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Ice and snow-based tourism is getting popular around the world and it is one of the major sources of revenue for a region with required
facilities. According to a report by China Daily, China was expected to witness 230 million tourist visits in 2020-2021 with a total revenue
generation surpassing 390 billion yuan. In order to promote the ice and snow tourism, proper arrangements such as accommodation,
transport facility, and energy provision for heating and foodneed to be arranged as per the demandof the visitors at a certain period of time.
A tourist prediction system can help in this regard for good estimation but considering the problems of traditional ice and snow tourism
systems, specifically the prediction accuracy and long forecasting time, a dynamic forecasting algorithm for ice and snow inbound tourism
based on an improved deep confidence network is proposed. -e system analyzes the relationship between the demand for ice and snow
inbound tourism and the level of national economic development, people’s living standards, demographic characteristics, traffic conditions,
and tourism supply capacity. It then takes the influencing factors of ice and snow inbound tourismdemand as sample data and arranges the
sample data sequence. -e inbound tourism demand dynamic prediction model uses an improved deep confidence network to learn and
train the prediction model, input test data into the trained model, and output the dynamic prediction value of ice and snow inbound
tourism demand in the output layer to obtain the prediction result.-e simulation results show that the proposed algorithm has improved
accuracy in predicting the demand of inbound tourism for ice and snow, whereas the forecasting time is reduced.

1. Introduction

It has certain reference significance for other cyclical tourism
forecast researches. Judging from the changing trend of
inbound tourism demand for ice and snow, it is in an
upward cycle.

-e number of tourists is the basic indicator of the de-
velopment of tourism, and whether the source of tourists is
sufficient is the key to the development of the entire tourism
industry. Moreover, the tourism industry can only grow if
proper proactive planning is carried out by the concerned
departments and sufficient resources are available for the
tourists at their desired locations. It should be kept inmind that

a happy tourist can pull multiple other tourists in an area which
is key to the success of the tourism market. As such, the
scientific forecast of the tourist source market can provide a
reliable basis for formulating tourism development strategies
and tourism planning and development. In modern tourism
research, forecasting the tourism market is a difficult area [1]
that involves multidisciplinary study. Apart from other forms
of tourism, ice and snow tourism is showing a diversified and
high-level development trend and as one of themost distinctive
types of tourism, it has become one of the fastest growing parts
of the entire tourism industry and enjoys a high reputation
specifically in China. Yet in international perspective, the in-
fluence of inbound ice and snow tourism in China lags far
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behind that of Europe and North America where ice and snow
tourism started earlier and is promoted strategically [2].
Compared with production industries such as industry and
agriculture, the tourism industry of ice and snow is charac-
terized by its volatility because it is influenced by a number of
factors including income level, leisure time, age structure,
education level, occupation, family structure, and other market
forces of the residents in the source market. Moreover, factors
such as gross national product, technological progress, taxa-
tion, natural disasters, war, terrorism, level of urbanization,
other large-scale festivals, and other social and economic el-
ements also affect the ice and snow tourism significantly.
-erefore, it is difficult to precisely calculate the macroforecast
and microforecast of the demand for ice and snow inbound
tourism. As such, incorporating modern technologies that
utilize artificial intelligence for the development of a scientific
and operational dynamic forecasting model for ice and snow
tourism can effectively solve the problem [3]. Considering the
global development trend, the system can be used for targeted,
planned, and scientific publicity and promotion that could be
carried out for the international tourist source market of ice
and snow tourism. Furthermore, the ice and snow tourism
resources could be integrated with neighboring provinces;
northern folklore and other regional cultural characteristics can
be used to enhance the overall tourist experience and com-
petitiveness. -is could be spread across international
boundaries by strengthening cooperation with foreign ice and
snow industries in order to learn advanced business concepts as
well as common management standards and systems for the
world’s ice and snow industries.

