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Basic services for power business were provided by the power multimodel network providers. However, because the power multimodal
network is usually complex and changeable, the service of power business is often unstable. This problem can be solved by a suitable
network resource optimization method. Therefore, how to design a network resource optimization method that seeks a compromise
between multiple performance indicators that achieve the normal operation of power multimode networks is still extremely
challenging. An optimal allocation method of power multimodal network resources based on NSGA-II was proposed by this paper.
Firstly, the power multimodal network-resource model is established, and the problems existing in the resource optimization process
are analyzed. Secondly, preprocessing technology and indirect coding technology are applied to NSGA-II, which solves the coding
problem and convergence problem of the application of genetic algorithm to the optimization of network resource allocation. Finally,
the simulation results show that, compared with the control algorithm, this method has further optimized the various indicators of
the resource allocation of the power multimodal network, and the performance has been improved by more than 6%.

1. Background

New business needs with large connections and wide coverage
have gradually arisen by the research and development of
power multimodal networks. However, the current power
multimodal network is difficult to meet the business process-
ing needs, which will result in a significant increase in network
transmission pressure and computing load. In addition, in the
power multimode network, the network structure is relatively
complicated, many different types of communication equip-
ment are needed, and the connection methods between the
devices and the information conversion methods are different,
resulting in the entire power multimode network [1]. The net-
work structure is very complicated which causes the power
multimodal network structure to become very complicated.
At the same time, the power system is the infrastructure of
daily life, which requires the power multimode network to

have higher stability. Therefore, the power multimode net-
work is also required to be in the process of working without
various interruptions and sudden changes, which means
higher flexibility and reliability.

Optimizing the software and hardware in the power
multimodal network to improve the quality of service and
meet the business needs is necessary to solve the above prob-
lems. At the software level, reasonable resource optimization
can be performed on multiple indicators such as link delay,
reliability, and resource occupancy distribution of the power
multimodal network [2]. On the one hand, establishing a
reasonable power multimodal network resource model is
needed for common resource optimization methods, and
on the other hand, reasonable optimization methods for dif-
ferent resource optimization scenarios are also needed.

Therefore, a suitable and reasonable power multimodal
network resource model should be established firstly. Some
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existing model schemes only consider single indicators, such
as delay and reliability [3], while others consider various net-
work indicators comprehensively, but only part of the indica-
tors can be optimized due to the limitation of optimization
methods [4]. Secondly, choosing a reasonable method for the
scene of the power multimodal network is necessary. Because
network resource optimization is an NP-hard problem, heu-
ristic algorithms are proposed to obtain approximate optimal
solutions, but it is easy to fall into local optimal results. In
addition, among the heuristic algorithms, some heuristic algo-
rithms such as the ACS algorithm were originally designed for
discrete problems and are not suitable for network resource
optimization. The GA algorithm designed for continuous
problems is considered an effective way to solve the problem
of network resource optimization. Among them, the NSGA-
II algorithm uses fast nondominated sorting with elite strat-
egy, which solves the main shortcomings of NSGA and
achieves fast and accurate search performance, so it is suitable
for complex and multiobjective optimization problems [5].

In summary, in view of the above-mentioned resource
optimization problem in the power multimodal network,
this paper proposes a multimodal network resource optimi-
zation model and designs a power multimodal network
resource optimization allocation method based on NSGA-
II to optimize the model. The main contributions of this
paper are listed as follows.

(1) From the perspective of resource association and
business relevance, the indicators of resource expen-
diture, link reliability, resource occupancy, and dis-
tribution in the power multimode network are
analyzed, and the power multimode network
resource optimization model is designed to ensure
service quality of the power multimode network

(2) Based on the NSGA-II algorithm, a power multi-
modal network resource optimization allocation
method is designed and implemented to solve the
resource optimization problem. By introducing indi-
rect coding technology and preprocessing technol-
ogy, the algorithm is guaranteed convergence speed
while the network resources are optimized

The rest of this paper is organized as follows. Section 2 dis-
cusses the related work. Section 3 builds a power multimodal
network optimization model. Section 4 proposes a multiobjec-
tive optimizationmethod based onNSGA-II. Section 5 verifies
the performance of the algorithm through simulation, and the
last chapter summarizes the full text and draws conclusions.

2. Related Work

In this section, we focus on two important stages in the
power multimode network, which are optimized allocation
of network resources and multiobjective optimization.

