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ABSTRACT

In the process of increasing the service capacity of digital infrastructure, the complex data generated
by data terminals grows rapidly, which puts forward higher requirements for complex data task
scheduling preprocessing. In this paper, based on particle swarm algorithm and improved artificial
fish swarm algorithm, a hybrid particle swarm multi-objective optimization scheduling algorithm
applicable to task scheduling and processing of complex data sets is designed. Then we design a
reasonable expression method for the particle position and adaptation value algorithm in the multi-
objective optimization algorithm, and put forward the pre-search strategy of the particle swarm
algorithm to improve the search performance of the particles in the algorithm. Finally, the algorithm
is equipped to construct a task scheduling and processing model for complex data sets. The results
show that the hybrid particle swarm optimization algorithm established in this paper outperforms the
comparison model in terms of load balancing and processing time, and is able to keep the system CPU
utilization between 0.350-0.491 in the simulation experimental environment. It is also found that the
application of the task scheduling and processing model in this paper can increase the power of
photovoltaic and wind power generation in the grid system and reduce the operating cost of the grid
system. This study provides an effective reference method for the processing of data and task
scheduling in various types of complex systems, and brings new ideas and directions for research in
related fields.

Keywords: particle swarm algorithm; artificial fish swarm algorithm; multi-objective optimization
algorithm; search strategy; task scheduling

1. Introduction

Multi-objective optimization algorithm is an algorithm to solve the optimal solution of multiple
objective functions. It is a fuzzy function which can be used to measure the relationship between
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multiple objective functions [1-2]. Multi-objective optimization algorithms are also known as multi-
objective optimization techniques, which are very different from single-objective optimization
algorithms, such as the size of the optimization problem, the relationship between multiple objective
functions, and the monotonicity of the objective function [3-5]. Multi-objective optimization
algorithms are used to solve a variety of different optimization problems, such as mixed integer
optimization, minimum path optimization, optimal dynamic programming, and so on. Multi-objective
optimization algorithms can combine the optimal solutions of multiple objective functions to obtain
better results [6-9].

Data task scheduling refers to organizing, processing, and analyzing data, and then going through
multiple processes for calculation and result output. In this process, reasonable task scheduling can
ensure the reasonable operation of the process and improve the processing efficiency [10-13]. At
present, there are many different data task scheduling systems, these systems have their own
characteristics and applicable scenarios, which can be selected according to the needs. The hardware
architecture of the task scheduling center mainly includes servers, storage devices, network devices
and so on [14-17]. Server is the core equipment of the task scheduling center, which is used to store
and manage task scheduling data and perform task scheduling operations. Storage devices are used to
store task scheduling data and ensure data security and reliability. Network devices are used to
connect servers and storage devices to ensure data transmission and communication. The servers are
deployed in a clustered way, including the main server and the backup server [18-21]. The main server
is used to perform task scheduling operations, and the backup server is used to backup task scheduling
related data to ensure data security. The storage device adopts disk arrays and network storage
devices to ensure high data availability and high transmission speed. The network equipment adopts
switches and routers, which are used to connect servers and storage devices to ensure data
transmission and communication [22-25].

In this paper, the original random behavior in the artificial fish swarm algorithm is changed to
jumping behavior, which enhances the global optimization ability of the artificial fish search, and
introduces the survival period and survival index to further improve the optimization efficiency of the
algorithm, so as to obtain the improved artificial fish swarm algorithm. The improved artificial fish
swarm algorithm is combined with particle swarm algorithm to propose a multi-objective hybrid
particle swarm optimization algorithm. The Z-Score standardization method is used to standardize
the task execution time and load balancing degree of the algorithm to realize the reasonable encoding
of the particle position and the adjustment of the adaptation value calculation in the algorithm. The
pre-search solution space strategy is also proposed to improve the search range and quality of the
particle population in the multi-objective optimization algorithm, so as to improve the efficiency of
task scheduling and processing in complex data sets. Based on this optimization algorithm, a task
scheduling and processing model for complex data sets is constructed. In this study, we first compare
and analyze the differences in performance between the particle swarm algorithm and the hybrid
particle swarm optimization algorithm to verify the improvement effect of the hybrid optimization
algorithm. Then, simulation experiments and grid application experiments are used to investigate the
effect of the model on task scheduling and processing in complex data sets.