Although tourism demand forecasting by utilizing sci-
entific methods is a relatively new research area, researchers
have proposed some models targeted towards the said
problem. However, with the passage of time and new de-
velopments, these forecasting methods are becoming more
complex and diversified. In a related study conducted by Yao
et al., a system based on an improved grey model is proposed
[4]. In this study, the demand forecasting algorithm firstly
determines the optimal number of input subsets by the input
subset method according to the average absolute error per-
centage of the first-order Grey Model GM (1,1) forecast and
then uses the fuzzy set theory to take the calculated mem-
bership vector. In the end, the weight of theMarkov transition
matrix vector is used to optimize the predicted value. In order
to be able to predict according to the passage of time, a
dynamic prediction model with equal dimensions and re-
cursive compensation is established. In a related study,
Mingyang et. al. [5] proposed an improved Drosophila al-
gorithm to optimize the travel demand prediction algorithm
of the echo state network. -e standard Drosophila opti-
mization algorithm known as Fruit Fly Optimization Algo-
rithm (FOA) is a recently proposed swarm intelligence-based
methodwhich incorporates fruit fly foraging behavior to solve
global optimization method. Although it has certain advan-
tages like simple structure to be realized with computer and
ease of understanding, it has certain limitations including low
convergence precision and getting easily trapped in a local
optimum value at the later evolution stage. -us, an im-
provement is proposed in which the number of Drosophila

population and search steps were adjusted adaptively. At the
same time, the initial iteration position was optimized to
improve the algorithm. Local search capability and search
efficiency were also tuned before combining the improved
FOA algorithm, AFOA, with the echo state network (ESN) to
construct a two-stage combined prediction model (AFOA-
ESN). -is method initially obtains its key parameters
through the AFOA optimization and then inputs the opti-
mized parameters into the ESN to form the final combined
forecastingmodel. In the end, this model is utilized to forecast
tourism demand. However, the prediction accuracy of the
above two algorithms for tourism demand forecasting is
relatively low, resulting in poor forecasting effect and making
them ineffective choice for practical use.

Apart from Yao et al. [4] and Xu [5], in an earlier study,
Liang et. al. [6] proposed an autoregressive distributed lag
model prediction algorithm for tourism demand based on
searching big data to build an autoregressive distributed lag
model (ARDL) to predict tourism demand. -e research
content in this study is based on the United States where an
autoregressive distribution lagging model is established and
predictive analysis is performed. Similarly, Han and Fang
proposed a tourism demand forecasting algorithm based on
the GIOWHA-GALSSVR-SARIMA combined model [7].
Firstly, the Genetic Algorithm-Least Squares Support Vector
Regression (GA-LSSVR) was constructed with the lagging
values of three indicators: urban residents’ per capita dis-
posable income, consumer expectations index, and the
number of overnight visitors as input variables. -e model
and the seasonally adjusted Autoregressive Integrated
Moving Average (ARIMA) model preliminarily predicted
the number of overnight tourists in the study. -en, a
combination model based on the GIOWHA operator is
established to complete the tourism demand forecast.
However, the above two algorithms take a long time to
predict tourism demand, which leads to low efficiency of
these prediction systems.

Aiming at the problems of the above algorithms, this
paper proposes a dynamic forecasting algorithm for inbound
tourism demand based on an improved deep belief network
and verifies the effectiveness of this algorithm through
simulation experiments. It solves the problems in the tra-
ditional algorithm and lays a foundation for the develop-
ment of inbound ice and snow-based tourism that could be
adopted for practical applications.

