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Abstract.The Multi-modal emotion recognition based
on text and image (MMER) is proposed to solve the
problem of inaccurate emotion recognition and poor
model robustness of a single modality such as text, image or speech. The Multi-modal emotion recognition
based on text and image compares the shallow features of text and image by cosine similarity, and inputs
the obtained results to the decision-making layer, and
participates in the final emotional decision-making together with the respective results of text and image.
The experimental data set is made by ourselves, and
each row includes an image, a sentence of text and
the emotional label. Results of experiments on the
dataset show that the Macro-F1 score for the multimodal model based on text and image is 73.54, achieving 6.4% and 11.8% improvement compared with the
text emotion recognition model various LSTM and the
image emotion recognition model ResNet.
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1. INTRODUCTION
Emotional interaction has received a lot of attention in
the research of human-computer natural interaction, and
emotion recognition is the key to human-computer emotional interaction. Its research purpose is to make machines perceive human emotions and improve the level
of humanization of machines. For image-based emotion
recognition, it can generally be divided into traditional
methods and deep learning-based methods[1]. Traditional methods intuitively use artificially constructed feature tags to identify emotional states[2]. Some methods
use changes in data structure or improve the effect of feature extractors to improve the accuracy of facial expression recognition[3]. The methods based on deep learning usually perform feature extraction in a data-driven
manner. Li Yong et al[4] proposed an improved LeNet-5
convolutional neural network to extract low-level features
and high-level features of facial expressions for emotion
recognition. Yao Naiming et al[5] proposed a face image
generation network based on the Wasserstein generation
confrontation network to solve the problem of face occlusion in a large range. Tan Xiaohui et al[6]proposed a

facial expression recognition method based on multi-scale
detail enhancement, and proposed a local gradient feature
calculation method using hierarchical structure.
In the field of text emotion recognition based on deep
learning, Duyu Tang et al[7] proposed a deep memory
network to capture the importance of context words for
aspect-level sentiment analysis. Compared with recurrent
neural network models (such as LSTM), this method is
simple and fast. Experimental results on two data sets
prove that the performance of this method is comparable
to the SVM system based on the latest features, and is
better than the LSTM architecture. Yequan Wang et al[8]
proposed an attention-based LSTM for aspect-level emotion classification. The main idea of these suggestions is
to learn the embedding of aspects and let each aspect participate in calculating the attention weight. When given
different aspects, our proposed model can focus on different parts of the sentence, thus making them more competitive in aspect level classification.
In order to obtain accurate feature information from
emotional multi-modal information and improve the accuracy of emotion recognition, many domestic and foreign
researchers have done a lot of research on dual-modal fusion emotion recognition[9]. Xiao et al[10] proposed a
multi-sensor data fusion method based on a new evidence
confidence measure and confidence entropy. Yoshida et
al[11] proposed a multi-modal emotion calculation model
based on facial expressions, speech, text and other information to realize emotion measurement in the process of
online learning.
The multi-modal model based on text and image is a
two-branch neural network model that uses both image
and text as input. It solves the problem than in a noisy or
dim environment, once the voice or face cannot be clearly
recognized, emotion recognition will not work. At the
same time, the model add a data fusion layer after the
output layer of the network, and input feature vectors of
different levels into the data fusion layer to participate
in the fusion decision of the final emotion classification,
which increases the robustness of the model and further
improves the emotion recognition Accuracy.
Experiments are conducted on Unbutu16.04 system by
using deep learning frame called Pytorch programmed
by Python3.6. The experimental dataset is made by ourselves, and it contains fifty thousand rows of data. Each
row includes an image, a sentence of text and the emo-
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Fig. 1. A simple RNN model.

tional label. There are five types of labels, with Arabic
numerals 0-5 representing anger, sadness, normal, happy
and surprised.
The paper is organized as follows. In 2, The multimodal model based on text and image and related work
are presented. Description of the data set and setting of
the experimental model are provided in 3. In 4, the experimental results are discussed.

Fig. 2. A Long Short-Term Memory Cell.

ploiting long range dependencies in the data. Figure.2 illustrates a single LSTM memory cell[15].
LSTM memory cell is implemented as the following:
it = σ (Wxi xt +Whi ht−1 +Wci ct−1 + bi )

. . . (1)

2. MODELS

ft = σ (Wx f xt +Wh f ht−1 +Wc f ct−1 + b f )

In this section, we describe the models used in this paper: RNN, LSTM, ResNet, The Multi-modal Model Emotion Recognition (MMER) based on text and image.

ct = ft ct−1 + it tanh(Wxc xt +Whc ht−1 + bc ) . . (3)
ot = σ (Wxo xt +Who ht−1 +Wco ct + bo )
ht = ot tanh(ct )

