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The Internet of Things applications are diverse in nature, and a key aspect of it is multimedia sensors and devices. These IoT
multimedia devices form the Internet of Multimedia Things (IoMT). Compared with the Internet of Things, it generates a
large amount of text data with different characteristics and requirements. Aiming at the problems that machine learning and
single structure deep learning model cannot effectively grasp the text emotional information in text processing, resulting in
poor classification effect, this paper proposes a text classification method of tourism questions based on deep learning model.
First, the corpus is trained with word2vec tool based on continuous word bag model to obtain the text word vector
representation. Then, the attention mechanism is introduced into the long-short term network (LSTM), and the attention-
based LSTM model is constructed for text feature extraction, which highlights the impact of different words in the input text
on the text emotion category. Finally, the text features are input into the Softmax classifier to obtain the probability
distribution of text categories, and the model is trained combined with the cross entropy loss function. The experimental
results show that the average accuracy, recall, and F value are 0.943, 0.867, and 0.903, respectively, which has better
classification effect than other methods.

1. Introduction

As one of the main ways of leisure and entertainment after the
continuous improvement of China’s social economy and peo-
ple’s material living standards, tourism has attracted more and
more attention and favor, and “self-help tourism” has become
the mainstream of tourism forms. In the process of self-help
travel, problems such as route planning, catering, and accom-
modation and itinerary strategy are easy to occur. With the
rapid development of the Internet, tourists mainly obtain
tourism information through network query and Q & A.
Access to information includes tourism information released
by major tourism portals, tourism applications, and other
media platforms. This kind of tourism information has the
characteristics of popularization and generalization [1]. How-
ever, when obtaining tourism information, it is necessary to
publish the questions and wait for the reply of other users,
which has a delay. Moreover, the tourism Q & A community

usually classifies the questions according to the geographical
location, which cannot fully cover all kinds of questions. In
addition, the traditional tourism Q & A community generally
uses manual annotation or machine learning model for prob-
lem classification, resulting in low classification efficiency and
accuracy, unable to quickly and accurately locate the problem
category of tourists, which affects the subsequent information
retrieval [2–4]. Therefore, how to automatically classify all
kinds of tourism questions quickly and efficiently has become
an urgent problem to be solved.

The syntactic and semantic information of tourism ques-
tion text mainly depends on the text composition and
sequence order. On the one hand, the grammar of tourism
questions consists of multiple question keywords and some
network popular words. The words in the text sequence
are modeled to form the low-level subspace structure infor-
mation of the text sequence [5]. On the other hand, the
semantic information and syntactic information of tourism
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question text come from the text sequence itself. Compared
with traditional machine learning technology, the existing
deep learning technology can better capture the deep seman-
tic information of the text and solve the error problem
caused by manual design features, and the classification
accuracy is higher [6]. However, most text classification
methods are deep learning models based on a single struc-
ture or simply concatenate multiple models. When mining
the deep features of text, a large amount of syntax and syn-
tactic information will be lost and redundant information
will be added [7]. Therefore, this paper proposes a text clas-
sification method of tourism questions using deep learning
model. Its innovations are summarized as follows:

(1) In order to overcome the problems of gradient
explosion or disappearance problem of recurrent
neural network (RNN), the proposed method uses
the long-short term memory (LSTM) network to
construct the text classification model and inputs
the text word vector into the model to complete the
feature extraction, so as to ensure the accuracy of
tourism question text classification

(2) In order to obtain the different influence weights of
different words in emotion classification, a text emo-
tion classification model based on LSTM with atten-
tion mechanism is proposed, which focuses on the
emotional information of text data and further
improves the expression ability of text features

The rest of this article is organized as follows. The sec-
ond section introduces the relevant research progress in this
field; the third section specifically introduces the proposed
LSTM text classification model based on the attention mech-
anism; the fourth section compares with the current text
classification model to realize the feasibility of the method
proposed in this article and the optimality experiment simu-
lation analysis; Section 5 is the conclusion of this paper.

