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Considering the application of a sentiment analysis in decision-making and
personalized advertising, we adopt it in tourism. Specifically, we perform a sentiment
analysis on the posted Weibos about the passengers’ experience in civil aviation
travel. Different travel events could influence passengers’ sentiment, e.g., flight delay
may cause negative sentiment. Inspired by this observation, we propose a novel
multimodal event-aware network to analyze sentiment fromWeibos that contain
multiple modalities, i.e., text and images. We first extract features from each modality
and, then, model the cross-modal associations to obtain more discriminative
representations, based on which we simultaneously perceive the event and sentiment
in a multitask framework. Extensive experiments demonstrate that the proposed
method outperforms the existing state-of-the-art approaches.

Sentiment analysis is one of the fundamental
tasks in artificial intelligence (AI), which can
be applied in decision-making and personal-

ized advertising. Accordingly, a sentiment analysis
is also helpful for tourism to provide satisfactory
service in various transportation modes such as
civil aviation.

Throughout a journey, passengers may go through
a variety of travel events including check-in, waiting,
en-route, and even delays. Each of them is denoted as
a travel event in our article. Different events can evoke
different sentiments in passengers. During waiting,
passengers may have positive sentiment with antici-
pation for the trip while delays bring passengers nega-
tive sentiment. Passengers often use social media,
such as Weibo (a popular Chinese microblog social
network), to express their emotions. Analyzing pas-
sengers’ sentiments from Weibos can help to
understand the current moods of passengers, pro-
vide timely and satisfactory service, and improve
the passenger experience. Existing sentiment analy-
sis methods for tourism only focus on the text-only
scenario, whereas they neglect the images posted

by passengers. A new method is required to ana-
lyze passengers’ sentiment from data that include
both text and images.

To achieve this, we present a multimodal event-
aware network to perceive the sentiment of differ-
ent travel events from Weibos in this article. Specif-
ically, we retain the semantics of words and the
contextual relations in the textual representation.
And the visual features for the images are com-
puted with consideration of both spatial and chan-
nelwise information. We also utilize the text to
select informative image features through a cross-
modal attention module. The unified representation
for the input Weibo contains both textual and
visual features. Moreover, the aforementioned asso-
ciation between passengers’ sentiment and travel
events is learned via a multitask framework, in
which the multimodal representation is used to per-
form the tasks of sentiment recognition and event
prediction simultaneously.

The contributions of this article are threefold.

› We present an event-aware multitask frame-
work, in which travel events and sentiment are
simultaneously perceived in an end-to-end
manner.

› The travel events and sentiment are modeled
from multiple modalities, including text and
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images. Both the single-modality content and
cross-modal relations are considered to learn
discriminative multimodal representations.

› Extensive experiments demonstrate that our
proposed approach outperforms the state-of-
the-art approaches on the collected travel senti-
ment dataset.

RELATEDWORKS
Individuals in journeys tend to post microblogs con-
taining both text and images. Remarkable progress for
the sentiment analysis has been made on textual,
visual, and multimodal data.

Numerous methods have been proposed to ana-
lyze sentiment according to textual contents. Benefit-
ing from the development of deep learning, these
methods have developed from nonneural technolo-
gies. Word-representation technologies also range
from the early bag-of-words model to the one-hot
model. And more recently, the word is represented
as vectors. Convolutional neural networks (CNN)1

and recurrent networks2 are used to aggregate the
semantics in sentences and achieve unified represen-
tations. Moreover, considering the different contribu-
tion of words to the input text, in the work by Liu
et al.,2 researchers begin to utilize attention mecha-
nisms to extract informative contents for text
classification.