2.1. Optimized Allocation of Network Resources. The optimi-
zation of network resource allocation is mainly at the soft-
ware level by recontrolling and adjusting service paths in

multimodal network logic resources to improve network
resource utilization and reduce service response time, so as
to meet the service quality of various power services. Refer-
ence [6] proposes an entropy-based business uniform distri-
bution algorithm, which analyzes business traffic according
to the business characteristics of the power communication
network. The distribution of business traffic reflects the
operating status of the network business, and the business
information entropy is used as a measure of the uniformity
of network business distribution. Then, use the information
entropy as the objective function to get the algorithm for
optimizing global business routing. Reference [7] proposes
a hierarchical QoS routing method based on network
resource reservation by calculating the required routing
and determining the allocation sequence of the link
resources to be reserved, thereby minimizing the response
time. Reference [8] discusses the online convex optimization
problem including the adversarial loss function and adver-
sarial constraints and proposes an improved online saddle
point (MOSP) method and applies it to the dynamic net-
work resource allocation problem. Reference [9] proposed
an integrated analytic hierarchy process (IAHP), which
established an optimization model under the premise of
considering factors such as resource cost, connectivity, and
reliability, to obtain a relatively balanced solution under
the condition of satisfying constraints.

In short, the current solutions for network resource opti-
mization are mostly focused on optimizing network service
paths, which means changing routing options through dif-
ferent methods to ensure network service quality. However,
the optimization results of the above methods are relatively
simple, which lack consideration of power multimodal net-
work scenarios. Moreover, the optimization measures of
some methods are often fixed when the network is initial-
ized, and there is no suitable solution to the problem of
dynamic network resource allocation.

2.2. Multiobjective Optimization. Network resource optimi-
zation problems can be abstracted as multiobjective optimi-
zation problems to solve. The existing multiobjective
optimization problems usually have three solving methods.
The first one is to take a specific objective as the optimiza-
tion objective and other objectives as constraints, thereby
simplifying the multiobjective optimization problem to a
single objective optimization problem [3]. The second
method is to assign different weights to each goal according
to the importance of each goal and use the weight method to
get the aggregate objective function through weighted sum-
mation of each goal, thereby simplifying the multiobjective
optimization problem to a single-objective optimization
problem [4]. The third method is multiobjective collabora-
tive optimization. The optimal solution set composed of
many Pareto optimal solutions is first jointly optimized
according to multiple indicators and then compared and
selected according to the optimization direction [10].
Because the optimization requirements for various indica-
tors in multimodal networks are different, this paper adopts
a multiobjective collaborative optimization method to opti-
mize network resource allocation.
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The evolutionary algorithm of multiobjective collabora-
tive optimization mainly includes multiobjective genetic
algorithm, artificial immune algorithm, multiobjective PSO
constraint algorithm, and ant colony algorithm [10]. The
operation of artificial immune algorithm lacks stability
[11], and the research of multiobjective PSO constraint algo-
rithm is still in its infancy [12]. Multiobjective ant colony
algorithm will appear premature stagnation, and the control
parameters are difficult to determine [13], so the multiobjec-
tive genetic algorithm with good robustness and superiority
is adopted by this paper [14].

Multiobjective genetic algorithms are widely used in var-
ious fields. Reference [15] uses genetic algorithm to solve the
MOTSP problem and generates an approximate optimal
solution. In Reference [16], from the viewpoint of the mini-
mum actual power loss of the system, genetic algorithms are
used to evaluate the impact of the optimal configuration of
different types of dg DLMs in the distribution network,
and the similarities and differences between different distrib-
uted power sources are studied. Reference [17] proposed a
multiobjective optimization method that combines artificial
neural network and genetic algorithm. Firstly, artificial neu-
ral network is used to predict the properties of nanofluids,
and then, genetic algorithm is used for multiobjective opti-
mization. As a classic multiobjective collaborative optimiza-
tion genetic algorithm, NSGA-II adds an elite strategy on the
basis of NSGA, adopts the concept of congestion, and
reduces the complexity of the algorithm. Reference [4] uses
a special fitness function for NSGA-II and uses a method
to improve solution diversity. Reference [18] proposes an
optimized classification model that constructs linear equa-
tions based on classification problems, which can better
spread the solution and has higher classification accuracy
and robustness.

It can be seen from the above work that there are few
researches on power multimodal network resource optimi-
zation. In addition, the existing multiobjective optimization
model is also difficult to meet the needs of power services
that have different QoS requirements for various indicators.

