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This paper analyzes the deficiencies of human resource allocation in the tourism industry by investigating the human resource
allocation in the tourism industry, puts forward corresponding improvement measures and suggestions, and strives to provide
certain guidance and helpful effects for the construction of tourism resource informatization. In this paper, a modified BP neural
network model is proposed by introducing random perturbation terms on the hidden layer in the BP neural network algorithm,
and the weight matrix connecting the input values is added with the random perturbation matrix to obtain a new weight matrix so
that the convergence effect of the improved BP neural network algorithm is improved. Then, to address the problem that the initial
weights of the long and short-term memory neural network and gated BP unit neural network have a large impact on the
convergence speed and prediction accuracy of the algorithm after the initial weight selection is determined, this paper introduces
the random perturbation term into the gate structure of the long and short-term memory neural network and gated BP unit neural
network and proposes and connects an improved long and short-term memory neural network and gated BP unit neural network.
The weight matrix of the input values is added with the random perturbation matrix to obtain the new weight matrix so that the
convergence effect of the improved long and short-term memory neural network algorithm and the gated BP unit neural network
algorithm is improved. Constructing the human resource allocation model of the tourism industry and proposing coping
strategies and countermeasures and taking the human resource allocation system of the tourism industry as the core, the human
resource allocation model of the tourism industry is established by combining the network image crisis life cycle system of tourism
scenic spots and the network public opinion dissemination model. From the perspective of managers, the human resource
allocation management policy and management procedures of the tourism industry are proposed. Using the quantifiable and
disenable characteristics of online text information, the response strategy of online monitoring and propaganda and offline
management and enhancement is proposed, and innovative countermeasures to the human resource allocation of the tourism
industry are proposed in three categories: network originated, reality coexisting, and reality originated. Through this paper, we
propose a new approach to human resource allocation management and development in the tourism industry and improve the
efficiency of human resource allocation in the tourism industry.

1. Introduction

With the acceleration of the global economic integration
process, human resources have gradually become core re-
sources. After defining human resources as a strategy for a
strong nation, it has been positioned as a basic national
strategy, which shows the deepening importance attached to
human resources. With the deepening of reform and
opening up and the development of economic construction,

it has become urgent to strengthen human resources de-
velopment, human resources’ capacity building, and human
resources’ policy research [1]. Tourism human resources
determine the development of the tourism industry, so
cultivating the raw power of the tourism industry and
attaching great importance to tourism human resources will
be an important and arduous task for the development of
China’s tourism industry. Tourism human resources are
complex social system engineering, which include both the
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tourism human resources that are often in direct contact
with tourists and the tourism human resources that are
indirectly in contact with tourists. Tourism resources are
extremely rich and unique; tourism, as its support industry,
has become an important way and fundamental guarantee
for the rapid development of the regional economy and the
full implementation of well-off [2]. Tourist attractions are
the basic building blocks of tourist destinations, and the
quality of their network image directly affects potential
tourists’ perception of the destination’s image, which in turn
affects their behavioral decisions and jeopardizes the busi-
ness performance of tourist attractions as well as the stra-
tegic goal of sustainable development. However, there is a
lack of attention to this aspect in tourist attractions at
present. Tourist attractions mostly focus on daily manage-
ment and simple advertising, lacking an overall awareness of
human resources allocation in tourism, control of the inner
mechanism of the network image of tourist attractions, and
marketing strategies and lacking a sense of worry about
human resources allocation in tourism [3].

Human resources, as the carrier of knowledge, have
become the target of enterprises. Under the influence of the
people-oriented concept, the role of human resources’
management in tourism enterprises has become increas-
ingly prominent. Human resources’ development and
management is the use of modern scientific methods, with a
certain combination of human resources for training,
human and material resources’ organization, and deploy-
ment to maintain the best ratio, while the human mind
psychological behavior induction also gives full play to the
initiative and appropriate personnel, control, and coop-
eration with the appropriate to achieve the goals of the
organization [4]. This study intends to study the devel-
opment and management of human resources in the
tourism industry, through comparative analysis, to clarify
some experiences and recommendations for better devel-
opment and management of human resources in the
tourism industry in the future and to provide guidance and
reference for human resources in the tourism industry. In
the web text data collection, the web crawler software is
used to capture the text information, and NLPIR-ICTCLAS
is used to carry out the subword statistics, which enriches
the collection and measurement tools and research tools for
the image of tourism scenic spots, increases the data
transformation methods in this research field, realizes the
combination of qualitative research and quantitative re-
search, and lays the foundation for other quantitative re-
search on human resource allocation in the tourism
industry. In addition, the application of the BP neural
network model provides a new paradigm for the design of
human resource allocation models in tourism, broadens the
research field of human resource allocation in tourism, and
extends the application of MATLAB mathematical soft-
ware in the field of tourism crisis management [5, 6].