For image sentiment recognition, various combina-
tions of hand-crafted features3 are designed based on
the psychology and art theory in early events. For
example, Lu et al.4 investigate how to affect the emo-
tions of human beings through shape features in
natural images, whereas Zhao et al.5 propose the prin-
ciples-of-art features consisting of different arthritic
principles. More recently, an increasing number of
deep learning methods are optimized to learn rep-
resentations for visual sentiment classification
task. In order to take full advantage of information
from different levels, Zhu et al.6 design a unified
model to exploit the dependence among the fused
features. To obtain more discriminative fea-
tures, there are also numerous methods exploiting
the local representations to recognize senti-
ment.7 In the work by Yang et al.,7 the effective
regions are discovered by an off-the-shelf object
proposal algorithm for more effective sentiment
classification.

The availability of both text and image makes it
possible to understand sentiment from multiple views
including textual and visual cues.8 In contrast to direct
concatenation, Zadeh et al.9 propose a tensor fusion

strategy to better integrate the representations from
multiple modalities. And Arevalo et al.10 utilize a gated
fusion method to control the contribution of different
modalities to the final representation because images
and text in social data usually have interconnections
with each other.

In this article, we focus on a sentiment analysis
for microblogs about journeys, and propose an
event-aware method. Compared with the existing
multimodal sentiment analysis methods for the
general scenario, our approach considers more
interactions between the multimodal data and
sentiment.

METHODOLOGY
Our proposed multimodal event-aware network for
recognizing sentiment in tourism, which is illus-
trated in Figure 1. On the one hand, the network is
optimized to infer sentiment from both the text
and images in Weibos. On the other hand, to model
the correlation between passengers’ sentiment and
the travel events, the network is also jointly trained
for another task of event prediction. Given a Weibo
x, we aim to predict the expressed sentiment ys
and the described event ye by considering the n
images and text T jointly. For clarity purposes, the
whole scheme of our proposed method is summa-
rized in Algorithm 1.

Text Encoder
As the text is formed by words, we first tokenize
the text into l words with the jieba toolkit (https://
pypi.org/project/jieba/). Then, the words are repre-
sented as a series of vectors. We use the vectors
pretrained on the large-scale Chinese Weibo data-
set, and fill zeros for the words that are not in the
pretrained embedding vocabulary. The text is
denoted as a sequence of word vectors fwigli¼1;wi 2
Rdw , where dw is the dimension of the word embed-
ding. Beyond the semantics of an exactly single
word, we also extract the relations between the
word and its context. wi is fed into an LSTM model
with dh hidden units, and the result is denoted as
hi, which summarizes the contextual information
around the word. To retain the rich information
about the words, we concatenate the word embed-
dings and output from the LSTM, and use
pooling to obtain the text representation rt ¼
fpðfwigli¼1Þ;wi ¼ ½fwcðwiÞ; fhcðhiÞ�, where fwcð�Þ and fhc
are linear layers to transform the input feature to
the same dimension dc.
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Algorithm 1.Multimodal Event-Aware Network

Input:Input Weibo fxigNi¼1 with a piece of text T and n
images.

1: Extract features rt;
2: Compute visual representations for input images through the

spatial and channelwise attention, fF00
i gni¼1;

3: Aggregate the image features via the cross-modal attention,

with rv obtained;
4: Fuse the textual and visual features as a unified

representation, r ¼ ½rt; rv�;
5: Predict the event ye and sentiment ys;
6: Calculate losses for the tasks of event prediction and

sentiment recognition, Le and Ls;
Output:Model parameters Q

Image Encoder
To extract representative features from images, we
employ three attention modules to enhance the learned
features, namely the spatial, channelwise, and cross-
modal attention mechanism. We first utilize the
VGGNet-1611 as the backbone network. Given the ith
image in Ii, it generates the specific feature maps Fi 2
RH�W�C for each image before the classifier, where
H;W;C represent the height, width, and the number of
channels for the feature map, respectively. Then, we
employ the aforementioned attention modules to
enhance the learned features, which aim to obtain more
discriminative representation for the classification.