3. Power Multimodal Network Model

As shown in Figure 1, the power multimodal network
resource optimization architecture is mainly divided into
three layers: a trusted monitoring platform for network
resources, multimodal network links, and multimodal net-
work resources. Under the precondition of accurate percep-
tion and recognition of multiple services through network
monitoring technology, the trusted monitoring platform
for network resources uses QoS as a comprehensive evalua-
tion index for network services to analyze multiple network
indicators such as delay and reliability, so as to implement
unified resource scheduling for multimodal network
resources through resource joint optimization strategies.

In general, the physical resources of a multimodal net-
work are relatively fixed. Therefore, the resource optimiza-
tion of power multimodal network mainly adjusts logical
resource allocation through multiobjective collaborative
optimization to ensure network service quality. There are

many addressing methods for multimodal networks, such
as spatial addressing based on content identification,
addressing based on geographic location, and addressing
based on identity identification [1], which can all be
abstracted as the path change of each node in the network.
Therefore, this problem can be abstracted as a multiobjective
optimization problem of specific business under multimodal
network extension [19]. The network topology can be repre-
sented as graph GðV , EÞ, where V = fv1, v2, v3 ⋯ vng is a
collection of nodes and E = fe1, e2, e3 ⋯ eng is a collection
of node links.

In a multimode network with multiple services, different
optimization indicators and requirements are required by
different service providers and users [20]. Therefore, accord-
ing to the network index requirements of different services,
the following three types of optimization objectives are con-
sidered by this paper: resource overhead of integrated delay
and cost, link reliability, and resource occupation distribu-
tion. Mapped to the above network model, that is, for any
service from the source node to the destination node, a link
Lðs, dÞ = fls,i, li,j ⋯ lk,dg should be found to satisfy QoS,
which reduce resource overhead, reach better reliability,
improve link resource utilization, balance network load,
and improve network throughput.

3.1. Resource Overhead. In the network topology, the com-
position of the end-to-end total service delay of the service
resource chain is very complicated, which is mainly com-
posed of three parts: link delay, node processing delay, and
queuing delay. Considering that the processing delay and
queuing delay of nodes in the network link are usually below
the microsecond level, while the link delay can normally
reach the millisecond level, the impact of link delay on ser-
vice delay is mainly considered by this paper.

Delay s, dð Þ = 〠
n

i=1
〠
n

j=1
delay i, jð Þ ∗ σ i, jð Þ, ð1Þ

where Delayðs, dÞ is the total delay of the service link,
delayði, jÞ is the delay of the link from node i to node j,
and σði, jÞ indicates whether the link is selected, which is

σ i, jð Þ =
1, li,j ∈ L s, dð Þ,
0, li,j ∉ L s, dð Þ:

(
ð2Þ

At the same time, for a service path, the cost of the ser-
vice path is measured by the product of the proportion of
service bandwidth in each link and the cost of each link.

Cost s, dð Þ = 〠
n

i=1
〠
n

j=1

B s, dð Þ
bandwidth i, jð Þ ∗ cost i, jð Þ ∗ σ i, jð Þ, ð3Þ

where Costðs, dÞ is the overall cost of the service link, Bðs, dÞ
is the bandwidth required for the service, bandwidthði, jÞ is
the remaining bandwidth of each link, and costði, jÞ is the
cost overhead from node i to node j.
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The impact of delay time and the cost of reserved
resources on the link are considered by this paper compre-
hensively to measure the network resource cost of the
selected path through the resource consumption function
as follows.

Resource s, dð Þ = Delay s, dð Þ ∗ Cost s, dð Þ, ð4Þ

where Resourceðs, dÞ is the resource consumption function.

3.2. Link Reliability. According to whether the path matrix is
connected and the reliability of each corresponding link, the
reliability index of each section is multiplied to calculate the
overall reliability index of the link.

Reliability s, dð Þ =
Y
li, j∈L

reliability i, jð Þ: ð5Þ

Among them, Reliabilityðs, dÞ is the overall reliability of
the service link, and reliabilityði, jÞ is the reliability of the
link from node i to node j.

3.3. Resource Occupation Distribution. The proportion of
service bandwidth in each link is used to measure resource
occupancy in this paper. At the same time, in order to dis-
tribute resources evenly on each link, the variance of the
proportion of service bandwidth in each link, which is pre-
sented by δ2ðs, dÞ, is used to measure the distribution of
occupied resources.