The purpose of this paper is to put forward a more
perfect human resource allocation system and management
mode from the perspective of human resource allocation, to
improve the awareness of the management of tourist at-
tractions and strengthen the cognition of the network image
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of tourist attractions and to effectively provide a realistic
management problem for the expansion of tourist attrac-
tions in the context of the changing times of the network era
[7]. To improve the awareness of tourism scenic spot
management, strengthen the awareness of tourism scenic
spot network image; to effectively provide a point of force to
expand the real operation problems of tourism scenic spot,
realize the sustainable development of tourism scenic spot
and, at the same time, provide an important role in pro-
moting the transformation and upgrading of the modern
tourism industry. And the improved BP neural network
algorithm is applied to the human resource allocation
problem in the tourism industry. Compared with the version
before the improvement, the improved BP neural network
algorithm converges faster and is less likely to converge to
the local optimal solution. Section 1 briefly describes the
importance of studying the improved BP neural network for
human resource allocation model analysis in the tourism
industry, which has strong economic significance and
practical value and finally introduces the main contents of
this paper. Section 2 introduces the current situation of
human resource allocation research in the tourism industry
at home and abroad and the research directions around the
BP neural network and its improvement. Section 3 studies
the human resource allocation model of the tourism in-
dustry based on the improved BP neural network and gives
the theoretical derivation. For the problem of BP neural
network due to the large randomness of initial weight se-
lection, the procedure of BP neural network algorithm based
on random perturbation is designed by adding a random
perturbation term to the hidden layer of BP neural network
and applied to the human resource allocation problem of the
tourism industry. Section 4 conducts the result analysis, and
the experimental results show that the improved BP neural
network can make the influence of initial weights on the
convergence speed of the algorithm reduced and prevent the
occurrence of the overfitting phenomenon. Section 5 first
summarizes the work done and the proposed methods in
this paper, then analyzes the methods and experiments
proposed in the paper for improvement, and finally provides
an outlook for future research work.

2. Related Work

Tourism human resources are an important guarantee to
enhance the competitiveness and sustainable development of
tourism and determine the development of tourism. With the
further development of China’s tourism industry, tourism
human resources’ development and management have be-
come an important issue in the overall development of the
tourism industry. Most of the research on the development
and management of the tourism industry starts from the
perspective of human resources of tourism enterprises, and
less considers the mobility and turnover rate of tourism
practitioners [8]. Shetaban et al. established a model based on
a BP neural network-based analysis against the main com-
ponents, as a way to achieve the rating of the degree of
managerial defense of managers [9]. Ronoud and Asadi
studied the economic evaluation of power transmission



Journal of Mathematics

projects based on a fruit fly optimized BP neural network
model, followed by the application of socio-economic de-
velopment evaluation and assisted decision-making, and the
applied research in this field more fully reflects the powerful
performance of BP neural networks in terms of no lineari-
zation and self-learning habits to make scientific measure-
ments of sustainable development and planning problems
[10]. By using the impact degree model and sensitivity model
of the BP neural network, Aakash et al. analyzed the relevant
index data to derive the regional development constraints.
From the perspective of tourism crisis early warning, con-
structing the network image impact index system of tourism
scenic spots, extracting data samples by using methods such
as network text content analysis, constructing BP neural
network model, and then making analysis of the early warning
system, there is still a gap in the research in this area [11].
Therefore, based on the relevant literature research and
theoretical analysis, this paper innovatively proposes the
human resource allocation system of the tourism industry,
and based on the relevant literature and theoretical analysis,
this paper proposes an innovative human resource allocation
system for the tourism industry, analyzes the relevant data,
and establishes a BP neural network model under the con-
dition that the indicators are tested and corrected [12].

