi-objective scheduling
approach to establish the model. MOTS-PSO model can
achieve more accurate scheduling, reduce scheduling cost
and realize scheduling tasks in complex emergency
scheduling. The research is structured into four main
parts. The first part summarizes PSO and task scheduling
research by domestic and foreign scholars and analyzes
the results. The second part constructs and analyzes the
proposed model, introducing improvement methods for the
model. The third section involves validating the effective-
ness of the comparison experiments in relation to their
actual application. The fourth section serves to summarize
the experimental results, identify research limitations, and
propose future directions for research.

2 Related works

The growing use of PSO is driving advances in medicine,
the chemical industry, and other fields. This has sparked
growth in a number of industries. An enhanced salp
algorithm based on PSOwas proposed byDagal I and other
academics to track the solar system’s greatest power point.
The study utilized photovoltaic solar panels with input
voltages and currents that were monitored using PSO
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algorithm. The outcomes indicated that the efficiency of
the proposed algorithm of the study reached 99.99%,
99.63% and 99.24% respectively when compared with other
methods [6]. Zhang scholars proposed an assessment
method incorporating PSO algorithm for rock bursts that
can easily occur in mining. The study used impact pressure
data to establish a BP regression model, while optimizing
the connection weights in combination with the PSO
algorithm. The outcomes indicated that the method
proposed by the study, compared with the standard BP
method to improve the accuracy by 15%, verifying that the
method had accuracy and overall applicability [7]. Bi and
other scholars proposed a PSO synthesized improvement
method for PSO in response to problems such as low search
efficiency. The method combined dynamic adaptive PSO
with ecds-PSO algorithm, discarded the particle velocity,
and simplified the overall second-order difference equation
into a first-order difference equation. Results of experi-
ments indicated that the proposed method improved the
algorithm accuracy while enhancing the efficiency of the
algorithm [8]. Liu and other scholars in the field of
materials proposed a hybrid algorithm based on a two-
population evolutionary strategy. The algorithm combined
with PSO algorithm and used the information sharing
mechanism to achieve co-evolution, which increased the
diversity of individuals. The study’s suggested method was
shown to have the best resilience and optimization seeking
abilities when compared to other algorithms, according to
evaluation results [9]. Abadi MQ H and other scholars
proposed the HSSAGA model to address the scheduling
problem of medical personnel during the COVID-19
epidemic. This model utilized the Salp group algorithm
to solve the scheduling and assignment problems of nurses.
Experimental results demonstrated that the proposed
algorithm outperforms the most advanced algorithm [10].
Dagal I et al. proposed the SSPSO algorithm for the
independent battery charging system. This algorithm
utilized a hybrid series salp particle optimization algorithm
to achieve maximum power point tracking. Simulation
results demonstrated that the proposed algorithm is highly
efficient, with an average tracking efficiency of 99.99% [11].
Chalh et al. proposed a new method for MPPT based on
Gull optimization algorithm to solve the problem of using
themaximum power point tracking controller. Themethod
utilized fewer operators and modified parameters. The
performance of this method was compared to other
methods in an 80W photovoltaic system, and the
experimental results confirmed its effectiveness [12].
Ibrahim A L W and other scholars proposed an SSA-
PSO method to solve problems with DC bus capacitors.
The method used a hybrid salp group algorithm and PSO,
along with an intelligent synovial controller, to eliminate
instability in DC bus voltage. Simulation results demon-
strated the method’s effectiveness in output power
extraction and current harmonic reduction [13].