2. Analysis on the Influencing Factors of the
Demand for Ice and Snow Inbound Tourism

Ice and snow inbound tourism has grown gradually in the
past ten years. Researchers have identified multiple factors
that can affect the number of visiting tourists and the overall
tourism in an area. -e primary condition for the growth of
tourism is the increase in people’s freely disposable income.
In addition, there are also a series of social factors related to
ice and snow inbound tourism, such as the level of national
economic development, demographic characteristics, traffic
conditions, and tourism supply capacity. -ese conditions
contribute to the overall demand for ice and snow inbound
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tourism. -is paper considers the amount of ice and snow
inbound tourism demand as the target quantity and studies
its relationship with the national economic development
level, people’s living standards, demographic characteristics,
traffic conditions, and tourism supply capacity for a better
forecasting purpose.

2.1. .e Relationship between the Demand for Ice and Snow
Inbound Tourism and the Level of National Economic
Development. -e demand for ice and snow inbound
tourism, in general, refers to the number of tourists who are
visiting an area and are able to purchase tourism products
with a certain currency payment capacity in a specific period
of time. -e level of national economic development con-
tributes significantly to the demand for ice and snow in-
bound tourism. As the national economy of a country
develops, the investment in infrastructure construction
projects will inevitably increase. -e construction of
transportation infrastructure, the expansion of hotels and
hostels, and the infrastructure construction primarily for
tourist attractions will greatly stimulate the growth of
tourism. On the other hand, the increase in demand for
inbound tourism plays an important role in promoting the
development of the national economy, and so the two
complement each other. For the current study, the Gross
Domestic Product (GDP) is selected to reflect the level of
development of the national economy [8].

2.2. .e Relationship between the Demand for Ice and Snow
Inbound Tourism and People’s Living Standards. In this
study, people’s living standards are reflected by residents’
disposable income. Disposable income refers to the
remaining balance after deducting all taxes and social
consumption from the personal income that people earn by
getting engaged in different social and economic activities, as
well as the part that must be consumed in daily life. It is the
part of the income that people can arbitrarily decide on their
use. When people’s necessities like food, clothing, shelter,
and transportations are fulfilled, people can have higher life
pursuits and tourism is one of them. -erefore, people’s
living standards are one of the main factors affecting the
demand for ice and snow inbound tourism.-e difference in
tourists’ discretionary income will affect tourists’ travel
mode, accommodation conditions, dining conditions, and
choice of tourist destinations. -erefore, the amount of
discretionary income is closely related to the demand for ice
and snow inbound tourism [9].

2.3. .e Relationship between the Demand for Ice and Snow
Inbound Tourism and Demographic Characteristics. -e
expansion of the population will increase the demand for ice
and snow inbound tourism. Although this effect is ob-
servable in years of time, the demand for ice and snow
inbound tourism is closely related to the demographic
characteristics of the tourist source area. -e different age
compositions, different sex ratios, and total population of
the tourist source areas will have different effects on the

demand of tourism. In addition, the economic development
level of the tourist source area also affects the population’s
difference in the demand of tourism. If the tourist source
area is economically developed, the population growth will
greatly lead to the increase in tourism demand, while on the
contrary, if the tourist source area is relatively backward
economically, the contribution of population growth to
tourism demand will be relatively small [10].

2.4. .e Relationship between Ice and Snow Inbound Tourism
Demand and Traffic Conditions. Traffic conditions have a
crucial impact on the demand of tourism especially ice and
snow inbound tourism. One of the primary issues for
tourists while traveling abroad is the transportation prob-
lem. With the rapid development of China’s economy,
China’s roads, railways, aviation, and other basic trans-
portation facilities have become more and more accom-
modating, and tourists have more and more choices of
transportation options for traveling. -e improvements like
rapid construction of highways, the operation of high-speed
trains, and the development of air transportation have
greatly shortened the time for tourists to reach tourist
destinations, so that they can spend more time on tourism
[11]. Moreover, as the facilities of transportation are
upgraded, tourists feel more comfortable and safer during
the journey, feel less fatigue of the journey, and can better
enjoy the trip. -e current study selects the traffic mileage of
the transportation line as a parameter to reflect the traffic
conditions for research purposes.