2.1. Long Short Term Memory networks (LSTM)
Recurrent neural networks (RNN) have been employed
to produce promising results on a variety of tasks including language model[12] and speech recognition[13]. An
RNN maintains a memory based on history information,
which enables the model to predict the current output conditioned on long distance features.
Figure.1 shows the RNN structure which has an input
layer, hidden layer and output layer. RNN is recurrent in
nature as it performs the same function for every input
of data while the output of the current input depends on
the past one computation. After producing the output, it
is copied and sent back into the recurrent network. For
making a decision, it considers the current input and the
output that it has learned from the previous input.
Unlike feedforward neural networks, RNNs can use
their internal state to process sequences of inputs. This
makes them applicable to tasks such as unsegmented, connected handwriting recognition or speech recognition. In
other neural networks, all the inputs are independent of
each other. But in RNN, all the inputs are related to each
other.
In this paper, we apply Long Short-Term Memory[14]
to emotion recognition. Long Short-Term Memory networks are the same as RNNs, except that the hidden
layer updates are replaced by purpose-built memory cells.
LSTM solves the problems of RNN gradient disappearance and gradient explosion through the gate mechanism,
so that the network can perform multiple back propagation. As a result, they may be better at finding and ex-
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where σ is the logistic sigmoid function, i, f , o and c
are the input gate, forget gate, output gate and cell vectors,
all of which are the same size as the hidden vector h.The
weight matrix subscripts have the meaning as the name
suggests. For example, Who is the hidden-input gate matrix, Wxo is the input-output gate matrix etc. The weight
matrices from the cell to gate vectors (e.g. Wci ) are diagonal,so element m in each gate vector only receives input
from element m of the cell vector.

2.2. Residual Network (ResNet)
According to recent studies in the areas of image recognition, the depth of a network, i.e., the number of layers
in CNN is crucial in its performance. However, when
the depth is deeper than a certain level, degradation occurs such that the accuracy is saturated and then rapidly
degrades. Experiments showed that such degradation is
not caused by over-fitting, but a matter of optimization.
ResNet resolves this degradation problem by introducing
a residual learning framework[16].As shown in Figure.3,
a block of plain CNN directly learns a target function
H(x).However, a ResNet block in Fig. 1 (b)has a different learning objective defined as F(x) := H(x) − x.It
is called residual learning in the sense that the residual of
x in H(x) is learned. It implies that, it is easier to learn
the residual than to learn whole H(x) , because ResNet
learns complicated objective by detouring[17]. This concept also can be represented by a ”shortcut connection”,
which performs identity mapping, and x is added to the
output of the stacked layer.
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Fig. 3. Configuration of plain CNN block and ResNet block.

2.3. The Multi-modal Emotion Recognition Based
on Text and Image (MMER)
The text and image-based multimodal model is a twobranch neural network model that uses both image and
text as input. The basic components of the model use
ResNet model and stack LSTM model. In the data flow
of the network model, the model extracts the shallow feature vectors of ResNet and LSTM in each unit block, and
merges the two as the input of the shallow vector fusion
layer of the next unit block. Through this form, the model
can learn in advance the difference between images and
text at the shallow feature level, and use this difference
as a factor in the final emotional decision. Figure.4 illustrates the Multi-modal Emotion Recognition Based on
Text and Image.
In addition, at the intersection of the two network
branches, we set up a decision fusion layer. We input
the output of the stack LSTM network, the output of the
ResNet network and the output of the shallow feature fusion layer into the decision fusion layer for data fusion
and final emotion recognition. Here we use three different fusion strategies, they are mean fusion, D-S evidence
theory fusion and dynamic weighted fusion. In the mean
fusion method, we add the positions corresponding to the
three one-dimensional matrices obtained by the decisionmaking layer to calculate the average value.
D-S evidence theory[18] was first proposed by Dempster in 1967, and was further developed by his student
Shafer in 1976. It was first applied to expert systems
and has the ability to process uncertain information. As
an uncertain reasoning method, the main characteristics
of evidence theory is: it satisfies weaker conditions than
Bayesian probability theory; it has the ability to directly
express ”uncertain” and ”unknown”. We first obtain the
normalization constant K through the probability distribution matrix obtained by the decision-making layer, and
then respectively obtain the mass functions of the 5 classification results, and finally concatenate these 5 values into
a one-dimensional matrix as the output.
The dynamic weight fusion method is to add a hidden
layer after the data fusion layer, and then use the neural
network to train the weights w1 and w2 of the image text
classification results
Because we want to perceive the semantic difference
between the input image and text in advance, we use the

Fig. 4. The Multi-modal Emotion Recognition Based on
Text and Image

cosine similarity method for the calculation of shallow
feature vectors:
∑nj=1 (x j × y j )
q
hi = q
. . . . . . (6)
2
2
∑nj=1 (x j ) × ∑nj=1 (y j )
Where x, y are the shallow feature vectors of the picture
and text respectively. We use cross entropy to calculate
the loss function of the entire model, and dynamically balance the proportion of the shallow feature vector and the
output of the two network branches in the final decision
result through two hyperparameters λ1 and λ2 :
Floss =

λ1 n
∑ (1 − hi ) + λ2 l, λ1 < λ2
n i=1

. . . . (7)

N

l=−

∑ yk log ŷk + (1 − yk ) log(1 − ŷk )

. . . (8)

K=1

where λ1 and λ2 are hyperparameters, which respectively represent the proportion of the shallow feature vector and the output of the two-branch network in the decision result.