BP neural networks have made progress in areas such as
human resources in the tourism industry because of their
ability to predict time-series data. Since the emergence of BP
neural networks, many scholars at home and abroad have
studied and applied BP neural networks and their im-
provements [13]. Cheng and Zhao improved the activation
function of RNN, which effectively accelerated the conver-
gence speed of training [14]. Kang et al. simplified the
highway BP neural network based on which the relevant
parameters were significantly reduced and the computational
complexity was reduced [15]. Dai and Hu proposed a
quantum weighting method for BP neural networks with
better computational efficiency. Theoretical research in
tourism is not compatible with the development of the
tourism industry, and the level of academic research and
theoretical development is lower than that of the tourism
industry [16]. Convolutional neural networks have gradually
become a research hotspot in many fields in recent years. To
achieve a better role in these fields and provide more con-
venience for people’s daily life, it is necessary to get better
training results [17]. This paper focuses on evaluating the
classification of convolutional neural networks from a new
perspective and improving the training method of con-
volutional neural networks after making relevant evaluations
to make full use of the training data and obtain better clas-
sification results. Using knowledge consistency as a tool for
diagnosing neural network representations and providing
new insights to explain the success of existing deep learning
techniques, knowledge consistency can also be used to im-
prove pretrained networks and enhance performance [18].
The work in this paper uses the interclass distance of feature
maps to understand the discriminatory ability of the trained
model between different classes and improves the training

process through analysis, providing a new perspective to
improve the classification effectiveness of CNNs [19].

The scope of research on tourism-related theories is
relatively small, and the main findings of this paper de-
scribe the methodology of the main study of numerical
statistics is small. Most of them are from the research
universities and other universities; governments and en-
terprises have given little support. The scope of its research
is relatively narrow, mostly for the study of traditional
industries, tourism products, human resources, tourism
markets, and tourism planning, and other aspects still need
to carry out the urgent need for systematic research work
[20]. Due to the slow development of tourism theory re-
search, many issues in the process of tourism development
cannot be used as a basis and guidance. Therefore, the
government should strengthen the macromanagement of
tourism research, the development of the tourism industry,
and encourage enterprises to actively participate in the
system of combining academic research and tourism in-
dustry, the development of tourism industry, and tourism
theory and improving the training of convolutional neural
networks using validation set and distance metric. By
combining the tourism scenic network image crisis
warning index and the research problem, a three-layer BP
neural network model is designed, which is commonly
referred to as a classical BP neural network model including
three layers: input layer, hidden layer, and output layer.
After normalizing the sample data, the number of nodes in
each layer is determined, and the model of the human
resource allocation system for the tourism industry is
simulated and experimented with using MATLAB soft-
ware. Introducing BP neural network information tech-
nology into the human resource allocation of tourism
industry, with the help of the real-time and high efficiency
of the Internet, the human resource allocation of tourism
industry is transformed from traditional manual man-
agement to intelligent platform management, and the
management of human resource allocation of tourism
industry is improved.

3. Research on the Human Resource
Allocation Model of Tourism Industry
Based on Improved BP Neural Network

3.1. Construction of Human Resource Allocation Parameters
for the Tourism Industry. The entropy weight method can be
used to scientifically and effectively calculate the weight
coefficients between different indicators of tourism human
resource allocation application and tourism development,
and the results are more reliable. The shortcomings of the
entropy weight method have less influence on the com-
prehensive level measurement of this paper and can sci-
entifically assign weights to the results, which is a more
objective evaluation method in general. With m indicators
and 7 objects, the original data are arranged in rows to form
a matrix (Equation (1)), and because the outline quantity of
each evaluation indicator 1is different, the polar



transformation method is used to standardize the original
indicator data. Whenever an additional data point is ob-
tained, the new point is added to the sample, and the oldest
point in time is deleted, and then, the range related to this
point is calculated. Therefore, the calculation of each range is
at least. The calculation of the previous range shares the
value of one point. The moving range is used for single value
control charts, and usually, two points are used to calculate
the moving range:

hll hlZ T hlm
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Tourism demand level indicators are divided into 3
secondary indicators: total tourism revenue, total tourism
receipts, and the proportion of total tourism revenue to the
tertiary industry, total tourism revenue, and total tourism
receipts; measure the scale and consumption capacity of the
tourism market in general, and the proportion of total
tourism revenue to the tertiary industry reflects the pulling
effect of tourism demand on local economic and industrial
development; the greater the pulling effect, the more it can
improve local development of tourism. The greater the pull
effect is, the more it can improve the local development of
tourism enthusiasm, promote the transformation and
upgrading of tourism, and promote tourism human re-
sources allocation to better serve the development of tourism
and to further better meet the demand for tourism, forming
a virtuous development cycle.