In the realm of task scheduling, numerous scholars have
researched using optimization algorithms, including deep
learning and genetic algorithms [14–16]. Rigo and other
scholars designed a task scheduling branch pricing
algorithm for satellite scheduling tasks. The algorithm
incorporated a dynamic programming algorithm to
decompose the task and apply it to large-scale tasks in
extended time. Comparing the proposed algorithm of the
study with other algorithms, the algorithm was able to plan
more complex tasks in an optimal manner within a
reasonable time [17]. A recursive search artificial bee colony
technique was proposed by Gao and other researchers to
solve the scheduling optimization problem of concurrent
testing activities. The study obtained a series of implied
sequences during the search process, and searched for the
scheduling planwithminimumcompletion time through the
impliedsequences.The study’s suggestedalgorithmwasable
to accomplish the goal of creating efficient tests in the least
amount of time, according to the trial findings, which were
comparedwith other approaches [18]. For roboticwork cells,
Xidias and colleagues introduced a scheduling approach
based on a genetic algorithm and an adaptive neuro-fuzzy
system for motion planning and job scheduling issues. The
method plannedboth collision-freemotion and optimal path
time, combining a geometric approach with an adaptive
neuro-fuzzy system to configure the manipulator. Tests
revealed that the suggested approach could identify the ideal
manipulator setups and demand point sequences more
quickly [19]. Natarajan and other scholars proposed a
scheduling method based on ant colony algorithm (ACA) in
the field of cloud computing. The method combined with
load balancing and uses ACA technique for cloud load
balancing task.Experimentswere carriedout to compare the
research proposedmethodwith alternative approaches. The
findings of the experiments showed that the research
proposedmethodreducedtheexecutiontimeandoperational
cost while improving the efficacy of the ACA in cloud load
balancing [20].

In summary, while some scholars have made progress in
PSO and task scheduling research, there is currently
insufficient research in the field of CS. The issue of
premature convergence arises when implementing tradi-
tional particle swarm scheduling. This paper investigates
the enhancement of the particle swarm algorithm. The
paper innovatively improves the PSO algorithm for
complex emergency scheduling, enhancing the algorithm’s
accuracy and better meeting scheduling requirements.

3 Complex CS modeling based on PSO

Facing the complex task CS, the study is based on PSO and
improves it. Then combined with the multi-objective task
function, the multi-task goal scheduling strategy is
proposed to be applied to the complex CS model.
3.1 Particle swarm task scheduling algorithm

The deployment and implementation of tasks in complex
situations require several technical supports, including the
most important one is the task scheduling technique. Task
scheduling is a combinatorial optimization problem, and
the result of task scheduling is related to the efficiency of
the whole task implementation, which has a very crucial
role in the task processing in emergency situations [21].
Task scheduling is to establish an appropriate order of task
implementation within a certain time frame according to
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Fig. 1. Task scheduling schematic.
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the emergency of the task. The parameters of the model to
achieve the best performance are selected. The principle of
task scheduling is shown in Figure 1.

Figure 1 shows the schematic diagram of task
scheduling. After the user submits the task, the big data
network will analyze and process the task according to the
execution time and specifics of the task, integrate the
analysis results, and distribute the results to each user.
Heuristic optimization techniques, such as genetic algo-
rithms, ACAs, firefly algorithms, and PSO, have been
employed a lot in recent years to tackle scheduling
difficulties. PSO is selected for the study to solve
scheduling problems in complex situations due to its
advantages such as high efficiency and fast convergence,
fewer parameters and easy implementation [22–24]. PSO
has several advantages, including few algorithm parame-
ters and simple implementation for processing scheduling
tasks. Additionally, PSO has a good effect in dealing with
discretization problems, which is important since most of
the data in task scheduling schemes are discretized data
information. Therefore, this paper has chosen PSO as a
task scheduling strategy to study. The core idea of PSO can
be summarized as follows: assume that there exists a search
space with particle population sizeN and spatial dimension
n dimensions, the n-dimensional vector of particle i velocity
is denoted Vi={vi1, vi2, ..., vin}, and the n dimensional
position vector is denoted Xi={xi1, xi2, ..., xin}. During the
search process, the i th generation particle searches for two
kinds of optimal position information, one is pbest, for the
local optimal position searched by the particle within the
population. The other is gbest, for the global optimal
position searched by the particle in the whole particle
population. Denoting the vector Pi={Pi1, Pi2, ..., Pin} as
the local optimal solution and the vectorGbesti={Gbesti1,
Gbesti2, ...,Gbestin} as the global optimal solution, the way
of updating the velocity of the particle of the i th generation
at the moment of t +1 is expressed as equation (1).

v
ðkþ1Þ
in ¼ v � v

ðkþ1Þ
in þ c1 � r1 � ðPin � x

ðkÞ
in Þ þ c2

� r3 � ðGbestin � x
ðkÞ
in Þ: ð1Þ
In equation (1), v denotes the inertia weights during
the iteration process, r1, r2 denotes two random numbers
taking values between [0,1], and c1, c2 denotes the learning
factor, which is the acceleration factor of the particle in
flight. The way of updating the position of the particle in
the ith generation at the moment of t +1 is expressed as
equation (2).

x
ðkþ1Þ
in ¼ x

ðkÞ
in þ v

ðkþ1Þ
in : ð2Þ

The variation of the task scheduling scheme can be
realized by using equation (2). After realizing the iterative
process, the PSO records the global optimal position, which
is the result of this task scheduling. During the task
scheduling process, the position vectorXi={xi1, xi2, ..., xin}
of PSO is equivalent to the corresponding task scheduling
scheme. The process of PSO is shown in Figure 2.