First, we employ a spatial attention module to
automatically discover the different contributions of

disparate regions in each image. The spatial attention
module consists of a two-layer neural network, follow-
ing.12 Specifically, this module input the features into a
1� 1 convolutional layer. Then, this layer is followed by
a fully connected layer with a Softmax function that
aims to generate spatial attention over the image
regions. The definition of spatial attention is shown as

a ¼ tanhðW1 � Fi þ b1Þ a ¼ softmaxðW2 � aþ b2Þ (1)

where W1 and W2 are two trainable parameter matri-
ces, and b1 and b2 are the bias. � denotes the outer
product of vectors. Accordingly, we can obtain the
enhanced features F

0
i with the aforementioned spatial

attention value a

F
0
i ¼ a� Fi (2)

where � is the operation of multiplication.
Second, the channelwise attention is introduced to

capture the semantic attribute information, as each
channel of a feature map in the CNN is a response
activation of the corresponding convolutional filter.12

The channelwise attention is the same as the spatial
attention with a two-layer neural convolutional layer,
which is defined as follow:

d ¼ tanhðW3 � F
0
i þ b3Þr ¼ softmaxðW4 � d þ b4Þ: (3)

Then, the channel-enhanced visual feature for the ith
image is F

00
i ¼ r� Fi0. Furthermore, because passen-

gers usually post multiple images in Weibos, we use

FIGURE 1. Illustration of the proposed multimodal event-aware network for a sentiment analysis in tourism. The text is first

embedded and, then, represented by a long short-term memory (LSTM). The VGGNet-16 is utilized to extract visual representa-

tion for the images. The extracted image features are aggregated in three attentions. Finally, the learned textual features and

visual features are fused into a unified multimodal representation to perform tasks of event classification and sentiment analy-

sis. Note that “Attn” represents the attention mechanism.
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the text to select the informative ones via a cross-
modal attention module. The attention weight for the
ith image is computed as follows:

� ¼ softmaxðW5 � g þ b5Þ (4)

where g ¼ ½F00
i ; rt�. We aggregate themultiple images into

a unified visual feature rv for the following procedure by

rv ¼
Xn

i

� � F
00
i : (5)

Joint Processing and Training
Based on the obtained textual and visual represen-
tation, rt and rv , we perform the tasks of sentiment
analysis and event prediction in this section. First
of all, we compute multimodal representation for
input Weibo x by fusing rt and rv . Since the features
of text and images, and their interactions have
been fully modeled in the previous procedure of
feature extraction, we adopt the simplest concate-
nation operation, i.e., r ¼ ½rt; rv�. This unified feature
is used to recognize sentiment and predict the
event at the same time.

Specifically, r is delivered into two classifiers. In the
event classifier, a fully connected layer is used to proj-
ect r and compute the score for each event. The score
for the ith event is defined as

sðye ¼ ijr;wiÞ ¼ expwi
>�r

PE
j exp

wj
>�r (6)

where we is the trainable parameter in the classifier
and E is the size of the event set, including check-in,
waiting, en-route, and delay. The event loss function is
computed by

‘e ¼ � 1
N

XN

j

XE

i

1ðye ¼ iÞlog ðsðye ¼ ijr;wiÞÞ (7)

where the indicator 1ðmÞ ¼ 1 only if m is true, and N is
the number of training samples.

The score for the jth sentiment and the loss func-
tion in the sentiment recognition classifier is defined
similarly as the event classifier, with ‘s obtained. The
loss for the whole network is composed by the
obtained two losses with � as the tradeoff

‘ ¼ � � ‘e þ ð1� �Þ � ‘s: (8)

� is set to 0.5 in our method.

EXPERIMENTS
In this section, we first introduce the used newly col-
lected dataset. Then, we give the implementation
details. We conduct a series of experiments to demon-
strate the ability of the proposed method in recogniz-
ing tourism sentiment from both text and images.