2.5. .e Relationship between the Demand for Ice and Snow
Inbound Tourism and the Capacity of Tourism Supply.
-e supply of different commodities to the target tourism
area is also a key parameter to consider while promoting
tourism in a region. -is involves different types of products
provided to the tourism market at a certain price within a
certain period of time, including different types of gears
required for specific tourism, for example, ice and snow-
based tourism, tourist facilities, and tourism services pro-
vided by the operators. -e current study primarily selects
ice and snow inbound tourism facilities as an indicator of
tourism supply capacity. Tourist facilities are used by
tourism operators to provide tourists with food, accom-
modation, transportation, travel, shopping, entertainment,
and other related facilities to directly develop tourism ac-
tivities. -ey are the dominant part of the investment of ice
and snow inbound tourism enterprises. -e tourism supply
represents a rigid indicator of local reception capacity. -e
reception capacity reflects the strength and development
scale of a country or region to accommodate incoming
people. Generally speaking, the ice and snow inbound
tourist facilities mainly include four parts: tourist trans-
portation, tourist accommodation and reception facilities,
tourist entertainment facilities, and tourist shopping facil-
ities. -is current study focuses on the number of travel
agencies and star-rated hotels to reflect the supply capacity
of ice and snow inbound tourism.
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3. Construction of a Dynamic Forecasting
Model for the Inbound Tourism Demand of
Ice and Snow

Based on the aforementioned analysis of the relationships
between the demand for ice and snow inbound tourism and
the level of national economic development, people’s living
standards, demographic characteristics, traffic conditions,
and tourism supply capacity, a fuzzy time series is used to
construct a dynamic forecast model for inbound tourism
demand for ice and snow. -e use of fuzzy sets for modeling
and predicting time series arises almost intuitively.-e idea is
to divide the universe of discourse from time series in fuzzy
set’s intervals and then learn how each area behaves by
extracting the rules via time-series patterns. -e fuzzy models
not only assist in the formation of approximate functions but
also enhance the readability of rules using linguistic variables
that make them more accessible for profound analysis. For
clarification, the fuzzy time series is comprised of four steps:

(1) Defining the universe and divide the interval
(2) Incorporation of fuzzy historical data
(3) Establishing fuzzy logic relationships and obtain

fuzzy relationship groups
(4) Defuzzify relationships and build predictive models

[12]

Step 1: data adjustment: in the first step, the rela-
tionship between the demand for ice and snow
inbound tourism and the influencing factors in-
cluding the level of national economic develop-
ment, people’s living standards, demographic
characteristics, traffic conditions, and tourism
supply capacity is taken as sample data which is
arranged and processed accordingly. For simplicity,
the data sequence is denoted as d1, d2, d3, ..., dn.
Step 2: define the universe of observations and
divide the interval.
In order to process the data sequence, find the
minimum d1 and maximum dn in the sequence.

-e universe U can then be defined as denoted in
the following equation:

U � d1 − σ1, dn − σ2 , (1)

where σ1, σ2 represent two suitable positive
numbers.
To simplify the procedure, Statistical Package for
Social Sciences (SPSS) 20.0, a software package
specifically designed by IBM for interactive statis-
tical analysis, is used to call the k-means cluster
process to perform cluster analysis on the
d1, d2, d3, ..., dn sequence to obtain k cluster centers,
then calculate the median values of the k centers
adjacent to each other to obtain k − 1 values, and
put them into the universe U. In U, k initial in-
tervals are obtained which are denoted as
u1, u2, u3, ..., uk. Initially, the absolute values of the
difference between the two adjacent data in the
sequence d1, d2, d3, ..., dn are calculated followed by
the average of all the absolute values. -e half of the
average of the absolute values is regarded as the
maximum allowable distance of the interval, and
then the values are, respectively, put into
u1, u2, u3, ..., uk, and the interval is divided again. It
could be noticed that the length of each interval is
different, because the distribution of the data in the
universe is not uniform, and the clustering results
to guide the division of subintervals can better
reflect the data structure than the equally divided
universe, which is beneficial to improve the pre-
diction accuracy. Finally, the historical data is input
into the corresponding interval so that each his-
torical data corresponds to an interval [13].
Step 3: fuzzify the data and establish a logical
relationship.
A fuzzy set Ai is defined according to the interval
obtained in the preceding step, and the historical
data is fuzzified according to the following formula:
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After fuzzification, the fuzzy logic relationship is
obtained according to Definition 3. For example, if
year n corresponds to Ai and the year n + 1 belongs
to Aj, the logical relationship between them can be
recorded as Ai⟶ Aj.