The index system is developed from two levels of tourism
human resources’ allocation support and integration degree,
and the evaluation of tourism human resources’ allocation
application development level in tourism industry is divided
into two level indicators of tourism human resources” al-
location support and integration degree, and the evaluation
index system shown in Table 1 is constructed to measure the
development level of tourism human resources’ allocation
application.

The first level of integration is divided into 2 secondary
indicators, namely, Wi-Fi coverage of attractions and
online tourism market transaction scale. The Wi-Fi cov-
erage rate of attractions reflects the database of the tourism
industry in the process of applying tourism human re-
source allocation to achieve its development and also re-
flects the convenience of using tourism human resource
allocation application in the process of tourism, and the
online tourism market transaction scale reflects the im-
portance of tourism-related enterprises to tourism human
resource allocation application, and a certain extent grasps
the degree of integration and development of tourism and
tourism human resource allocation application. The degree
of integration of tourism and tourism HR application:
Since the two types of indicators selected are of different
outline quantities and are not uniform, the initial value
transformation method is first used for normalization to
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form the data directly used for the calculation of gray
correlation coefficients:

' o YA
Al) ‘Nh_‘?’oo; A)
] x<[1,L]. (2)
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The gray correlation between each indicator of tourism
human resource allocation application 5 in the tourism
industry and the three primary indicators of tourism de-
velopment is calculated:
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m

Modern tourism human resources need management,
humanistic, and scientific talents. According to the survey,
in tourism enterprises, there is a large shortage of man-
agement-level personnel in the economic, tourism, and
foreign language fields, and the targeted training services
and academic education provided by universities and
colleges as well as a society cannot meet the development
needs of many tourism industries. In the general workforce,
only about 25% of the employees have a college degree or
higher, and the proportion of tourism and related indus-
tries is even smaller, with a relatively low level of education,
so it is necessary to increase the construction of profes-
sional personnel. From the government level, there is lack
of tourism human resources overall scientific planning.
Now, since the overall planning of tourism human re-
sources is only lightly in the tourism planning, no specific
talk should be on how to develop tourism human resources.
This can almost be said to be in a state of coping with the
lack of initiative and foresight in human resources planning
work, which will certainly restrict the development of
tourism human resources.

3.2. Improved BP Neural Network Human Resource
Allocation Model for the Tourism Industry. The research in
this paper focuses on the monitoring of the factors
influencing the image of tourist attractions in the online
environment for tourism human resource allocation.
Therefore, the research object mainly involves the analysis
and extraction of the content of information about the web
text of the tourism scenic area’s online image, which is used
to form a factor model of tourism human resource alloca-
tion. Based on this, the factor model is based on the premise
of distinguishing the sources of influence factors, the nature
of influence factors, and the key of analyzing the specific
influence contents as a whole, and the influence contents are
specifically categorized into three major categories, namely,
tourism resources, management level, and external
environment, finally constructing the influence factor model
of tourism human resource allocation, as shown in Figure 1.
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TaBLE 1: The comprehensive evaluation system of tourism human resource allocation application development in the tourism industry.

First-level indicator

Second-level indicator Unit

Software and information technology business revenue Bl
Internet penetration rate B2 %
Number of employees in electronic information industry B3

Human resources support Al

1000 million yuan

Thousand people

Integration degree A2

Attraction WiFi coverage rate B4 %
Online travel market transaction scale B5

1000 million yuan

Web Image Impact Factor of Tourist Attractions

Active Network Impact Factor

Scenic tourism resources
Human resource
management level

BP neural network
training model

Negative Network Impact
Factor

Human Resource Grade
Tourism brand effect

BP neural network

Tourism scenic external ~ o
) configuration model
environment

Tourism market
competitiveness

FIGURE 1: BP neural network model of the impact factor.