2. Multi-objective hybrid particle swarm optimization algorithm design

2.1. Multi-objective optimization algorithm establishment

The idea of particle swarm algorithm [26] originates from the study of the predatory behavior of birds
in the biological world, the particle population is a flock of birds, and each particle represents an
individual in the flock. The particle swarm algorithm is characterized by simple ideas, wide range of
application and fast convergence speed. This paper combines the idea of improving the artificial fish
swarm algorithm to use different position update strategies for population classification to improve
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the position update process of the particle swarm algorithm, and designs a hybrid particle swarm
algorithm.

2.1.1. IAFA algorithm construction. In order to make the artificial fish-schooling algorithm (FASA)
[27] better adapted to the problem of task scheduling in complex datasets, an improved artificial fish-
schooling algorithm (IAFA) is proposed in this paper. The algorithm cancels the random behavior of
the original algorithm, adds the jumping behavior, and introduces the survival period and the survival
index, which improves the algorithm's global optimization seeking ability and efficiency. Through the
above improvements, the IAFA algorithm can better solve the problem of slow convergence of PSO
algorithm when the population size is large.

1) Jumping behavior. In order to further enhance the ability of the artificial fish to search for the global
optimum, this paper introduces the jumping behavior to the artificial fish. Firstly, the jump value of the
fish group is set to Jjump. After 7 iterations, it is judged whether the difference in the value of the
objective function of the artificial fish is less than Jjump . Here, the difference in the value is the
difference between the current optimal value and the optimal value before the iteration, and if the
condition is satisfied, some artificial fish are randomly selected and the parameters of these objects
are set to make them jump out of the current local optimal state, and the mathematical expression is
as follows:

X, (t+1)=X,(t)+ B-Visual - Rand () (1)

where S can be set as a mutation parameter as desired.
2) Survival cycle and survival index. The survival time of artificial fish is the survival cycle 7', and the
mathematical expression is as follows:

E
ng max 2
o 2)

where £, is the optimal food concentration in the fish population, € is the scale factor, and A
represents the consumption of food per unit time, referred to as the consumption factor.
The survival index # is described as follows:

E |h=>1:: AF movement
(3)

Tar k<l AF nitialize

Where, T is the survival cycle of the artificial fish; £ is the food concentration at the current
location of the artificial fish; and A is the consumption factor.

With the introduction of the survival cycle, the survivability of the artificial fish changes with its
location. When near the global extreme, the artificial fish has the longest life cycle. When located at the
local extremes, the artificial fish will gradually die out and respawn in its initial state. This has the
advantage of giving the algorithm a wider search space, as well as improving the efficiency of the
optimization search and saving the huge storage space brought about by the increase in the number
of populations.

2.1.2.  IAFA-PSO hybrid algorithm establishment. Assuming that the number of complex data sets is
N, the population size of the particle swarm is 772, the search space of the particle swarm is the
number of complex data sets N, the coordinates of particle 1(1=L2,...,n) in the D -dimensional
space can be expressed as X, =(Xi1,Xi2,"',Xin) , and the speed can be expressed as
V,= (KI,I/,-Z,"',K,, ) The most important thing in the multi-objective optimization algorithm is the
design of the fitness function [28], which is a criterion for the algorithm to carry out the evaluation,
and the multi-objective optimization algorithm fitness function f; is the effective coverage rate of
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the data ((xl,xz,---,xn) Sy 2,) (VL) l under the data set of complex data. Effective
coverage, the fitness function f; of particles i canbe defined as:

fi:n(Xil’Xiz’""Xin) (4)
Then the global optimum experienced by the population is:
Pg:max{fl,fz,--'fm} (5)

The artificial fish school size is 7, the state of each artificial fish x; (i = 1,2,---,n) can be
represented as vector X'= (xl,xp'“,x,,), and the food concentration at the current location of the
artificial fishis Y, = /' (X/), which corresponds to the task scheduling coverage of the complex dataset.
The maximum step size for the artificial fish to move is step; the field of view is visual, the crowding
factoris ¢, and the maximum number of tries per foraging trip is try_number.