The PSO flowchart is displayed in Figure 2. The
swarm’s information exchange allows PSO to identify the
best solution through the structure as illustrated, and
during the iteration phase, all particles migrate to the
global optimal particle position. Standard particle swarms
are generally used in solving continuous problems such as
function optimization, and three-stage coding is used for
task scheduling, in which individuals are generated as
shown in Figure 3.

Figure 3 shows the schematic diagram of individual
generation. As shown in the figure, the individual
generation approach is also divided into three parts; all
individuals in the population follow a grouping strategy for
learning, which updates the three codes of the individuals
in turn.

3.2 Optimization and improvement of CS strategies

PSO will have problems such as premature convergence,
optimal solution traps and imbalance between local and
global search when performing task scheduling, to address
the above problems, the study proposes an improved PSO
(BIPSO). BIPSO is improved from five aspects such as
adaptive inertia weights, dynamic learning factors, flower
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pollination algorithm, firefly algorithm mixing, and
boundary processing, and the impact effects of the
improved approach are shown in Figure 4 Shown.

Figure 4 displays the impact of the five enhancements
on the algorithm. The PSO’s inertia weightv influences the
particles’ search capability throughout the optimization
process. When utilizing inertia weight v >1, particle flight
speed in multidimensional space increases gradually over
time until maximum velocity is reached, resulting in amore
dispersed particle population. Conversely, when employing
inertia weight 0 < v � 1, particle flight speed decreases.
A greater value of v supports global exploration, while a
lesser value of v bolsters local exploitation ability.
Initially, global space exploration necessitates a higher v
to increase species diversity, while later on, a lower v is
required for local search ability. The study employs a
nonlinear decreasing function to enhance inertia weights,
and the upgraded adaptive inertia weights are denoted as
equation (3).

v ¼ vMax � ðvMax � vMinÞ � ðeð t
Tmax�1ÞÞ

� randð0; 1Þ: ð3Þ
In equation (3), t denotes the iterations of the
algorithm, T max denotes the maximum iterations of
the algorithm, and vMax=0.9, vMin=0.4.

Changes to the adaptive weights can make the inertia
weights shrink continuously through iterations. The
learning factor reflects the information interaction between
the populations, c1, c2 regulates the flight of particles
towards the individual empirically optimal population and
the global empirically optimal population, respectively.
Typically, the learning factors c1, c2 change over time, and
this change is realized using the gamma function, which is
expressed as equation (4).

gðl;aÞ ¼ ∫l0e
�tta�1dt: ð4Þ

In equation (4), it is possible to make the learning factor
c1 progressively smaller and the learning factor c2
progressively larger during the iteration process. The
improvement scheme for the PSO learning factor is
expressed as equation (5).

c1 ¼ cmax�ðcmax� cminÞ
l

�gammaincinvðl;1� t

NumItr
Þ

c2 ¼ cmin�ðcmax� cminÞ
l

�gammaincinvðl;1� t

NumItr
Þ
:

8><
>:

ð5Þ
In equation (5), NumItr represents the maximum

number of iterations, cmax=2.5, cmin= 0.5, l=0.1. The
flower pollination method is a heuristic swarm intelligence
algorithm that includes two processes: self-pollination and
heteroflower pollination. The processes of self-pollination
and heteroflower pollination are comparable to the local
and global search processes, respectively, and the proba-
bility p = 0.8 maintains a balance between both. The local
optimal solution will eventually be reached by the
traditional PSO since it does not handle global and local
searches in a balanced manner. Therefore, the search
mechanism is switched using the flower pollination
algorithm, and the switching probability B is expressed
as in equation (6).

p ¼ 0:75þ 0:25 � rand: ð6Þ
Equation (6) can be used to balance the PSO’s local and

global searches, which increases PSO’s convergence
accuracy while also accelerating PSO’s convergence and
assisting particles in leaving the local optimal solution. At
this point, the location of the improved global search is
expressed as equation (7).