Dataset
We collect and annotate a multimodal tourism senti-
ment analysis dataset because of absent images and
travel information in existing datasets. The collected
data are from Weibo, which is a social media site.
Users express themselves by uploading their photos
and texts. Recently, most of users tend to convey their
emotion via self-portrait photographs or photos of
people around. Therefore, most of the collected
images are in scenarios that people occupy the main
regions. The dataset contains instances for the four
events. We crawl Weibos about different travel events.
Each Weibo contains at least one image. Three anno-
tators are employed to annotate the sentiment and
event type of Weibos. We labeled Weibos with the
most selected sentiment or event type out of the
three annotations. A Weibo is considered valid and
included in the dataset only when at least two annota-
tors agree on the same sentiment and event type.

The detailed statistics are shown in Table 1. The
number of Weibos varies with different events on the
trip. Due to the short time, Weibos about check-in is
less than other events. On the contrary, passengers
post most Weibos about the waiting event. Aforemen-
tioned, there exist some correspondence between
passengers’ sentiment and different events of the
travel. In the waiting phase, passengers tend to have
positive sentiment such as anticipation of the trip,
and the number of tweets labeled as positive emo-
tions is higher than the other two sentiments, whereas

TABLE 1. Statistics of the constructed tourism sentiment

analysis dataset.

Event Number
Sentiment

Positive Neutral Negative

Check-in 82 20 60 2

Waiting 998 494 382 122

En-route 535 108 272 155

Delay 181 22 55 104

Total 1796 644 769 383

The dataset consists of four events, including “check-in,” “waiting,”
“en-route,” and “delay.”
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in the case of delay, most of the Weibos are labeled as
negative sentiment.

Implementation Details
To better demonstrate the effectiveness of algorithms
on the proposed travel sentiment dataset, we use the
fivefold cross validation. For the visual stream, we use
the VGGNet1611 as the backbone network to extract
features of the input images. For the textual stream,
we employ the TextCNN1 to extract features of texts.
We use the jieba Chinese word segmentation module
to split the sentences that appeared in the text. After
segmentation, the longest sentence contains 908
words, the length of the shortest is 2. The average sen-
tence length consists of 56 words. We set the length
of each sentence as 60. When the sentence length is
less than 60, we fill in a fixed token in the sentence.

Then, we cut the sentence when it contains more
than 60 words.

All experiments are conducted on one NVIDIA
GeForce 1080ti GPU card and the batch size is set to
32. The input images are resized to 224� 224. We use
the stochastic gradient descent method to optimize
the parameters in all networks. The momentum is set
to 0.9 and the weight decay is set to 0.0004. The learn-
ing rate is initialized as 0.001 and employs the cosine
function to decay itself. The proposed method is
implemented with Pytorch.

Sentiment Analysis on Text
To better illustrate the effectiveness of the proposed
method on the tourism sentiment datasets, we com-
pare our method with several existing methods.
TextCNN1 utilizes CNNs with little hyperparameter
tuning and static vectors, which achieves excellent
superior performance on sentence-level classification
tasks. TextRNN2 employs the multitask learning
framework based on recurrent neural network (RNN)
to jointly learn across multiple related tasks.
TextRCNN13 introduces an RNN and proposes a recur-
rent structure to capture contextual information as
far as possible when learning word representations for
text classification. TextRNN + Attn14 propose atten-
tion-based bidirection LSTM to capture the most
important semantic information in a sentence for text
classification. DPCNN15 introduces a low-complexity
word-level deep convolutional neural network archi-
tecture that can efficiently capture long-range rela-
tionships in text for text classification. Transformer16

use the attention module to replace the LSTM, which
effectively reduce the computational burden.

In Table 2(a), we present the experimental results
of the aforementioned approaches and our proposed
method. As shown in Table 2, we demonstrate the
overall accuracy and the accuracy of each category.
Obviously, by integrating the travel information into
the sentiment analysis, the proposed method
achieves the best performance on the overall accu-
racy. However, our method does not have the highest
accuracy in every category. Fastext and TextRCNN
achieve the highest accuracy in the category of posi-
tive and negative, respectively. TextRCNN leverages a
recurrent structure to capture contextual information
while the number of parameters of the network is
increased. Then, the difficulty of network training is
increased. The network is easy to fall into a local opti-
mum and lead to the bias on the network prediction
of each category. Besides, considering different travel
events could influence passengers’ sentiment, we add

TABLE 2. Comparison of our method with existing several

state-of-the-Art approaches on texts and images classification

accuracy (%), respectively.