As mentioned above, the food concentration of the artificial fish population can be defined as:

ﬁ:n(Xi,in,z’”'in'n) (6)
Then the current food concentration of the fish is the largest:
Y, = max{f,, fr.- [, } (7)

Based on the above analysis, the Improved Artificial Fish Swarm and Particle Swarm Hybrid Multi-
objective Optimization Algorithm is divided into three phases, firstly, the network is initialized, and
then the particle positions and directions are adjusted with the Improved Artificial Fish Swarm
Algorithm, and each artificial fish represents a task scheduling method. Finally, the result of
optimization when the improved artificial fish swarm algorithm reaches the maximum number of
iterations is assigned as input to the particles in the corresponding particle swarm, and the network
continues to be optimized with the particle swarm algorithm, and each particle also represents a task
scheduling method.

2.2. Particle Position Encoding and Adaptation Value Calculation

Before the execution of the multi-objective optimization algorithm, it is necessary to determine the
maximum number of computational resources to be used by the parallelization algorithm based on
the number of resources available in the complex dataset. In this paper, all computational resources
are encoded in binary form, and the encoded data is represented as the computational resources
allocated to each task.

In this paper, we denote whether computational resources are allocated to the current algorithm by
0 and 1 in binary, respectively. Let the total number of resources be M and the number of subtasks
in the set of data processing tasks to be executed be N, then there exists a sequence of tasks
T ={T,,T,,....T, }. The position information of the population individuals in the scheduling algorithm
needs to represent the resource allocation status of each subtask, then the position information of
particle D will be in the form of D ={D,,D,,...,Dy} of the same length as the sequence of tasks,
where D, represents the computational resources allocated for subtask 7;. D, will be converted to
a binary sequence of the following form to represent the resource allocation:

D, :(BilBiZ "'BiM) (8)

Where D; is the decimal value corresponding to the binary sequence B, which represents the
computational resource assigned to task 7;, and its value range is 1~ 2" —1 when the total number
of resources is N . The length of the binary sequence B represents the maximum number of
computational resources, and the number of the value 1 is the current parallelism of the task. B, isa
binary value, and a value of 1 means that task 7; is assigned to computing resource No. J, and a
value of 0 means that computing resource No. J is not used for the computation of the task 7; Let
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the computing resource is always 8, and the position D, corresponding to task 7; may exist as
follows D, =10101010 represents that computing resources No. 2, 4, 6, and 8 are assigned to the task
T, , and the position information of the particles under this resource allocation strategy is
D ={170,D,,...,D,}, 170 is the decimal form of the binary sequence 10101010. By controlling the
range of values of particle positions can make the scheduling algorithm applicable to task scheduling
under different numbers of computing resources in the platform with good robustness.

Hybrid particle swarm algorithm calculates the adaptation value corresponding to the current
position of the particle as the criterion for evaluating the advantages and disadvantages of the current
position and as the basis for the subsequent iterative update of the population. In this paper, the
shortest task execution time and resource load balancing are taken as the optimization objectives, and
the adaptation values of particles should reflect the information of task execution time and load
balancing degree. In the multi-objective task scheduling problem, there is almost no optimal solution
that satisfies different objectives at the same time, in this paper, when calculating the adaptation value,
we standardize the task execution time and load balancing degree through the Z-Score standardization
method [29]. The normalization formula is as follows:

x=""F (9)

Where H isthe mean value of the data and O is the standard deviation of the data, the Z-Score
standardized data conforms to the standard normal distribution, satisfying the mean value of 0 and
the standard deviation of 1. By standardizing the execution time and the degree of load balancing, the
target values of different magnitudes are converted to the same magnitude, ensuring that each value
has the same level of influence on the particle adaptation value. The final particle adaptation formula
is as follows:

Adp = —(Makespan'* 2, + L'* 1, ) (10)

Where, 4, and 4, are the weights occupied by the running time and resource load respectively
to satisfy 4, +4, =1. To satisfy the logic of thinking that the larger the adaptation value the better the
particle position, the opposite number is taken for the result after calculating the adaptation.