Based on the variability of the attributes of the indi-
cators studied in this paper, all data involved in the ref-
erence equation (4) were normalized to lie within the
interval [-1, 1]:

(A; — min(4;)) (A; + max (4;))
max (4;) - min (4;)

A(x) = -Lic[,N]. (4)

In this paper, the input quantity, hidden layer nodes, and
output layer are defined as the configuration indicators by
combining the concepts related to human resource alloca-
tion in the tourism industry. Combined with the research
data samples in this paper, the matrix is designed as

Mll MlZ Mln
M21 MZZ MZ

n
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Based on the correlation between the number of nodes in
the hidden layer and the number of nodes in the input and
output layers, the optimal number of nodes in the hidden layer
is found according to the empirical formula (6). In equation (6),
i represents the number of samples, M represents the number
of nodes in the output layer, m represents the number of nodes
in the hidden layer, and N represents the number of nodes in
the input layer, combined with the “pooling method” to de-
termine the final optimal number of nodes in the hidden layer:

N
G=_lim C;
N*»(x); ! . (6)
m=InN+ VN> + M* +f

At the same time, the improved BP neural network
converges to a better local optimal solution than the tra-
ditional BP. It is known that the training set input data and
training set output data are M and H. A column of time-
series data my, my, ..., mris represented as the value of T
time steps, where

M (t) = [my, my, ... ) (7)

The small-batch stochastic gradient descent algorithm is
selected for weight update, i.e., the training set data X and Y
are randomly disrupted into S groups; each group consists of
J columns of time-series data. The input data and output data
of the training set at time ¢ of the jth column of the S group
can be expressed as

{ S(x,t) = [my, (x), my (%), . ..... M,y (x)]T ()
S(y,t) = [nlt(y)’ G U > Mgy (y)]T

To make the improved BP converge faster, the parameter
random perturbation term y is introduced into the BP al-
gorithm in this section, and the new weights are obtained by



adding them with the input layer weights. The forward
propagation process of the improved BP network is as

S(t) = LW (s) * (m,(s),n, (s) + ab). 9)
The activation function f§ is the sigmoid function:
1
X)=———.
ﬁ( ) 1+Zfile—z (10)

To ensure the randomness of the random perturbation
parameters for each weight update, the backpropagation
process only biases the original input layer weights. The
improved BP network backpropagation process is shown as

h(s, )" =(y(t) - E(0)y)- (11)

The updated weights are calculated as
{ w(h) =w(h) +VYw(h)

. (12)
bxw(s)=b*xw(s)+Vbx*w(s)

The objective function is found for the output value and
the test set output data, as in equation (13), and the pre-
diction error of the BP neural network is after the expec-
tation of the objective function:

M N
E(x) = ). ) (xi;;— ¢y;)- (13)

i=1 j=1

Using the idea of robust optimization methods, this
paper comes to consider the worst case in all contexts, i.e.,
for the uncertainty set so that the model achieves the
maximum of all minima, and because the uncertainty of
customer arrival directly affects the penalty cost, the model
becomes the following form:

N
f(a,b,c) =min ) [w(a) +wb) +w(o)] «1(t).  (14)

i=1

Equation (15) is the tourism human resource allocation
model, which is a linear robust optimization model:

N
min (F (a,b,c) = ) a; * w(a)
i=1
N N

+Zﬁi*w(b)+2yi*w(c).

i=1 i=1

(15)

3.3. Tourism Human Resource Allocation System Design.
The tourism human resource allocation system is a complex
large-scale WEB application system, and this system is
developed using the multilayer framework structure of the
B/S model. The MVC model mainly corresponds to the part
of the application server, the front-end corresponding to the
user’s request, the back-end responsible for the data
transformation with the database server, and the middle is
the application logic layer, responsible for the processing of
specific business. In addition to the basic functions of the
previous traditional tourism human resource allocation
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system, this paper further divides tourism resources into
four categories of resources, which are related to the
clothing, food, housing, and transportation of tourists. The
personalized recommendation function of these four types
of resources to users is realized based on adopting a unified
data platform. The system architecture design diagram is
shown in Figure 2. According to the connotation and
characteristics of the neural network model of tourism re-
source informatization, follow the principles of scientificity,
representativeness, independence, operability, purpose,
completeness, and combination of qualitative and quanti-
tative index selection.