2. Related Works

At present, there are many researches on the text classifica-
tion methods of tourism questions at home and abroad. In
addition to the early manual annotation methods, the tradi-
tional machine learning method is the main method of tour-
ism question text classification in recent years. Early
question text classification methods mainly used simple
machine learning model to classify and recognize different
types of question text. Ref. [8] proposed a text and docu-
ment classification model of support vector machines
(SVM). Different experimental results show that it has high
classification accuracy on any kind of data set, but the clas-
sification efficiency needs to be improved. Ref. [9] proposed
an active learning text question and answer classification
method, which can potentially reduce the size of the train-
ing data set, but the prediction of model performance in
active learning may be affected by statistical deviation, so
there is still room to further improve the accuracy of text
classification. Ref. [10] proposed a cost sensitive analysis

air valve, which is derived by differential evolution algo-
rithm. The experimental results show that the algorithm
has high classification accuracy, but the classification accu-
racy and classification efficiency of complex texts need to be
improved.

Deep learning technology has developed rapidly in
recent years and has been applied to question text classifica-
tion tasks and achieved good results. Compared with tradi-
tional machine learning technology, it can capture the deep
semantic information of text and solve the error problem
caused by manual design features and has higher classifica-
tion accuracy. Ref. [11] uses the classification algorithm of
LSTM and convolutional neural network to improve the
classification accuracy of problem data sets by changing
the vector size and embedding type of combined architec-
ture, but the data sets required for training are large and
the training time is long. Ref. [12] evaluated the performance
of shallow machine learning and deep learning in text classi-
fiers and text classification embedded in small clinical data
sets. Self-training and pretraining word embedding were
used as input representation schemes to evaluate logistic
regression and long-short term training methods. In the bal-
anced data supported by pretraining embedding, the accu-
racy of deep learning method was better. Ref. [13]
compares the text data classification algorithms of deep
learning and traditional machine learning. The results show
that the deep learning algorithm has better classification
accuracy in some specific cases, but it needs more training
data and training time to improve the accuracy. Ref. [14]
proposed a unified learning framework of hierarchical cog-
nitive structure learning model, which includes two submo-
dules: attention ordered cyclic neural network and
hierarchical two-way capsule. It has good text classification
performance, but the simple series structure of the two
models is difficult to mine deep-seated text features. Aim-
ing at the shortcomings of the above methods, a text
classification method of tourism questions based on deep
learning model is proposed, and the attention mechanism
is introduced into LSTM network to construct a high-
performance text classification model.

3. Proposed Research Methods

3.1. Text Preprocessing. The text of tourism questions is dif-
ferent from the formal and standardized text published by
traditional media. The text of tourism questions is usually
very short and no more than 130 words at most, including
punctuation, slang, abbreviations of specific terms, user
nicknames, and other contents. These contents have brought
great noise interference to the text emotion classification.

In order to remove unnecessary noise interference, the
related technologies in natural language processing are used
to preprocess the text. First, this paper uses Jieba word seg-
mentation tool to segment each comment text; then, based
on the stop words list provided by Baidu, the stop words
are removed, and then the noise is removed. When remov-
ing noise, it mainly deals with slang, abbreviations of specific
terms, user nicknames, punctuation, and other strings
involved.
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3.2. Attention-Based LSTM Text Classification Model. The
research goal is to solve the problem of text classification,
which is mainly divided into three parts: text data represen-
tation, text feature extraction, and text classifier. The struc-
ture of the attention-Based LSTM text classification model
is shown in Figure 1, which is mainly composed of word
vector representation part, feature extraction part, and clas-
sifier part.

Through the analysis of common text data representa-
tion technology, it is decided to use word embedding tech-
nology to complete the representation of text data. The
word vector is obtained through the word embedding lan-
guage model. In the feature extraction part, according to
the characteristics of text classification corpus, this paper
uses the attention-based LSTM model as the feature extrac-
tion model. The model uses the LSTM model as the coding
model and adds the attention model mechanism to calculate
the attention probability, i.e., influence weight, of the text
sequence for the overall semantic information, and opti-
mizes the feature vector. In the text classifier part, the logistic
regression method is used as the classifier. The logistic
regression classifier is simple and efficient and can be easily
combined with the feature extraction model.