Step 4: defuzzification and the prediction process.
Based on the calculated defuzzification results, a
dynamic prediction model of inbound tourism de-
mand for ice and snow is constructed as presented in
the following equation:
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Fj �
P + m Aj  

(S + 1)
. (3)

4. Output of Prediction Results Based on
Improved Deep Belief Network

4.1. Improved Deep Belief Network. Deep belief network
(DBN) is a probabilistic generation model, a neural network
with multiple hidden layers composed of multiple restricted
Boltzmann machines. -e Boltzmann machine named after
Boltzmann distribution in statistical mechanics is popular be-
cause of its parallelism and adaptability to simple physical
processes. Although unrestricted Boltzmann machine has very
limited usefulness in practical or machine learning problem, the
restricted Boltzmann machine (RBM) can learn efficiently
within contained simple structure.-eDBN is a combination of
a generative model and the discriminant model. -e generative
model superimposes the layers of RBM so that the DBNmodel
can extract features from the input data, layer by layer, to obtain
high-level expressions. On the other hand, the discriminant
model is a supervised neural network model used to complete
the classification or prediction process. -e improved deep
belief network is developed on the basis of the traditional neural
network while addressing its limitation regarding the depth of
the hidden layer which cannot be expanded in traditional neural
network. Conversely, the restricted Boltzmann machine is
trained layer by layer through the gradient descent greedy al-
gorithm while obtaining the interlayer weight “W,” the visible
layer bias “c,” and the hidden layer bias “b.” In the training
process, unsupervised learning is used primarily to extract the
feature representation of the input data. On the basis of training
stacked restricted Boltzmann machines, the backpropagation
(BP) algorithm is used to fine-tune the system parameters [14].

In summary, the improved deep belief network can be
regarded as a deep neural network composed of a multilayer
unsupervised restricted Boltzmann machine network and a
single-layer backpropagation neural network, as represented
in Figure 1.

Since the improved deep belief network has strong learning
ability, this paper selects the improved deep belief network to
train the prediction model where the training of the deep belief
network is conducted layer by layer; that is, after initializing the
vector in the unit bymapping layer by layer from the first layer,
the visible layer unit v of the deep belief network is mapped to
get the hidden layer unit h, and then the hidden layer unit h will
be used as the next visible layer which is mapped to get the
hidden layer unit again and so on until the multilayer deep
belief network is trained. During the training process, the
weights of each layer are constantly updated according to the
correlation between the hidden layer and the visible layer. -e
network reconstruction error is passed from the first layer of
deep confidence network to the second layer and then to the
third layer until it is propagated to the last layer of the deep
confidence network [15].

4.2. Predictive Model Learning and Training Based on Im-
proved Deep Belief Network. Since the improved deep belief
network is trained layer by layer, it cannot guarantee that the

feature vector of the entire network layer will be optimally
mapped after training; it can only ensure the optimal weight
adjustments in the respective layers; that is, the nonlinear
mapping of the feature vector in the particular layer is
optimal. -erefore, the output data of the deep belief net-
work is entered into the BP neural network for model
learning, and the model parameters θ � (W, b, c) and
learning rate ε after pretraining are obtained.-e calculation
formula of the error gradient σi of all visible layer units vi is
then calculated as

σi � Qi 1 − Qi(  ei − Qi( , (4)

where ei represents the desired output and Qi represents the
output unit of the visible layer. Subsequently, the calculation
formula of the error gradient σj of all hidden layer units hi is
given by

σj � Qi 1 − Qi(  
i

θijσihi. (5)

Using the error gradient value, the dynamic forecast
error function of ice and snow inbound tourism demand is
constructed as per the following equation:

Et � σj +(1 − c)gt, (6)

where gt represents the gradient at time t and c represents
the expected value coefficient.