Database design is based on E-R diagram and database
model, detailed design of database fields and other attributes,
detailed design of data tables, and data field information in
the scenic management system, while ensuring the Post-
greSQL database can store the type of data.

4. Analysis of Results

4.1. Human Resource Allocation Model Analysis. The inter-
class distance matrix and confusion matrix calculated on the
test set using the traditional and improved models are shown
in Figure 3. It can be seen that, with the same data, the
number of correct classifications in the confusion matrix in
Figure 3 is greatly increased and the interclass distances are
larger, indicating that the classification ability of the model is
effectively improved. This improved training method was
validated on the EMNIST dataset using the improved BP
neural network, and it was found that the improved method
in this paper was effective, and it was also found that the
interclass distances calculated on the learned feature maps
could be used to improve the network training. The max-
imum value of the traditional model is slightly higher than
the minimum value of 92.71% of the improved model, which
proves that the accuracy of the model studied in this paper is
higher.

After the training, the trained neural network model is
used to input the values of each index of individual test
samples into the model to obtain the output results shown in
Figure 4. In neural network model research, the constructed
model is usually used to test the test samples and calculate
the relative error value between the actual evaluation results
and the test results; if the relative error between the two is
within the acceptable range, we consider that this indicates
that the evaluation with the neural network model is ef-
fective and meets the requirements and can be used to
evaluate the level of tourism resource informatization
development.

4.2. Performance Analysis of the Improved Algorithm. The
human resource data of the tourism industry was selected,
and the BP algorithm was constructed using the Numpy
library in Python software, and the BP neural network al-
gorithm based on parameter random perturbation was
constructed by adding a random perturbation term in the
forward propagation process. The evaluation criterion of the
experiment is the loss function of the test set, and the
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Human Resource
Configuration

Representation Layer

Tourist information w Print the report

Information Delivery Management query @

Human Resource
Configuration Business
Logic Layer

User Information
Management

HR Configuration Service
Layer

Human Resource
Allocation System Layer

Database platform

Travel information export System Log Management

Manpower information
reporting

Data Processing
Services

Security Control
Services

System Management
Services

Operating system platform

FIGURE 2: System architecture design diagram.
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FiGURE 3: Comparison of models on EMNIST dataset.

convergence speed of the BP based on parameter random
perturbation is significantly improved compared with that of
the BP before improvement, and the convergence effect is
shown in Figure 5. Compared with the traditional BP neural
network, the convergence speed of the improved BP neural
network algorithm is faster, and the convergence can achieve
a better local optimal solution than the traditional BP. Al-
though there are still fluctuations after the convergence
smoothes out, the improved loss is still smaller than the loss
before the improvement.

Compared with the BP before the improvement, the
improved BP converges to be smoother after the loss is
smaller and converges better, as shown in Figure 6. In this
paper, the improved BP algorithm based on parameter

~

(=)}

Ml ol |

Evaluation results
S

20 40 60 80 100 120 140 160

Number of evaluations

180 200

B Actual evaluation results
[ Training results

FIGURE 4: Model evaluation results.

random perturbation is proposed and the program design
is given. The improved BP algorithm based on parameter
random perturbation can converge faster and alleviate the
gradient disappearance problem and the overfitting
problem caused by the initial weight selection. Based on
this, the actual prediction is carried out with stock pre-
diction data as an example. The results show that the
improved BP neural network can improve the accuracy of
prediction compared with the traditional BP neural net-
work. The random disturbance term is added to the con-
nection weight of the input layer of the BP neural network
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FIGURE 5: Comparison of the improved BP and the original BP
prediction effect.
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Figure 6: Comparison of prediction results after convergence and
smoothing.

so that the improved BP neural network can converge
faster. Use the extended library to construct an improved
BP algorithm to manage the human resource configuration
of a tourism industry. The experimental results show that
compared with the original BP algorithm, the improved BP
algorithm not only converges faster but also improves after
the convergence is stable. The BP loss is smaller and the
convergence effect is better.