2.3. Algorithmic pre-generation of search particle strategies

Before the hybrid particle swarm algorithm searches the multi-objective relative optimal solution
according to the problem modeling, this paper proposes a strategy of pre-searching the solution space
in order to improve the search range and quality of the particle population within a finite number of
iterations. Assuming that the target solution space is represented by a two-dimensional space, there
exists an optimal solution region D, in the solution space centered on the optimal solution
(xbes,,ybes,). In addition to the optimal solution region D,,,, there also exists a poor solution region
D,,, and a region D, that produces a local optimal solution in the solution space of a complex
problem. Based on this situation, in the process of particle optimization, the following judgment can
be made on the position (x,y) obtained after each iteration. When the particle position (x,y) is
closer to the region D,,,, it means the position is more optimal. When the particle position (x,») is
closer to the region D,,,, it indicates the worse position. The following relationship exists between
the population particles:

(X, eD

best >

X, eD,,)=P(X,)>P(X)) (11)

Where P is the probability that the particle finds a better solution. In this paper, we restrict the
particle position generation and iterative updating process by labeling the D, -region to ensure that
the search particles are always far away from the D,,, -region to improve the search efficiency and
accuracy, and the particle position updating needs to satisfy the following conditions:
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S(X)).f (X)) Dy,
X= (12)
reload,f(X[’) eD,,

where f is the particle position generating function. For the population as a whole, the overall
optimization process of the population will be more stable after optimizing the position of the
population in each generation.

Particles that appear in region D,,, during initialization and iteration will repeatedly update the
particle position information until the particle is far away from region D,, , ensuring that the
population can perform a larger search within the number of iterations. By introducing the strategy of
pre-searching the target solution space before generating the formal search particles, the target
solution space can be simply divided, which ensures that the formal search particles can stay away
from the region where the probability of the existence of the relative optimal solution is low. In the
case of limited population size and number of iterations, the population can search for regions where
the optimal solution is more likely to occur, which effectively improves the quality of individuals in the
population during the position updating process.

3. Complex dataset task scheduling and processing model architecture

In this paper, the above multi-objective optimization algorithm is used to design a task scheduling and
processing model for complex datasets, and the specific architecture of the model is shown in Fig. 1.
The multi-objective optimization module in the model can adopt different optimization strategies
according to different optimization objectives, and the scheduling module can also construct different
scheduling models according to different scheduling requirements. The scheduling model is
constructed by two optimization objectives of user requirements and dynamic situation of data
resources in complex dataset processing, and the scheduling model and strategy can be designed and
extended by the model developer. In order to ensure the model's load balance and improve resource
utilization in complex dataset task scheduling and processing, resource pools of different application
types, including computation-intensive, storage-intensive, and application-intensive, are designed,
and the scheduling system carries out scheduling of different resource pools according to the user's
submission of tasks. Finally, the results of resource requests and task processing are returned to users
or applications. On the other hand, the physical resource scheduling module of the second-level
scheduling also adopts a multi-objective optimization approach to generate resource placement or
migration strategies. In this way, the whole scheduling model fully considers the characteristics of
multiple optimization objectives of users, application types and complex datasets themselves, and
adopts a multi-objective optimization approach to improve the efficiency of task scheduling
processing and resource utilization.
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Fig. 1. Task scheduling and processing model architecture
4. Task scheduling and processing model application analysis