Suppose Utilizationði, jÞ = Bðs, dÞ/bandwidthði, jÞ is the
resource occupation distribution from node i to node j, then

Utilization s, dð Þ =
∑li, j∈LUtilization i, jð Þ

∑li, j∈Lσ i, jð Þ ,

δ2 s, dð Þ = 〠
li, j∈L

Utilization i, jð Þ −Utilization s, dð Þð Þ2,
ð6Þ

where Bðs, dÞ is the bandwidth required by the current ser-
vice from the start node s to the destination node d,
bandwidthði, jÞ is the bandwidth from node i to node j, so
Utilizationði, jÞ represents the bandwidth utilization from
node i to node j, and δ2ðs, dÞ represents the resource utiliza-
tion variance from node s to node d.

3.4. Optimization Goals. The goal of multiobjective network
resource optimal allocation is to find the optimal solution set
as much as possible on the premise of ensuring business QoS
indicators according to corresponding business require-
ments. Therefore, meeting the following conditions should
be needed by the selected path:

Min Resource s, dð Þð Þ,
Max Reliability s, dð Þð Þ,
Min δ2 s, dð Þ� �

:

8>><
>>: ð7Þ

It can be seen from the above formula that the multi-
modal network resource optimization results usually hope
to obtain the minimum resource consumption, maximum
reliability, minimum resource occupation distribution,
which is a multiobjective optimization problem with a set
of optimal solutions composed of many Pareto optimal
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Figure 1: Power multimodal network resource optimization architecture.
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solutions, so users can choose the corresponding link
according to their business needs.

4. An Optimal Allocation Method of Power
Multimodal Network Resources Based
on NSGA-II

The general operation process of genetic algorithm is mainly
composed of several steps such as coding, initial population
generation, fitness function determination, selection
method, crossover, and mutation processing.

Aiming at the power multimodal network scenario, a
power multimodal network resource optimization allocation
method, which designs specific schemes for each step based
on the NSGA-II genetic algorithm, is realized by this paper
to meet the power business needs.

4.1. Population Initialization

4.1.1. Pretreatment. Before the population is initialized, the
input data can be preprocessed to quickly filter out the data
links that do not meet the bandwidth requirements, so as to
reduce the operation scale of the algorithm. This preprocess-
ing step traverses the network topology and takes the band-
width required by the business as the standard. All data links
smaller than this bandwidth are regarded as nonconnected
links. The path is removed from the network topology dia-
gram, so the network links all meet the bandwidth require-
ments in the final network and the bandwidth constraints
will no longer be considered in subsequent studies.

4.1.2. Population Coding. There are usually two ways to ini-
tialize population: binary encoding and floating-point
encoding. The binary code uses a two-dimensional matrix
to represent the data link and uses 1, 0 to indicate whether
the link is connected. Usually, a compressed matrix storage
method is used to reduce the space occupation, but this kind
of representation method is more difficult to verify data con-
nectivity and decoding, so this article uses floating-point
encoding. Considering that the length of the network trans-
mission path is not fixed, this article uses an indirect encod-
ing method based on priority encoding [21]. The
chromosome based on priority coding does not directly rep-
resent the selection path of the current individual, but only
the priority of the current node being selected, and the true
path corresponding to the chromosome needs to be obtained
through a decoding operation.

4.2. Congestion Function. In the genetic evolution algorithm,
the fitness function is used to determine the degree of indi-
vidual adaptation to the “environment,” so as to screen out-
standing individuals to produce a new generation of
populations. The fitness value in the evolutionary algorithm
is the function value corresponding to the optimization goal,
and the inferior individuals are eliminated by calculating the
fitness value.

This algorithm, which draws on the idea of elite selection
in the NSGA-II algorithm, firstly calculates the nondomi-
nated stratum where each individual in the population is
located to achieve population reduction operations and then

compares the degree of crowding. Individuals with small
nondominated tiers and high crowdedness enter the next
iteration to generate new individuals. The calculation for-
mula for congestion Fiðs, dÞ is

Fi s, dð Þ = 〠
m

j=1
αj f

i+1
j − f i−1j

��� ���� �
: ð8Þ

In the above formula, f i+1j represents the jth objective
function value of the i + 1th individual and αj indicates the
weight of the jth objective function value.

Because different service providers and users have differ-
ent optimization indicators and requirements in network
resource optimization, so different weights are assigned to
each indicator to meet business needs according to different
businesses, and they need to meet ∑m

j=1αj = 1.