Method Pos. Neu. Neg. Accuracy

TextRNN 65.84 35.43 3.24 44.49 � 2.18

Transformer 65.52 37.83 9.59 45.00 � 1.85

Fastext 66.65 47.01 31.88 53.69 � 2.01

TextRNN + Attn 61.96 50.36 20.41 53.29 � 3.39

DPCNN 63.96 51.18 28.88 53.81 � 1.85

TextRCNN 71.87 45.58 28.90 54.60 � 3.30

TextCNN 68.85 49.74 23.30 55.23 � 1.78

Ours 69.55 52.86 24.72 56.36 � 1.58

(a) Results on texts

Method Pos. Neu. Neg. Accuracy

ResNet-18 61.23 39.23 14.47 44.49 � 1.49

VGGNet19 67.91 39.23 5.58 46.59 � 2.28

SentiBank 55.46 53.72 3.24 46.59 � 3.15

ResNet-50 66.67 44.35 9.85 46.98 � 0.99

VGGNet16 74.13 33.74 8.54 47.27 � 2.26

WSCNet 60.00 48.23 12.22 47.33 � 2.15

PDANet 62.99 47.56 8.87 47.72 � 1.88

Ours 63.92 50.01 48.12 51.22 � 1.52

(b) Results on images

To effectively demonstrate the validity of our algorithm, we use the
fivefold cross validation. We present the average accuracy of each
category and average overall accuracy and variance of fivefold
results. Note that “Pos.” represents the positive category, “Neu.”
means the neutral category, and “Neg.” denotes the negative cate-
gory, respectively.
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the event classifier to the sentiment classifier in the
text. As shown in Table 4, we can observe that the per-
formance of sentiment performance gains from
55:23� 1:70 to 56:36� 1:58 by adding the event classi-
fier. It demonstrates that travel events could have an
effect on the sentiment of passengers.

Sentiment Analysis on Images
Table 2 shows the proposed method and the com-
pared approaches that belong to existing state-of-the-
art approaches. The analysis of experimental results is
described ahead.

We compare several existing methods about image
classification or visual sentiment analysis, such as
ResNet,17 VGGNet,11 SentiBank,18 WSCNet,7 and PDA-
Net.19 SentiBank is a large visual sentiment ontology
consisting of 1200 concepts and associated classifiers,
which could offer the mid-level semantic representation
for the high-level sentiment analysis of social multime-
dia. ResNet introduces a residual learning framework,
which enables deep neural networks that are easier to
train and obtain more representative features for
images. VGGNet adopts 3� 3 convolution kernels
instead of 7� 7 convolution kernels. In this way, the

networks could be able to improve their depth under the
same perception field and finally improve their ability to
extract more representative features for images.
WSCNet presents a weakly supervised coupled network
to simultaneously leverage holistic and localized infor-
mation for sentiment analysis in an end-to-end manner.
PDANet studies the fined-grained visual sentiment anal-
ysis problem and introduces the spatial and channelwise
attentions guided by the polarity-consistent regression
loss to generate a polarity preserved attention map.
Then, the attention maps are utilized to emphasize the
useful localized information for networks analyzing the
sentiment in the visualmodal.

Passengers usually express themselves by upload-
ing some words and several pictures on social media.
Thus, different from existing research works only
analyzing the sentiment in a single image, we should
consider several images simultaneously for a compre-
hensive understanding of sentiment in one user-gen-
erated data. Besides, compared to the text, images
are more ambiguous for understanding the sentiment.
To rectify this problem, we first leverage localize ad
semantic attribute information to enhance the
learned features for visual sentiment analysis through
the spatial and channelwise attentions since different
regions in one image could contribute differently to
the evoked sentiment. Then, we introduce cross-
modal attention, which aims at using the text informa-
tion to guide the training of the visual stream. This is
because the text is more straightforward to express
inner feelings than images.