3.3. Text Word Vector Representation. The corpus is trained
with Google’s open source tool word2vec model to obtain
the vector representation of text words. Word vector can
capture the complex mapping from words in corpus to real
dimensional vector space. Specify word vector space as φ,
its size is jφj ×m, each line in φ represents m dimensional
word vector of a word, and jφj represents the number of
words contained in word vector. A comment text T in the
corpus can be expressed as the following sequence:

c1, c2,⋯,cnð Þ, ð1Þ

where n represents the number of words in text T ; ci
stands for the i (1 ≤ i ≤ n) word in T . If T is converted into
a word vector matrix, first search the word vector corre-
sponding to word ci in φ. If it exists, select the correspond-
ing word vector and represent it with Ci, otherwise, set the
corresponding word vector Ci = 0. After finding the word
vector corresponding to each word, stack each word vector
to form a word vector characteristic matrix C, whose size
is n ×m. Each line of C represents the word vector corre-
sponding to a word in the corpus, which can be expressed as

c1, c2,⋯,cnð Þ⇒ C1, C2,⋯,Cnð ÞT : ð2Þ

3.4. Feature Extraction. Text emotion classification is mainly
based on the key emotional words expressing views, feelings,
and attitudes in the text to judge the text emotion tendency,
among which the words with strong emotional color play a
key role in judging the text emotion tendency [15, 16]. In
order to fully reflect the role of emotional keywords in the
process of text emotion classification, this paper proposes a
text emotion classification model based on LSTM with atten-
tion mechanism. The model adds attention mechanism on
the LSTM based network, which mainly distributes the

weight of emotional information of words and highlights
the impact of different words in the input text on the emo-
tional category of the text [17, 18].

3.4.1. LSTM Network Structure. In this paper, LSTM neural
network structure is used as the core component of tourism
question text emotion classification model. LSTM neural
network structure not only has the advantages of traditional
recurrent neural network (RNN), overcomes the problem of
RNN gradient explosion or disappearance, but also can
effectively process sequence data of arbitrary length and cap-
ture long-term dependence of data [19, 20]. The LSTM net-
work structure is shown in Figure 2.

Taking the multifeature representation of words with
emotion vector as the input of LSTM, the hidden layer
state value corresponding to the input is obtained. The spe-
cific calculation of LSTM neural network memory cell is as
follows:

f t = δ ωf ht−1, xct½ � + bf
� �

+ δ ωf ht−1, xqt
� �

+ bf
� �

,

it = tanh ωi ht−1, xct½ � + bið Þ + tanh ωi ht−1, xqt
� �

+ bi
� �

,

Ct = f t ⋅ Ct−1 + it ∗ ~Ct ,
ot = δ ωo ht−1, xct½ � + boð Þ + δ ωo ht−1, xqt

� �
+ bo

� �
,

ht = ot ∗ tanh Ctð Þ,
ð3Þ

where xt = ½xct , xqt� represents the input at time t; xct
and xqt represent the word meaning vector and emotion
vector, respectively; ht represents the output at time t; it
represents whether some information in the input door
needs to be updated; f t is the output matrix of the
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Figure 1: Structure of attention-based LSTM text classification
model.
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forgetting gate; ω is the weight matrix; b is the offset vec-
tor; δ is sigmoid nonlinear activation function.

3.4.2. Attention Mechanism. The emotional classification of
text not only needs to consider the context relationship
between words but also needs to consider which words are
more prominent in the expression of text emotional classifi-
cation. Words with greater emotional contribution should
be given higher weight or attention [21, 22]. Aiming at the
problem that the emotional features cannot be effectively
highlighted in the process of text emotional classification,
and the proposed method constructs an LSTM text classifi-
cation model based on attention mechanism, which focuses
on the emotional information of text data and further
improves the expression ability of text features. In this
model, the word emotion influence weight is determined
based on the correlation between the output ht of each hid-
den layer and the context vector s. The calculation process of
attention mechanism is shown in Figure 3.