4.1. Performance optimization analysis of hybrid particle swarm algorithm

In order to verify the effectiveness of the hybrid particle swarm algorithm improved based on the
artificial fish swarm algorithm to improve the performance of the multi-objective optimization
algorithm, this paper constructs a complex dataset based on an industrial process data. The
experimental results obtained from the data processing and task scheduling multi-objective
optimization algorithm based on particle swarm algorithm and the new method proposed in this
paper are compared respectively. Under the same experimental environment, ten sets of experiments
were done, and the results of task scheduling and processing performance analysis of complex
datasets under different algorithms are shown in Fig. 2, with (a)-(c) representing the results of load
balancing, data transmission and elapsed time analysis, respectively. It can be seen that the multi-
objective optimization algorithm for task scheduling based on particle swarm algorithm is more stable
and can ensure to come up with a better allocation scheme. However, the method based on particle
swarm algorithm compared to the method based on hybrid particle swarm optimization algorithm
proposed in this paper, the former requires many particles for iteration. In order to ensure that a better
result can be obtained, the number of iterations is an unknown larger value, the calculation with the
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new method will be unstable, and in the current environment will sometimes be better than the
particle swarm algorithm allocation scheme. But sometimes it will be worse, but this situation can be
improved by taking other measures, for example, it can be done several times more program allocation
test, and then carry out the selection of the optimal as the final program. Of course, such an
improvement strategy will sacrifice some extra time, but the average time spent (201.49s) will still be
much less than that of the particle swarm algorithm-based method (261.78s). From the experimental
evaluation value comparison graph, we can see that the new hybrid particle swarm optimization
method is better than the particle swarm algorithm, and the number of iterations of the data task
scheduling algorithm based on the particle swarm algorithm to get this solution is much more than
the number of iterations needed by the hybrid particle swarm optimization method proposed in this
paper.
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Fig. 2. The algorithm of particle swarm and the performance analysis of this paper
4.2. Simulation Scheduling and Processing Analysis of Complex Data Sets

4.2.1. Experimental simulation environment setup. In this paper, we use CloudSim 2.1.1 to establish
a virtual scheduling simulation environment for experiments, and the development environment is
Eclipse. The experimental machine is equipped with CPU Intel Core2 dual-core T5750@2.0GHz, 2GB
of memory, 160 GB of hard disk, and operating system Windows 7 Ultimate. In the simulation, 1
complex data center is created, including 100 physical hosts, and then virtual machines are generated
according to the ratio of 1:5. The tasks in the experiment are randomly generated with the size of 1000-
4000 MI, and since this paper investigates the scheduling and processing of tasks in the environment
of complex datasets, the tasks are sequentially bound to the virtual machines, and when the number
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of tasks, n, is less than 500, then the first n virtual machines are selected to corresponding to it. When
the number of tasks n is 500, the tasks correspond to the virtual machines one by one. When the
number of tasks n is greater than 500, the tasks are corresponded by the rotation method. Meanwhile,
in order to verify the simulation task scheduling performance of the multi-objective optimization
algorithm proposed in this paper, this paper extends the DatacenterBroker class in the CloudSim
platform, and adds three methods, NSGA, BFH and MVRA, to implement the NSGA-based task
scheduling model, the best-fit heuristic scheduling model BFH and the virtual resource allocation
optimization model MVRA.

4.2.2. Experimental results and analysis. In the following, the total task completion time, load
balancing coefficient and its task execution energy consumption of the scheduling algorithm proposed
in this paper, the NSGA-based VM scheduling algorithm, the best-fit heuristic VM scheduling algorithm
and the virtual resource allocation optimization algorithm are compared, respectively. The
experiments set the population size of this paper's multi-objective optimization algorithm to 50, the
number of evolutionary iterations to 100, the number of tasks to be gradually increased from 100 to
1000 with a step size of 100, and 10 experiments are conducted respectively, and each experiment
eventually generates multiple Pareto solution sets. The final 10 Pareto optimal solutions of the
algorithm when the number of tasks for the complex dataset is 500 are shown in Table 1, which shows
that the multi-objective optimization algorithm proposed in this paper can obtain several different
solutions by executing them at one time. Therefore, corresponding to the three objectives of this paper,
the shortest task execution time, load balancing and the lowest energy consumption for task execution,
can be selected according to different needs in practical use, and when these three objectives need to
be coordinated, the solution with the smallest sum of the three objective values can be selected. Due
to the contradictory nature between the objective functions, it is less likely to make them get the
optimal solution at the same time, so in the practical application, the decision maker should choose
the optimal scheme configuration from the set of Pareto solutions according to the optimization focus,
while the simple single-objective algorithm can not meet such requirements, such as choosing the
scheme 6 when the minimum of the task execution time (200.52s) is the main objective function. When
load balancing (0.12) is the main objective function, option 7 is chosen. When the lowest energy
consumption (398.00 K]J) is the main focus, option 5 is chosen. When balancing these three objectives
and choosing a better configuration, option 7 can be chosen.