From Table 2(a) and (b), we could also observe that
the sentiment analysis in the text performs better. As
shown in Table 2, WSCNet employs the spatial atten-
tion module to leverage the spatial information, which
performs better than the VGGNet and ResNet without
it. Then, our method leverages the spatial attention
module to automatically discover the different contri-
butions of disparate regions in each image. And the
channel attention module is used to capture the

TABLE 3. Comparison of our method with existing several

approaches about the multimodal sentiment analysis.

Method Pos. Neu. Neg. Accuracy

GMU 58.55 43.32 16.09 45.34 � 2.93

MCB 66.33 39.65 7.29 45.85 � 3.50

TFN (early) 65.42 32.01 0.07 46.53 � 2.51

TFN (late) 80.04 34.34 0.00 48.35 � 2.54

Concat (early) 68.94 53.10 33.78 57.16 � 2.64

Concat (late) 68.03 54.15 32.52 56.99 � 1.23

Ours 69.12 55.36 32.80 57.95 � 1.83

TABLE 4. Ablation experiments about the event classifier.

“Event” represents whether to use the event classifier. “Multi” denotes multimodal.
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semantic attribute information. Therefore, the learned
sentiment features are more discriminative than
others. The prediction accuracy of our method in all
categories is balanced, rather than biased to predict a
certain category. Then, PDANet is better than the
WSCNet, which utilizes spatial and channelwise atten-
tion simultaneously. The results demonstrate the
effectiveness of two attention mechanisms. Our algo-
rithm first employs spatial and channelwise attention
to enhance features. Furthermore, we introduce
cross-modal attention, which enables the text to guide
the training of images. The experimental results dem-
onstrate the effectiveness of our method.

To predict the sentiment, the proposed method
employs spatial and channelwise attention, which
aims at capturing the semantic attribute information
and discovering the different contributions of dispa-
rate regions in each image. Apart from this, the event
type in tourism also influences the passengers’ senti-
ment. As shown in Table 4, experiments also show
that the performance of sentiment prediction
increases from 47:72� 1:88 to 51:22� 1:50 by using
the event classifier. The event classifier adds a super-
visory information (e.g., event type) to the network in
the training stage. Then, the network has two tasks,
not only to identify the emotion contained in the pic-
ture, but also to identify the type of event in the pic-
ture. During this process, the network learns about
the type of event and sentiment. The type of event
helps the network better indicate the sentiment, vice
versa.

Sentiment Analysis on Multimodal Data
In this section, we present the experimental results
about fusing the multimodal information to compre-
hensively analyze the sentiment.

Here, we analyze the effect of our proposed multi-
modal event-aware network on the sentiment analysis
by comparing it with the following well-known
approaches. GMU10 proposes to use the internal unit
in a neural network architecture, which aims to find
more useful representation to combine data from dif-
ferent modalities. TFN9 aggregates unimodal, bimodal,
and trimodal interactions by learning both the intra-
modality and intermodality dynamics end-to-end.
MCB20 introduces a multimodal compact bilinear
pooling to the efficient and expressive combination of
multimodal data.

Table 3 demonstrates the experimental results of
different ways to fuse the information from multiple
modals. We could observe that simply concatenating
is better than the aforementioned approaches, as
shown in the 5th and 6th columns of Table 3. The
sentiment in the text is more vivid than images,
which leads to very different experimental results on
these two modals. Then, complex operations on fus-
ing information from two modals could result that
the predictions of models are affected by the wrong
results from the unimodal. Hence, simply fusing per-
forms better than others. We concentrate the learned
features from two modals before the classifier and
output the travel events and sentiment together. As
mentioned earlier, we have known that the event
classifier could help with a sentiment analysis in
the text and images. The multimodal sentiment

TABLE 5. Comparison with state-of-the-Art methods on the

classification accuracy (%) of events in tourism.