The calculation of attention mechanism can be realized
in two steps:

Step 1. Calculate the attention distribution on all input infor-
mation, that is, take the context vector s and the output ht of
the hidden layer as inputs, enter a single-layer perceptron,
and obtain the implicit representation ut of the result
through calculation. The calculation formula is as follows:

ut = tanh αht + βsð Þ, ð4Þ

where α and β are the weight matrix; ht is the output of
the hidden layer; s is the query vector. Then, ϑt is obtained
through softmax operation, which is calculated as follows:

ϑt = soft max utð Þ, ð5Þ

where the probability vector composed of ϑt is the emo-
tional attention distribution of the word.

Step 2. Calculate the weighted sum of the input information
according to the attention distribution ϑt , that is, the atten-
tion distribution ϑt represents the correlation between the
time t information in the input information vector H and
the query s when a query ϑt is given.

The input information is summarized by weighted sum-
mation to obtain the attention value. The specific calculation
is as follows:

S = 〠
N

t=1
ϑtht: ð6Þ

3.5. Classifier. The text classification model based on
attention-based LSTM uses softmax as the output layer for
normalization calculation, and combined with the cross
entropy loss function, the objective function is expressed as
follows:

Loss = −〠
K

i=1
Y i log yið Þ, ð7Þ

where K represents the number of texts in the corpus, Y i
represents the real probability distribution vector of the cur-
rent text category, yi represents the probability distribution
vector of the current text predicted by the classification
model, and the dimension of the vector is equal to the num-
ber of classification labels. By minimizing the objective func-
tion, the classification model can be obtained [23, 24].

The model based on attention mechanism generally
includes two parts: one is the calculation process of attention
probability distribution, and the other is the calculation pro-
cess based on the final characteristics of attention distribu-
tion. In this model, the attention probability of the output
data at time t to the final state is calculated as follows:

vt =
exp ht′

� �
∑N

i=1exp hi′
� � , ht′= hTt bωF: ð8Þ

Softmax function is the calculation method of attention
probability distribution, where N represents the number of
input sequence elements; bω is the weight matrix; F repre-
sents the sum of the final hidden layer state values in each
independent direction in the LSTM; ht represents the sum
of the hidden layer state values at time t.

In the proposed model, the final feature Ffinal is obtained
based on the attention distribution, and the calculation pro-
cess is expressed as follows:
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Figure 2: LSTM network structure.
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Ffinal = 〠
N

t=1
vtht: ð9Þ

After obtaining the text feature vector Ffinal based on the
attention mechanism, the probability distribution of the
classification label is calculated through the Softmax func-
tion of the output layer. The calculation process is expressed
as follows:

y = soft max Ffinal′
� �

=
exp Ffinal ið Þ′

� �
∑T

j=1exp Ffinal jð Þ′
� � ,

Ffinal′ =ωoFfinal

ð10Þ

where D is the number of category labels; ωo represents
the weight matrix of the model output layer; FfinalðiÞ′ repre-

sents the i component value in vector Ffinal′ , and the vector
length is equal to the number of classification labels. After
the softmax function, the probability distribution y of text
category based on the attention mechanism is obtained,
and the cross entropy loss is calculated with the real category
distribution Y , which is expressed as

E Y , yð Þ = −Y log yð Þ, ð11Þ

where Y represents the probability distribution of the
real category; y represents the probability distribution of
the category predicted by the model.

4. Experiment and Analysis

4.1. Experimental Setup

4.1.1. Hardware Environment. The experiment is imple-
mented based on the deep learning framework TensorFlow,
which is a deep learning framework based on graph calcula-
tion. It uses the data flow between nodes to transfer data and
completes the calculation in the nodes. As an open source
framework, Tensorflow integrates several models including
convolutional neural network, RNN network, and LSTM
model [25]. The emergence of Tensorflow framework makes
the use of deep learning model simpler and convenient and
reduces the difficulty of applying deep learning model [26].
The specific experimental environment is shown in Table 1.