x
ðtþ1Þ
i ¼ x

ðtþ1Þ
i þ LðlÞ � ðV pbest � v

ðtþ1Þ
id Þ þ e

� ðV gbest � v
ðtþ1Þ
id Þ: ð7Þ

In equation (7), L(l) represents the Levy flight function
in the flower pollination algorithm, e represents a random
number in the range between 0 and 1, Vpbest represents the
locally optimal velocity value in the particle search process,
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and Vgbest represents the globally optimal velocity value in
the particle search process. PSO may fall into the local
optimal state unable to jump out in the late iteration, at this
time combined with the firefly algorithm for improvement.
The two types of the new local search position update
approach are as follows: in the first, the local search position
update is expressed in equation (8) when the “elite solution”
proves to be superior than the global optimal solution.

x
ðtþ1Þ
i ¼ uþ rand � ðV gbest � v

ðtþ1Þ
id Þ: ð8Þ

In equation (8), u denotes an “elite solution”, and rand
denotes a random number whose values satisfy the standard
normal statedistribution.When thefirefly technique is used,
it can result in “storage” and assist particles in leaving the
local optimal solution and reexamining it. Equation
represents the local search position update when the “elite
solution” is the cause of the current solution (9).

x
ðtþ1Þ
i ¼ x

ðtÞ
i þ rand � ðV pbest � v

ðtþ1Þ
id Þ: ð9Þ
In equation (9), the local search position can be updated
when the elite solution is weaker than the current solution.
In the particle swarm iteration process, a detection value
MaxStep is set to determine whether the number of
iterations in which the PSO optimal solution does not
change exceeds MaxStep. Equation (10) represents the
method that assists the algorithm in breaking out of the
local optimal solution.

ifðCurrentStep > MaxStepÞ
x
ðtþ1Þ
i ¼ uþ trndðtÞ � ðV gbest � v

ðtþ1Þ
id Þ

n o
: ð10Þ

In equation (10), trnd(t) denotes t distribution. If the
number of iterations in which the PSO optimal solution
does not change exceeds MaxStep, the particle is caught in
a local optimal trap, and the position vector is initialized
with the “optimal solution” stored by the firefly algorithm.
Particle swarms often cross the boundary in flight, and the
particle swarm boundary problem needs to be handled.
The conventional processing method involves replacing the
particle position value with the established boundary value
when it exceeds the limit. However, it is not easy to discern
the impact of particle optimization since the general
boundary value lacks the characteristics of the ideal
solution. The study adopts a suitable boundary variation
method to process the particle positions, and the particle
positions are re-initialized according to equation (11).

xu
i;j ¼ xmax � betarnd � ðxðtÞ

i;j � xbestÞ
xl
i;j ¼ xmin � betarnd � ðxðtÞ

i;j � xbestÞ
:

(
ð11Þ

In equation (11), x
ðtÞ
i;j is the current position of the

particle, xbest is the optimal value of the particle position
during the iteration process, and betrand represents the beta
distribution function. In task scheduling problems, multi-
objective optimization problems are very common, and the
multi-objective problem is defined as equation (12).

Min=Max~F ~ðxÞ ¼ ~f1
~ðxÞ; ~f2 ~ðxÞ;:::; ~fk ~ðxÞ

h i
: ð12Þ

In equation (12), ~f1 ~ðxÞ; ~f2 ~ðxÞ;:::; ~fk ~ðxÞ represents each
objective function to be optimized and ~X ¼ ðx1;x2; :::; xkÞ
represents thevectorofdecisionvariables.Multipleobjective
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functionsmust be consideredwhile solving amulti-objective
problem. In order to handle the multi-objective task
scheduling problem in conjunction with the emergency
scenario, a multi-objective task scheduling-particle swarm
optimization algorithm (MOTS-PSO) is presented and used
to the sophisticated computer science model. The task
scheduling strategy flow is shown in Figure 5.

Figure 5 shows the MOTS-PSO process, where tasks
are scheduled and processed based on the policy flow. For
the validation of the algorithm and the model, nine basis
functions are selected as in equations (13)–(15).