4.3. Population Selection. In this paper, the best retention
selection method is used to select the population. First, the
entire population is selected by the roulette method to select
the genetic algorithm. The selection probability of the ith
individual is Pi = Fi/∑n

k=1Fk (where n is the population size),
and then, the structure of the most adaptable individual is
completely copied to the next-generation population to
complete the selection of the entire population in the current
population.

4.4. Population Crossover and Mutation

4.4.1. Population Crossing. Since the general crossover muta-
tion may cause the data link to be blocked and have a nega-
tive optimization impact, this paper uses the sequential
crossover method to carry out the population crossover
operation as follows [14].

(1) Randomly select the start and end positions of sev-
eral genes in a pair of parental chromosomes (the
positions of the two chromosomes are the same)

(2) Generate a progeny based on the selected genes, and
ensure the position of the selected gene in the prog-
eny same as the parent

(3) Finally, find out the position of the gene selected in
the first step in another parent, and then, put the rest
of the genes in order in the offspring generated in the
previous step so that a new offspring is produced

It should be noted that this crossover operation will also
generate two offspring. The generation process of the other
offspring is exactly the same. The genotype position selected
in the first step is the same, and only the two parent chromo-
somes need to be exchanged.

4.4.2. Population Variation. The population generated after
fitness calculation, selection, and crossover may converge
to the local optimal solution instead of the global optimal
solution. Therefore, mutation operation is needed to pro-
mote the population to jump out of the local optimal situa-
tion. In this paper, the chromosome segment reverse
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transformation is performed on the new individuals gener-
ated by the crossover with a certain probability, and the
result of the mutation will check whether the link is con-
nected. If the link is connected, join the population; if not,
perform a population selection operation to replace the path.

4.5. Restrictions. Assuming that each node in the network
has enough buffer space to store packet data, the algorithm
should meet the following conditions during each genetic
evolution in order to ensure that the network is not con-
gested and the selected path starts from the source node s
and ends at the destination node d:

(1) The selected network link should avoid network
congestion as much as possible, namely, Utilization
ðs, dÞ < 1

(2) At least one optional link Lðs, dÞ exists bandwidthl
< B, l ∈ Lðs, dÞ

4.6. Algorithm Flow. According to the above model con-
struction and multiobjective optimization algorithm selec-
tion, the algorithm process of the NSGA-II-based
multiobjective network resource optimization allocation
method is as follows:

(1) Initialize the random network and scale-free net-
work populations, and set the population size and
the maximum number of evolutions

(2) Preprocess the initial network topology map to filter
out network links that do not meet the bandwidth
requirements

(3) Starting from the second generation, merge the par-
ent and offspring to form a large population, per-
form quick nondominated sorting on it, and then,

calculate the crowding degree for each nondomi-
nated level individual, and finally according to the
nondominated relationship and crowding degree to
select suitable individuals to form a new parent
population

(4) Decode the population individuals to get the true
network path

(5) Perform selection, crossover, and mutation opera-
tions to produce new offspring populations

(6) If the genetic algebra exceeds the set value, go to Step
7; otherwise, go to Step 3

(7) Output the optimal solution, and choose according
to the specific network business requirements

5. Simulation Analysis

In this section, we evaluate the optimal allocation method of
power multimodal network resources based on NSGA-II
and compare it with other algorithms.

5.1. Results of Resource Allocation. In the power multimodal
network, the network nodes and the links are very complex
and difficult to abstract. Therefore, this paper uses 20 net-
work nodes as examples to test, and the link bandwidth,
delay, reliability, and other data are randomly generated
within a reasonable range. The specific parameters in the
experiment are set as follows: the number of network nodes
is 20, the initial population size is 200, the genetic algebra is
100, the crossover probability XOVR = 0:8, the mutation
probability pm = 0:1, the crossover probability pc = 0:9, the
source node is 1, and the purpose node is 20. Using the
above resource optimization method to carry out simulation
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experiments, the multiobjective network resource optimiza-
tion result is shown in Figure 2.

Because the algorithm preprocesses remove the network
links that do not meet the bandwidth requirements and sim-
plify the calculation scale of the genetic algorithm before

running, the entire process can be completed faster than
usual. From Figure 2, it can be seen that the resource cost
is continuously reduced to a stable state during the genetic
process, indicating that the genetic algorithm can stably
optimize the population, obtain the optimal value, and
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quickly jump out of the local optimal solution to reach the
state of the global optimal solution during the entire process.