4.1.2. Experimental Data Set. The tourism text data set is
used as the experimental data set, which is a user-defined
benchmark data set, mainly from tourism websites such as
Ctrip, Tuniu, Ma honeycomb, and Tongcheng, including 6
categories of 10000 sample data such as tourism location,
time, and people. Before the experiment, the data set needs
to be preprocessed such as selection, cleaning, and stop
words to reduce errors. In order to verify the effectiveness
of the proposed method, 70% of the samples are randomly
selected as the training set, the remaining 30% of the sam-
ples are used as the test set, and 20% of the samples in the
training set are randomly divided as the cross-validation
set (the experiment has conducted 6 cross-validation). The
statistical results of the data set are shown in Table 2.

Table 1: Experimental environment.

Environmental parameters Configuration

Operating system Ubuntu 14.04.5

Development language Python

Development framework Tensorflow

Memory 256G

CPU Intel(R) Xeon(R) CPU E5-2620

GPU NVIDIA corporation GM200

Table 2: Statistical results of data sets.

Category
Training

set
Test
set

Validation
set

Average text
length

Place 1226 525 105 32

Time 1397 598 120 38

Entity 1329 569 114 63

Figures 1215 521 104 75

Description 1691 725 145 22

Character 143 61 12 2534

Table 3: LSTM parameter setting.

Parameter Value Parameter Value

LSTM network layer 1 layer numClasses 2

Batch_size 128 Dropout 0.7

LSTM_size 256 Loss function Cross entropy

Learning rate 0.0001 Optimizer RMSProp optimizer

Table 4: Classification discrimination confusion matrix.
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Prediction results
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Figure 4: AP value change curve based on word frequency.
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4.1.3. LSTM Parameter Setting. Based on LSTM neural net-
work structure, a text emotion classification model based
on attention mechanism which can express word tag rela-
tionship is constructed. The LSTM neural network adopts
one-layer network structure, the number of hidden nodes
is 256, and the learning rate is 0.0001. The optimization
algorithm adopts RMSPropOptimizer optimizer. The spe-
cific parameter settings are shown in Table 3.

4.2. Evaluating Indicator. The accuracy P, recall R, and F
values are selected as the evaluation indexes, and the classifica-
tion discrimination confusion matrix is shown in Table 4.

P represents the proportion of samples of real category
among the samples predicted to be a category after emotion
classification of the test set, that is

P = r
r + g

: ð12Þ

R represents the proportion of a category predicted as a
real category in all real categories in the test set, that is

R = r
r + l

: ð13Þ

In order to comprehensively consider the accuracy P and
recall R, the weighted harmonic average F of the two is used
to measure the final classification effect, that is

F = 2 × P × R
P + R

: ð14Þ

The task of text emotion classification is oriented to
multi classification. Therefore, after calculating the accuracy
P and recall R corresponding to each category, the average
accuracy (AP), average recall (AR), and average F (AF) cor-
responding to the three categories are used as the evaluation
indexes to measure the performance of emotion classifier.

4.3. Model Training. When training the classification model,
the number of iterations is set to 50, and the relationship
between AP value and word frequency is shown in Figure 4.

As can be seen from Figure 4, as the word frequency
increases, the AP value also increases gradually until the
word frequency reaches the optimal value when the word
frequency is 60. The AP value exceeds 0.96, and then the
AP value decreases with the increase of word frequency.
Therefore, when the word frequency is set to 60 in the train-
ing of deep learning model, its classification performance is
the best.

4.4. Influence of Word Vector Dimension on Model
Performance. The word vector mapping dimension plays
an important role in the classification accuracy of the model.
Therefore, we change the word vector mapping dimension
to verify its impact on the text classification accuracy of
tourism questions. At the same time, in order to demon-
strate the classification accuracy of the proposed method, it
is compared with Ref. [13]. The AF values of the two
methods in tourism text dataset under different word vector
embedding dimensions are shown in Figure 5.