See equation (13) below
Equation (13) for three low-dimensional functions,

where i=1,2, functions f1 and f2 obtain the global optimum
min(f(x))= -1 at x={0,0}, and function f3 obtains the global
f 1 ¼
sin2

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
x21 þ x22

p
0:5

1þ 0:001 � ðx21 þ x22Þ
� �2 0:5; x

f 2 ¼
cosð12 �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
x21 þ x22

p
Þ þ 1

2þ 0:5 � ðx21 þ x22Þ
; xi∈½

f 3 ¼ ðþ3x1214x1 þ 16x1x214x2 þ
h

ð12x1232x136x1x2 þ 48x2 þ 27x2 þ
h

8>>>>>>>>>><
>>>>>>>>>>:
optimum min(f(x)=3 at x ={0,1}. Functions f4, f5, and f6
are denoted as equation (14).

f4 ¼
Xn
i¼1

xi2 ;xi∈ �5:12; 5:12½ �f5

¼
Xn
i¼1

jxi2jþ∏
n

i¼1

jxij;xi∈ �10;10½ �f6

¼
Xn
i¼1

ð
Xi

j¼1

xjÞ2;xi∈ �100;100½ �

8>>>>>>>>>><
>>>>>>>>>>:

ð14Þ

Equation (14) for three peak one-dimensional func-
tions, where i=1,2,..n. Functions f4, f5, and f6 obtain the
global optimum value min(f(x))=0 at x={0,0,..,0}.
i∈ 100:100½ �

5:12; 5:12�

3x22þ 19Þ � ð1þ x1 þ x2Þ2 þ 1
i
�

18Þ � ð3x2 þ 2x1Þ2 þ 30
i
; xi∈ 2; 2½ �

ð13Þ



Table 1. Parameter settings for each algorithm.

Scheduling algorithm Parameter name Parameter value

PSO Inertial factor 0.9
Number of iterations 500
Population size 25
Learning factor c1 = 1.49618, c2 = 1.49618

LPSO Number of iterations 500
Inertial factor wmax = 0.9, wmin = 0.4
Population size 25
Learning factor c1 = 1.49618, c2 = 1.49618

BIPSO Number of iterations 500
Learning factor c1,c2 e[0.5.2.5]
Inertial factor wmax = 0.9, wmin = 0.4
Population size 25
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Functions f7, f8, and f9 are denoted as equation (15).

f7 ¼
Xn
i¼1

xi2þ 10� 10cosð2pxiÞ½ �;xi∈ �5:12; 5:12½ �

f8 ¼ 1þ 1

400

Xn
i¼1

xi2

�∏
n

i¼1

cosð
xi

i
Þ;xi∈ �600; 600½ �f9 ¼

Xn
i¼1

jxisinðxiÞ
þ0:1xij;xi∈ �10;10½ �

8>>>>>>>>>>>><
>>>>>>>>>>>>:

ð15Þ
Equation (15) for three peak multidimensional func-

tions, where i = 1,2,..n. Functions f7, f8, and f9 obtain the
globally optimal value min(f(x)) = 0 at x = {0,0,..,0}.
4 Performance study of complex CS models

The study investigates the performance of the proposed
complex CS model by first experimentally comparing the
optimization of the proposed BIPSO algorithm to verify its
effectiveness. After that, the simulability of the strategies
in the model is verified in different scenarios.

4.1 Analysis of improved PSO performance

The computer configuration used for the experiments was
Windows 10 operating system, Intel Core i7-8750H
processor, and 16G RAM, the deep learning framework
version was Pytorch 1.10, and Python version was 3.7. In
this configuration the standard PSO, linearly decreasing
inertia weight PSO (LPSO) was selected to compare with
the research proposedBIPSO. The parameters of themodel
to achieve the best performance are selected. Table 1
displays the parameter settings for every algorithm.

Table 1 displays the basic parameter settings for each of
the three algorithms. Although the linearly declining
mechanism of inertia weights introduced by LPSO
improves global search capabilities in the late search, it
also has drawbacks such as randomness and a shift in
search efficiency with particle count. According to the
above settings f1, f6 and f9 are selected as test functions,
the MSError of the average convergence value is 0.02.
The convergence effect of the average value is shown in
Figure 6.