4.3. Human Resource Allocation System Evaluation Analysis.
The optimal total cost value is given in Figure 7, and the
average cost is $132,312. The optimal total cost value is
$133,570 when the dispersion of the robust parameters is 1. It
can be seen that further dispersion of the robust parameters
enables the decision maker to better allocate manpower and
reduce the total cost of the human resource allocation system.
In addition, the standard deviation of these 20 group cost
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-m- Optimal cost value

FIGURE 7: Optimal cost values for independent experiments.

values is 20.3, which indicates that the designed human re-
source allocation system is stable. The comparison of the
effects of the robust model and the deterministic model il-
lustrates that the robust optimization method can resist the
effects of customer arrival uncertainty on the system; also, in
the most conservative time of the model, the penalty cost is 0,
i.e., no one is waiting in the queue at this time, the system has
enough service personnel, and the total cost is much larger
than the total cost in the optimal manpower case; thus, it can
be seen that, in the deterministic model and the most con-
servative model, the total cost is greater than the value under
the optimal robust parameters, indicating the effectiveness of
the robust optimization method.

After the training satisfies the preset target requirements,
the relevant training comparison values are obtained. As can
be seen from Figure 8, the expected output values are very
close to the values of the neural network training output
values. In other words, the constructed improved BP neural
network model can accurately determine the tourism
competitiveness profile of smart tourism cities based on each
evaluation index. Therefore, the network model training
ends here, and the BP neural network-based tourism
competitiveness evaluation model of wisdom tourism cities
has been constructed. When evaluating the tourism com-
petitiveness of other smart tourism cities, only the nor-
malized data of the evaluation sample indicators need to be
input to get the required evaluation conclusion. The max-
imum expected value is 0.5895 and the minimum is 0.3203,
which is in line with the experimental design. At the same
time, the absolute error is in the range of 0.05 to 0.63, and the
relative error is only 0.1 to 0.37. This value proves that the
algorithm in this paper is more accurate.

Offline management not only refers to the daily man-
agement activities and operations of tourist attractions but
also focuses on the correction and improvement of the real
problems combined with online monitoring, online and
offline as two channels, and interconnecting and interacting
with each other; therefore, improving the management
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FIGURE 8: Expected output values versus training output values.

effectiveness of the actual work of tourist attractions, pro-
viding quality reception services and ecological scenic en-
vironment is not only the improvement of the management
of tourist attractions but also an important way and means to
promote the network of tourists, the important way and
means of word-of-mouth publicity. Therefore, strengthening
the offline management and enhancement of tourist at-
tractions is an important foundation and prerequisite for
shaping a good online image of tourist attractions as well as
realizing the strategic plan for sustainable development of
tourist attractions.

5. Conclusion

This paper shows that the combination of BP neural net-
works and various mathematical research methods has been
extended to a wide range of research fields such as economy
and society with high application value from the current
state of research. Therefore, this paper makes use of the
construction of the BP neural network and tries to apply it to
the study of human resource allocation in the tourism in-
dustry based on the related literature research and theo-
retical analysis. From the perspectives of the nature of online
texts, online text sources, and online text contents, the
influencing factor model of tourism human resource allo-
cation is constructed, and on this basis, the index system of
tourism human resource allocation is proposed, mainly
including three primary indicators of tourism resources,
external environment, and management level and nine
secondary indicators of natural resources, human resources,

infrastructure, hospitality services, comprehensive man-
agement, political environment, and economic environ-
ment. The content of the specific web text is used as the index
analysis element, and the basic attribute vocabulary com-
monly used in the web text about tourism scenic spots is
compiled from two aspects: cognitive image and perceived
image, which provides the basis for the collection of sample
data. The model of tourism human resource allocation
management is constructed as a dynamic structural com-
bination consisting of an early warning system for infor-
mation data collection and processing as the source and a
response system for making crisis management decisions
with cyclic feedback, which realizes the interpretation of the
internal structural relationship of tourism human resource
allocation management and outlines management priorities
in three phases: latency, outbreak, and recovery periods. It
proposes a systematic, dynamic, and institutionalized
management approach for tourism human resource allo-
cation; from the perspective of management operation, it
proposes a procedure for tourism human resource allocation
management and improves tourism human resource allo-
cation program planning. Although the neural network
algorithm applied in this thesis has certain advantages, self-
adaptive ability, and learning ability and can be imple-
mented in a relatively simple algorithm calculation using
toolbox or language, but at the same time, there are certain
limitations; the basis of the method requires the existence of
a supervisory mechanism and positive and negative objec-
tive values in the process of data acquisition, which is a
problem in this study.
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