As can be seen from Figure 5, with the increase of
word vector mapping dimension, the AF value of the pro-
posed tourism question text classification method first
increases rapidly. When the word vector mapping dimen-
sion is greater than 80, the AF value stops increasing and
begins to decrease, which indicates that too low word vec-
tor mapping dimension cannot better map the text to low-
dimensional space, and high-dimensional embedding may
lead to too sparse vector representation. Therefore, it can-
not effectively improve the classification performance and
will consume more training time. However, compared
with Ref. [13], the AF value of the proposed method is
higher as a whole, and when the word vector dimension
is in the range of 40~140, the AF value fluctuates less.
This is because it adopts LSTM network, which can better
map text.
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Figure 5: F value of text classification method for tourism questions with different word vector mapping dimensions.
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4.5. Comparison of Classification Performance of Different
Methods. According to the size of the training set, the pro-
posed method is compared with the methods in T = Ref :
[9, 10] and [13]. The results are shown in Figure 6.

It can be found from Figure 6 that with the increase of
training set, the AP value of various methods tends to be sta-
ble. Compared with other methods, the AP value of the pro-
posed method is the highest and close to 0.952. The
attention-based LSTM text classification model can effec-
tively improve the classification effect of tourism question
text and combined with the cross entropy loss function
training model to further ensure the classification perfor-
mance of the model. Ref. [13] uses a single deep learning
model for text classification. Due to the lack of emotional
consideration, the AP value is about 0.075 lower than the
proposed method. Both Ref. [9] and Ref. [10] adopt tradi-
tional methods, so the overall text classification performance
is poor when dealing with complex training sets, and the AP
value is lower than 0.80.

In addition, the specific data of AP, AR, and AF obtained
from the experiments by the four methods are shown in
Table 5.

It can be seen from Table 5 that the overall classification
performance of the proposed method is the best, and the
values of AP, AR, and AF were 0.943, 0.867, and 0.903,
respectively. The proposed method uses the LSTM network

to extract the depth feature vector, reduces the dimension
of the output feature vector, introduces the attention mech-
anism to highlight the emotional role, significantly improves
the classification performance of question text, and proves
that it is robust to the emotional classification of tourism
text. Ref. [9] uses the active learning model for text classifi-
cation. The AF value of traditional machine learning is only
0.779, which is 0.124 lower than that of the proposed
method. Ref. [10] uses differential evolution algorithm to
realize text classification, but the algorithm does not fully
analyze the characteristics of tourism text, and the algo-
rithm performance is poor, so the AP value is only 0.783.
Ref. [13] classifies text based on a single deep learning
model. However, this method lacks emotional consider-
ation, so its AF value is 0.858, and the whole performance
needs to be further improved. It can be demonstrated that
the proposed method has good text classification ability of
tourism questions.

5. Conclusion

Under the background that self-help travel has become the
mainstream form of tourism, tourists can obtain informa-
tion through Q & A from the Internet platform, but there
are problems of delay and inaccurate classification in self-
help Q & A. Therefore, a text classification method of tour-
ism questions based on deep learning model is proposed.
The text word vector obtained based on the continuous
word bag model is input into the attention-based LSTM
model for feature extraction, and the probability distribution
of text category is obtained by Softmax classifier. The pro-
posed method is experimentally analyzed using the tourism
text data set, and the results show that the LSTM model
can effectively capture the relationship between word
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Figure 6: Comparison results of AP values of different methods.

Table 5: Comparison results of classification performance of
different methods.

Ref. [9] Ref. [10] Ref. [13] Proposed method

AP 0.809 0.783 0.878 0.943

AR 0.752 0.664 0.839 0.867

AF 0.779 0.719 0.858 0.903
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vectors. When the word frequency is set to 60 and the word
vector dimension is 80, the AP value of the model exceeds
0.96. The introduction of attention mechanism can better
highlight the role of emotion and improve the accuracy of
text classification of tourism questions. The AP, AR, and
AF were 0.943, 0.867, and 0.903, respectively, which were
better than other comparison methods. However, the pro-
posed method uses Softmax function for task calculation.
In the next research, some acceleration methods, such as
hierarchical Softmax and negative sampling technology,
can be considered to improve the overall performance of
the classification model.
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