The average convergence outcomes of the three
techniques for various functions are displayed in Figure 6.
The convergence plot of the f1 function is displayed in
Figure 6a, where it is evident that the BIPSO method
converges considerably faster than both LPSO and PSO,
leading to a convergence in the vicinity of �1 after 100
iterations. Figure 6b shows the convergence plot of the f6
function, where all three functions converge to lower values
as the iterations increases, with BIPSO converging the
fastest and showing the best convergence accuracy.
Figure 6c shows the convergence plot of the f9 function,
BIPSO stays at a lower value after convergence and finally
converges to about 3, while PSO and LPSO converge to a
higher value. f1 is a low-dimensional function, f6 is a high-
dimensional single-peak function, and f9 is a high-
dimensional multiple-peak function, so BIPSO outper-
forms LPSO and PSO in terms of convergence speed and
accuracy in either low-dimensional or high-dimensional
functions. And the convergence time of BIPSO is shorter.
f1–f9 is selected as the test function, and f6 is a high-
dimensional single-peak function, and f9 is a high-
dimensional multiple-peak function. f1–f9 as test functions,
the average convergence algebra of the three algorithms is
shown in Figure 7.

The average convergence algebra results of various
techniques on the functions under test are displayed in
Figure 7. The figure shows that the BIPSO function has the
lowest number of convergence generations among the
different functions, while the LPSO and PSO functions
have a higher number of convergence generations. In terms
of low dimensional functions, the BIPSO convergence
algebra takes only 30 generations, while the LPSO and
PSO iterations take up to 242 generations each. The
BIPSO function’s convergence algebra remains within 20
generations in the high-dimensional single-peak function,
while the LPSO iteration reaches up to 175 generations and
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the PSO iteration algebra reaches up to 200 generations. In
the high-dimensional multi-peak function, the number of
convergence generations of BIPSO increases with the
complexity of the function and stays within 130 gener-
ations. The number of convergence generations of PSO and
LPSO mostly stays around 300 generations, with the
maximumPSO iterations reaching 452 generations and the
maximum number of LPSO iterations reaching 315
generations. More generations indicate that the algorithm
operates slower, and BIPSO has the fastest operation speed
compared to PSO and LPSO. Figure 8 displays the
optimization outcomes of the three techniques on the f1–f9
test function.

The optimization outcomes of several techniques on the
test functions are displayed in Figure 8. From the figure, in
the low-dimensional function, the success rate of BIPSO
optimization is 100%, while the success rate of LPSO and
PSO is much lower than that of BIPSO, and the success
rate of LPSO optimization is higher than that of PSO. In
the high-dimensional single-peak function, the success rate
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Table 2. Parameter settings for each algorithm.

Scheduling algorithm Parameter name Parameter value

MOPSO Number of iterations 500
Inertial factor 0.9
Population size 25
Learning factor c1 = 1.49618, c2 = 1.49618

FA Population size 25
Number of iterations 500

MOTS-PSO Learning factor c1, c2e[0.5.2.5]
Inertial factor wmax = 0.9, wmin = 0.4
Population size 25
Number of iterations 500
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of BIPSO optimization is 86.35% on the f5 function, and
the success rate of BIPSO optimization is 100% on the f4
and f6. BIPSO and PSO have the largest difference in
optimization success rates, with PSO staying around 50%
and LPSO staying around 70%. In the peak multidimen-
sional function, BIPSO’s merit search success rate
decreases, but remains higher than LPSO and PSO, with
the merit search success rate remaining above 66%. The
PSOmerit seeking success rate stays around 40%, while the
LPSO merit seeking success rate stays around 50%. From
the above experimental results, BIPSO outperforms PSO
and LPSO in terms of convergence speed, convergence
accuracy, and success rate of optimization search, which
indicates that the improvements proposed by the study are
effective. The convergence speed of the algorithm is
improved by using adaptive inertia weights and dynamic
learning factors. Additionally, the convergence accuracy is
further enhanced by utilizing the flower pollination
algorithm. Finally, the search efficiency is increased by
incorporating the firefly algorithm, which helps to avoid
getting trapped in local optima.
4.2 Scheduling model performance analysis

In order to verify the effectiveness of the suggested MOTS-
PSO scheduling approach, MOPSO is chosen to be
compared with FA. The parameters of the model to
achieve the best performance are selected. Table 2 displays
the three algorithms’ parameter configurations.