Table 1. Pareto optimal solution set analysis results

Scheme Task execution time (s) Load balancing factor Energy consumption (K]J)
Solution 1 209.41 0.28 475.37
Solution 2 203.05 0.22 461.68
Solution 3 201.42 0.30 461.02
Solution 4 206.67 0.23 427.72
Solution 5 21292 0.24 398.00
Solution 6 200.52 0.16 535.78
Solution 7 217.05 0.12 417.18
Solution 8 215.45 0.26 512.32
Solution 9 222.36 0.32 451.26
Solution 10 211.48 0.25 487.23

The execution time of a task reflects the execution efficiency of the scheduling algorithm. In this
paper, we compare the simulation results of task scheduling and processing completion time of each
model for a data center with 100 physical hosts and 500 virtual machines when the tasks are varied
from 100 to 1000 as shown in Fig. 3. As the number of tasks grows, the matching of complex data
resources with physical nodes becomes more complicated, and the task execution time of the four
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models grows and the difference between them increases. The task completion times of the MVRA and
BFH models are always higher, reaching 406.70s and 381.74s for a task number of 1000, respectively.
This is due to the fact that the MVRA model achieves energy saving by reducing the CPU frequency and
supply voltage to achieve energy saving, thus prolonging the task execution time. The BFH model is
scheduling the current complex dataset to a feasible physical node with the minimum amount of
remaining resources, and multiple tasks jointly compete for fewer resources, which directly leads to
an increase in the total task execution time. The task execution time of this paper's model (41.23s-
239.82s) is lower than that of the NSGA model (58.95s-278.88s), which is due to the fact that the multi-
objective optimization algorithm improves the generation of the initial population and solves the
problem that the original algorithm misses the elite individuals, which makes its individuals more
excellent, thus shortening the execution time of the task.
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Fig. 3. The execution time is compared by the number of different tasks

Since load balancing reflects the stability of the system, the experiment selects the load balancing of
the model as the goal to verify the performance of the model in this paper, and takes the CPU utilization
as an example for the load balancing experiment, which compares the CPU utilization of 10 virtual
machines after the execution of four scheduling models when the number of processing tasks for
complex datasets is 500, and the simulation results of the load balancing performance are shown in
Fig. 4. Since load balancing is taken as the goal, the CPU utilization of the four scheduling algorithms
fluctuates between 0.350-0.491 when the tasks are deployed to the virtual machines for execution,
and all of them have achieved some optimization in terms of load balancing. However, in terms of the
degree of ups and downs, the scheduling model based on the multi-objective optimization algorithm
proposed in this paper makes the CPU utilization of the VMs stay more within a certain value range
(0.350-0.378). And the average CPU utilization (0.367) is much lower than the other models (0.406-
0.414). This is due to the fact that the accuracy of the excellent solution of the algorithm is improved,
thus reflecting that when different objective functions are selected, the optimal solution obtained by
the task scheduling and processing model of complex dataset proposed in this paper is better than
other models, and it is the first choice of task scheduling model under complex dataset processing.



RESEARCH ON CONSTRUCTING TASK SCHEDULING AND PROCESSING MODELS 9605

10F [
1
e -
1
g 8F o
£ L
2 @04
1
£ 6F o
=
é ® : —&- BFH:0.410
T 4f ' @ : ;
E ! U ) BFH
This articlg:0.367 i , MVRA
2 1 € 'j NSGA
Ly ———@& , @ Thisartjcle