In the end, the dynamic forecasting model of ice and
snow inbound tourism demand is given the input data to
train the model and as per the error function, test data is
tested on the trained model to output the dynamic pre-
diction value of ice and snow inbound tourism demand in
the output layer P as given in the following equation:

PP � EtCH, (7)

where C represents the state of the deep confidence network
memory module andH represents the output of thememory
module.

5. Simulation Experiment Analysis

In order to verify the effectiveness of the dynamic pre-
diction algorithm of inbound tourism demand for ice and
snow-based on the improved deep confidence network
proposed in this paper in practical application, a simulation
experiment analysis is carried out and to ensure the ac-
curacy and fairness of the experiment, the requirements for
ice and snow inbound tourism were entered into the da-
tabase in advance. -e database data used by the experi-
mental group and the comparison group are exactly the
same. -e equipment hardware environment is shown in
Table 1.

For an effective analysis, the proposed method in the
current study is compared with the tourism demand fore-
casting algorithm based on the improved grey model pro-
posed by Yao et al. [4] and the improved fruit fly method
proposed by Mingyang et. al. [5] which optimized the travel
demand prediction of the echo state network. -e com-
parison results are presented in Figure 2.
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According to Figure 2, the dynamic prediction algorithm
based on the improved deep confidence network proposed
in this paper is more than 95% accurate which is better than
both the previously proposed methods.

To further verify the effectiveness of the proposed
technique, the total prediction time taken by the proposed
study is mapped against the methods of Yao et al. [4] and

Mingyang et. al. [5], and the results are presented in
Figure 3.

According to Figure 3, it can be noticed that the pre-
diction time of the current study based on the improved
deep confidence network is within 20 seconds, which is
significantly shorter than the prediction time of the existing
techniques.
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Figure 1: Improved deep belief network.

Table 1: Hardware parameter table.

Experimental environment Parameter
Software Hadoop
Processor Intel Xeon ES-2630 v2
RAM 16GB
Storage disk 50 TB
Network Gigabit Ethernet card
Operating system eServer 11 SP2 64 bit
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Figure 2: Comparison results of dynamic prediction accuracy of inbound tourism demand for ice and snow.
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6. Conclusion

Under the background of the era of stimulating future
economic growth with consumption, the tourism industry is
facing fundamental changes with increased international
influence, upgradation of strategic functions, strengthening
of basic functions, and prominent status of the main body.
-e accurate forecast of the number of tourists visiting a
particular area at a certain time of the year can be used by the
local government to promote tourism in a better way by
providing an improved tourists experience which will
contribute to the overall economic development of the area.
It will also help in providing relevant technical support for
formulating tourism development policies and guiding the
rational use and allocation of tourism market resources.
Considering these arguments, this paper proposed a dy-
namic prediction algorithm for inbound tourism demand
based on fuzzy time series and improved deep confidence
network. Simulation experiments verified the effectiveness
and practicability of this method testifying that the algo-
rithm can more accurately predict the demand for inbound
tourism in ice and snow as compared to its preceding
counterparts. As such, this will contribute to providing
better services to the inbound tourists and will positively
elicit the tourism industry in the region, thereby earning
better revenue for the local people and the region. Moreover,
it is encouraged to utilize the same study for other tourism-
related predictions which may prove its generalizability and
will help in its adoption for real-world solutions.
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