The three scheduling methods’ parameter sets are
displayed in Table 2. The Multi-objective PSO technique
simulates the behavior of bird flocks in nature to solve
multi-objective optimization problems and accomplish
efficient search across many function spaces. The firstfly
technique (FA) is a heuristic optimization technique
that mimics the mutual attraction behavior of fireflies to
find the ideal solution to a given problem. The study sets
up two experimental scenarios to validate the experi-
mental performance in various settings. Scenario 1 is a
small-scale task scenario where 10 task sequences are
added at a time and the number of scheduling is between
10 and 100. Scenario 2 is a large-scale task scenario in
which 100 task sequences are added each time and the
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number of scheduling is from 1000 to 5000. The results of
different scheduling algorithms in Scene 1 are shown in
Figure 9.

Figure 9 shows the comparative results of different
algorithms in terms of total scheduling cost, total execution
and data transfer time, and maximum execution cost of a
single node in small-scale tasks. From the figure, in small-
scale task scenarios, the results of the research proposed
MOTS-PSO are better than MOPSO with FA in several
metrics. In the total cost of task scheduling, the total cost of
MOTS-PSO scheduling stays around 6, while MOPSO
with FA stays around 7 andMOTS-PSO has the least total
cost. The total execution and data transmission time stays
low as the tasks rises, hovering around 18 for MOTS-PSO
and higher at roughly 20 for MOPSO & FA. In the
comparison of maximum execution cost of single node,
MOTS-PSO has lower values compared to the other two
algorithms and basically stays around 0.25 s, while FA
stays around 0.3 s and MOPSO stays around 0.35 s.
Overall, in small-scale task execution, the proposed
MOTS-PSO is optimal among the three scheduling
schemes, with the least execution cost as well as the
shortest execution time. In scenario 2, the results of
different scheduling algorithms are shown in Figure 10.

Figure 10 shows a comparison of the effect of different
algorithms in terms of total cost of scheduling, total
execution and data transfer time, and maximum execution
cost of a single node in large-scale tasks. When there are
1000 tasks, the differences between the algorithms are not
as noticeable in terms of the overall cost of task scheduling;
nonetheless, the total cost of scheduling various algorithms
increases when the number of tasks increases significantly.
When processing multiple tasks, there are limitations to
consider, such as memory and processor capacity. For
instance, when the MOTS-PSO algorithm processes a task
sequence of 5000, the calculation time is 0.45 s. When the
number of tasks is 5000, the total cost of MOTS-PSO
scheduling is the least and stays around 280, while the total
cost of FA scheduling stays around 340 and MOPSO stays
around 360. In the total comparison of total execution time
and total data transfer time, MOTS-PSO outperforms the
other two algorithms, as the sequence of tasks increases
from 1000 to 5000, the MOTS-PSO time consumption
increases from 200 to around 900. Whereas FA increases
from 200 to 1100, MOPSO time consumption is the most,
increasing from 200 to 1200. In single node maximum
execution cost, as the task sequence increases, the MOTS-
PSO execution cost also increases from the initial 0.45 s and
finally smoothes out to 0.45 s, while the FA execution cost
increases from 0.42 s to 0.7 s, and the MOPSO execution
cost increases from 0.55 s to 0.72 s. Thus, in large-scale task
scheduling, the study proposes algorithms that outperform
the other two algorithms.
5 Conclusion

The study proposed an emergency scheduling model based
on particle swarm algorithm for scheduling problems in
complex situations. The study introduced the Bounded
Inertia Particle Swarm Algorithm which builds on the
traditional PSO. The study presented a strategy for
scheduling multiple tasks in emergency situations that
involves addressing various objectives simultaneously. The
study compared the performance of the BIPSO algorithm
proposed herein against LPSO and traditional PSO
algorithms. The BIPSO algorithm performed better than
the other two algorithms across various dimensional
functions, according to the results. On average, the BIPSO
algorithm required the fewest iterations to converge within
130 generations. The BIPSO algorithm is a highly effective
optimization method with a search success rate of 100% for
more than half of the functions, surpassing the success rate
of the other two algorithms for the remaining functions. In
large-scale tasks, MOTS-PSO outperformed the other two
algorithms in terms of total scheduling cost, total execution
and data transfer time, and single-node maximum
execution cost metrics, which were 280, 900, and 0.45 s
respectively for a task number of 5000. The study findings
suggested that the MOTS-PSO proposed is capable of
meeting the demands of complex emergency scheduling,
but also highlight certain limitations. The methodology
optimized inertia weights and learning factors separately
without assessing the potential synergies between the two
parameters. The relationship between these two crucial
characteristics can be explored in more research to increase
the algorithm’s accuracy even further.
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