0.34 036 038 040 042 044 046 048 0.50
CPU utilization

Fig. 4. The utilization of the CPU of 10 virtual machines

4.3. Example Application of a Multi-Objective Task Scheduling and Processing Model

In order to explore the practical application effect of the complex data set task scheduling and
processing model constructed on the basis of the multi-objective optimization algorithm, this paper
applies the model to a power grid scheduling system, and realizes the task scheduling and processing
of various types of complex data sets in the power grid system through the model, so as to realize the
optimized scheduling of the power grid and the improvement of the power generation effect of each
module. The grid system in the empirical analysis is a grid-connected microgrid system, which
contains a photovoltaic power generation system, a wind power generation system, a distributed
energy system and a micro gas turbine. The original scheduling method in this grid and the optimized
task scheduling model proposed in this paper are used to schedule the data in the grid system. In the
grid system scheduling scheme obtained from both the original scheduling method and the optimized
scheduling model in this paper, the use of batteries to assist in the regulation of the microgrid can
effectively address the power demand at peak loads of the grid, thus effectively improving the stability
and security of the grid. Batteries are charged when electricity prices are low and discharged when
electricity prices are high, thus reducing economic and environmental costs. If solar and wind power
generation cannot meet the load requirements of the power system, the microgrid can only provide
power through the main grid or other distributed power sources. If the combined benefit of micro gas
turbine and diesel power generation is greater than the power purchased from the main grid, gas and
diesel power generation is preferred. When the microgrid itself generates power to satisfy the load
and has surplus, then the microgrid provides additional power to the main grid. Before and after the
improvement of the scheduling model to minimize the cost of environmental protection of the
microgrid scheduling program in the photovoltaic output and wind turbine output comparison results
are shown in Table 2. It can be seen that the peak PV and wind turbine outputs in the scheduling
scheme achieved by applying the task scheduling and processing model constructed based on the
multi-objective optimization algorithm in this paper (17.56kw and 7.95kw) are significantly larger
than those obtained by the original scheduling method of the grid (9.66kw and 5.65kw). This indicates
that the model proposed in this paper is able to realize effective processing and task scheduling of
various types of complex power data in the grid system, thus improving the power generation and
consumption cost of the grid system.

Table 2. Improvement of wind and photovoltaic output

Time(h) PV output (kw) Wind turbine output (kw)
ime
‘ This method Primary method | This method

Primary method
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1 0 0 1.23 0.82
2 0 0 1.23 0.8
3 0 0 1.36 0.05
4 0 0 0.7 0.3
5 0 0 0.26 1.66
6 0 0 1.17 1.41
7 0.98 0.75 0.8 1.97
8 1.79 1.23 1.36 2.04
9 4.26 5.02 0.55 1.13
10 6.61 5.16 0.12 1.45
11 7.86 9.66 1.29 1.64
12 8.8 9.83 5.42 7.85
13 9.59 15.25 5.65 7.95
14 9.66 17.56 3.62 3.95
15 7.44 13.55 1.32 1.4
16 3.35 10.23 0.8 0.96
17 1.74 5.06 1.31 1.25
18 0.16 2.69 1.24 1.91
19 0.14 0.58 1.33 1.48
20 0 0 1.12 1.51
21 0 0 1.48 1.3
22 0 0 1.2 1.87
23 0 0 1.33 0.89
24 0 0 1.21 1.16

5. Conclusion

This paper combines the improved artificial fish swarm algorithm and particle swarm algorithm to
construct a multi-objective optimization algorithm, and based on this algorithm, constructs a task
scheduling and processing model for complex data sets. The application effect of the model is explored
through simulation experiments and empirical analysis experiments, and the results show that:

1) The hybrid particle swarm optimization algorithm established in this paper outperforms the
particle swarm algorithm in terms of load balancing and processing time. The task execution time of
the model in the simulation experiments (41.23s-239.82s) is lower than that of the NSGA model
(58.95s-278.88s), which has better performance, and the average CPU utilization rate (0.367) is much
lower than that of other models (0.406-0.414).

2) After being applied in the microgrid system, the model proposed in this paper is able to improve
the output power of wind and PV in the grid system, and the peak output power of PV and wind turbine
in the model-implemented scheduling scheme (17.56kw and 7.95kw) is significantly larger than that
of the original scheduling scheme of this grid (9.66kw and 5.65kw).

3) The complex dataset task scheduling and processing model based on the multi-objective
optimization algorithm proposed in this paper shows excellent performance in both simulation and
practical application, and is able to achieve effective processing and scheduling of tasks in the dataset
while taking into account multiple objectives such as load balancing and task loading time.
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