Method Accuracy

TextRNN 84.45 � 2.02

DPCNN 91.13 � 1.46

TextRNN + Attn 91.99 � 2.05

Transformer 91.31 � 2.56

TextRCNN 93.63 � 1.73

TextCNN 93.86 � 2.20

Ours 94.72 � 1.68

(a) Results on texts

Method Accuracy

ResNet-18 66.76 � 1.94

ResNet-50 68.63 � 2.81

VGGNet19 68.80 � 2.23

PDANet 68.97 � 1.94

WSCNet 69.60 � 2.81

VGGNet16 69.54 � 2.62

Ours 70.53 � 1.90

(b) Results on images

Method Accuracy

GMU 53.29 � 3.29

MCB 67.61 � 5.08

TFN (late) 71.08 � 5.06

TFN (early) 77.78 � 4.18

Concat (late) 93.86 � 0.66

Concat (early) 94.94 � 1.38

Ours 95.28 � 1.23

(c) Results on multi-modal data

The following three tables are mainly from the texts, images, and mul-
timodal data.

April-June 2021 IEEE MultiMedia 55

AFFECTIVE COMPUTING

Authorized licensed use limited to: East China Normal University. Downloaded on July 14,2021 at 08:57:21 UTC from IEEE Xplore.  Restrictions apply. 



prediction, considering both text and images, is also
benefited from the event classifier, as shown in
Table 4.

Experiments on Event Classification
In this section, we present the experimental results
on a travel event classification. As shown in Table 5,
the classification performance is the best from the
texts. The performance of the model is the worst
on the images. The result is reasonable since users
usually tend to express themselves directly on the
text. Although images could also depict the feelings
of passengers, they are sometimes ambiguous. Fur-
thermore, the text always contains some keywords
about which event is occurred. Therefore, it is

easier for the model to predict the events in tour-
ism from the text.

VISUALIZATION
To better demonstrate the effectiveness of the pro-
posed approach, we present a few typical examples
from the newly collected dataset in Figure 2. As shown
in the examples, analyzing the sentiment of Weibos
involves in the images, text, and associations between
them. Our approach can solve this task in the follow-
ing aspects.

First, passengers can express their sentiment by the
images directly, such as the cheerful child in Figure 2(c).
Our model considers the visual information through three
useful attention modules, which provide meaningful

FIGURE 2. Visualization of some typical examples from the introduced dataset. “GT” is the ground-truth sentiment in the data-

set, whereas “P” denotes the sentiment predicted by our method. The predicted labels in red denote wrongly predicted senti-

ment, and the green ones are correct. Note that the English sentences in gray are only to help better understand the Chinese

Weibos in the example but do not appear in the dataset.
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sentiment clues for the correct result. Second, as shown
in Figure 2(b), the images are about the scene of the
event, but through the description of the language, we
can see that the passenger praises the young man in the
image. Our approach effectively understands the content
of images and the sentiment expressed in the text and,
thus, recognizes the correct sentiment. Third, because
the entire Weibo consists of both images and text, the
interaction is another significant clue for sentiment rec-
ognizing. As shown in Figure 2(a), the images are a crowd
of people, but the text explains the visual content and
expresses positive sentiment. The proposed method pre-
dicts positive sentiment according to the multimodal
complementary interaction. Finally, for the specificity of
tourism data, analyzing the event ( i.e., the current event
of the journey) can help to better identify passengers’
sentiment. As shown in Figure 2(e), both the text and the
image are objective, but the Weibo is labeled negative
when combining with the description of the “delay” event.
Our model takes into account the event information in
the process of recognizing sentiment through a multi-
tasking approach.

CONCLUSIONS
In this article, we present a novel event-aware multi-
modal network for recognizing sentiment from Weibos
about tourism. Itmodels the relevance betweendifferent
travel events and passengers’ sentiment through amulti-
task procedure. In addition to the text considered in
existing methods, the proposed network also employs
images during learningWeibo representations. Extensive
experiments are conducted in a newly collected Chinese
dataset. The superior performance demonstrates merits
of ourmethod.
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