Because the mutation probability in this experiment is
pm ∈ ð0, 1Þ, pc ∈ ð0, 1Þ, and the genetic algorithm that retains
the current optimal solution before selection can converge to

the global optimal solution, it can be seen that the algorithm
can converge to the global optimal solution [22].

5.2. Algorithm Performance. The performance of the algo-
rithm is analyzed in two aspects. The first part is the change
trend of various optimization indicators of the algorithm
and other algorithms in the genetic process, and the second
part is the convergence comparison between the algorithm
and other algorithms.

In order to verify the effectiveness and convergence of
the algorithm, we selected the classic multiobjective genetic
algorithm NSGA and NSGA-II genetic algorithm to com-
pare with the method in this paper. In order to verify the
effectiveness of the method, we selected four experimental
groups, arranged as follows. In the case of the same model,
experimental group 1 adopts NSGA with direct encoding,
experimental group 2 adopts NSGA with indirect encoding,
experimental group 3 adopts NSGA-II with direct encoding,
and experimental group 4 adopts the method of this article.

In Figure 3, the optimization results of the above four
experimental groups for resource overhead are compared.
It can be seen that disconnected paths are often generated
in the cross-mutation process of the population in experi-
mental group 1 and experimental group 3 with direct cod-
ing, which leads to negative optimization and unstable
optimization results. However, experimental group 2 and
experimental group 4 occasionally have negative optimiza-
tion, but they will quickly stabilize and produce final results.

Figure 4 shows the change trend of the link reliability of
each experimental group with the genetic algebra. It can be
seen that the reliability of all experimental groups is gradu-
ally increasing. However, experimental group 1 and
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experimental group 3 showed a fluctuating upward trend,
and the optimization results were not stable enough. Both
experimental group 2 and experimental group 4 grow
steadily, but experimental group 2 tends to fall into the state
of local optimal solution due to the limitation of the algo-
rithm, so on the whole, experimental group 4 can reach
the optimal solution quickly and steadily.

In Figure 5, the change trend of the resource occupation
distribution of each experimental group is compared. It can
be seen that all the experimental groups showed a downward
trend as a whole. But with the increase of genetic algebra, the
optimization value slows down. This is because with the
increase of the genetic algebra, the population individuals
gradually tend to the optimal solution, and each time the
genetic change is not large, the overall optimization slow-
down is slowed down. It can be seen from the figure that
the NSGA-II-based power multimodal network resource
optimization allocation method proposed in this paper
reduces the distribution of resource occupation to the great-
est extent and has a better optimization effect than other
experimental groups.

Figure 6 is a comparison of the convergence between dif-
ferent algorithms. Although the algorithm has a longer run-
ning time due to preprocessing at the beginning, the network
chain that does not meet the bandwidth requirements is
removed in the process, which simplifies the calculation
scale of the subsequent genetic algorithm. So the entire pro-
cess can be completed faster than others, which further
shows that the algorithm has high convergence and good
reliability.

6. Conclusion

Unstable power business services are caused by the complex
and changeable power multimodal network, which is diffi-
cult to meet the QoS requirements of different businesses.
In order to ensure the normal operation of power business
and improve resource utilization, an optimal allocation
method of power multimodal network resources based on
NSGA-II was proposed by this paper. Firstly, the power
multimodal network-resource model is established, and the
problems existing in the resource optimization process are
analyzed. Secondly, preprocessing technology and indirect
coding technology are applied to NSGA-II, which solves
the coding problem and convergence problem of the appli-
cation of genetic algorithm to the optimization of network
resource allocation. Finally, the simulation results show that,
compared with the control algorithm, this method has fur-
ther optimized the various indicators of the resource alloca-
tion of the power multimodal network, and the performance
has been improved by more than 6%.

However, the addition of preprocessing makes the algo-
rithm often take a lot of time in the early stage of operation.
In addition, because the model pays more attention to the
fast response in time, it takes up a lot of memory space dur-
ing the operation. This is the direction that needs attention
and optimization in future work. We will consider improv-
ing the preprocessing algorithm to reduce the initial running
time of the algorithm, and by optimizing the genetic method

of NSGA-II, we will improve the power multimodal network
resource optimization allocation method to reduce the
memory space occupation during the algorithm operation.
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The result data used to support the findings of this study are
included within the article.
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