3. EXPERIMENTAL SETUP
In this section, we describe the dataset used in the experiment, the parameter setting of the model and the result
evaluation standard.

3.1. Dataset
The Fer2013 facial expression dataset[19] is used for
image emotion recognition. It consists of 35886 facial expression pictures. Each picture is composed of a grayscale
image with a fixed size of 4848. There are 7 kinds of expressions, corresponding to the number labels 0-6, and the
labels corresponding to the specific expression as follows:
0 anger; 1 disgust; 2 fear; 3 happy; 4 sad; 5 surprised; 6
normal, but we only select five of them, which are anger,
sad, normal, happy and surprised.
The amazon reviews dataset[20] is used for text emotion recognition. It contains 600,000 book shopping reviews, each of which contains between 5 and 60 words.
Each sentence also corresponds to a score label, and the
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score ranges from 0 to 5, indicating that the shopping satisfaction is from low to high.
We selected 50,000 data sets from the above two data
sets, with 10,000 data sets for each label. Then the image labels angry, sad, normal, happy, surprised are corresponding to the text labels 0,1,2,3,4,5, so that each row of
the final data set consists of three columns, namely image, text and corresponding tags, there are 5 types of tags,
0 to 5 indicate the change of emotion from negative to
positive.

3.2. Model Training and Parameters
For the word embedding method in the input module
and aspect embedding module, we pretrained a GloVe[21]
model. The training corpora was Leipzig Corpora Collection[22] and the dimension of embedding vector was
set to 300. To avoid out-of-vocabulary (OOV) problems,
we sampled from a uniform distribution U(0.1, 0.1) for
the words that were not recorded in the dictionary. The
Chinese dataset was preprocessed by word segment with
Stanford Word Segmenter.
For the CNN in the attention module, 100 filters were
used to reduce the possibility of missing important signals. The CNN network contained one convolution layer,
in which the filter was of R3×300 with no padding and the
stride was 1.
We trained the model through mini-batch gradient descend, and the mini-batch was 32. L2 regularization factor
was added to the loss function and the weight for L2 factor was 3. The dropout rate was set to 0.5 and the learning
rate was set to 0.001.
3.3. Evaluation Criterion
This paper uses precision rate, recall rate and MacroF1[23] value to evaluate the accuracy of emotion recognition.
We know that in the binary classification task, the accuracy rate P represents the proportion of correct words
in all the extracted words, the recall rate R represents the
proportion of correct words in all ground truth, and the F1
value is the harmonic average of the precision rate and the
recall rate.
The confusion matrix[24] is shown in Table 1. We can
calculate the value of precision rate, recall rate and F1
value according to the confusion matrix.
Table 1. Confusion matrix for binary classification task

Actual
Positives
Actual
Negatives

P=

4

Predicated
Positives
True Postives
(TP)
False Positives
(FP)

Predicated
Negatives
False Negatives
(FN)
True Negatives
(TN)

TP
. . . . . . . . . . . . . (9)
T P + FP

TP
. . . . . . . . . . . . . (10)
T P + FN
2×P×R
. . . . . . . . . . . . (11)
F1 =
P+R
Macro-F1 first calculates the total number of TP, FP
and FN, and then calculates PRF. That is, the positions
corresponding to TP, FP, TN, and FN of multiple confusion matrices are averaged first, and then calculated according to the PRF value formula and inverse. The formula is as follows:
R=

Macro P =

1 n
∑ Pi . . . . . . . . . . . (12)
n i=1

Macro R =

1 n
∑ Ri . . . . . . . . . . . (13)
n i=1

Macro F =

1 n
∑ Fi . . . . . . . . . . . (14)
n i=1

Macro-F1 can treat each category equally, and its value
will be affected by the rare category.

4. EXPERIMENTAL RESULTS AND ANALYSIS
We performed three sets of experiments. The first set
of experiments was the comparison of the effects of the
MMER model with the four models of BI-LSTM, BILSTM+Attention, BI-LSTM+Pooling, Transformer, and
calculated the Macro-F1 scores of five emotional labels.
The second set of experiments is the comparison of the effects of the MMER model and the four models of VGG16,
ResNet, and AlexNet. The Macro-F1 scores of five emotional labels are calculated respectively. In the third set
of experiments, we set up three data fusion methods at
the fusion decision-making layer, namely weighted fusion, D-S evidence theory fusion and dynamic weight fusion. We compared the accuracy of sentiment label classification under the conditions of three different data fusion
methods.

4.1. Comparison With Various LSTM Networks
We compare the MMER model with four LSTM
network models such as LSTM, LSTM+Attention[25],
LSTM+Pooling, Transformer[26]. LSTM network has
seven LSTM cells and 280 hidden nodes. LSTM+Pooling
network model adds a max pooling layer to the original
LSTM. The maximum pooling layer retains the main features while reducing the amount of parameters and calculations, preventing over-fitting and improving the generalization ability of the model.LSTM+Attention adds attention mechanism to the original LSTM. The attention
mechanism can select information that is more critical
to the current task goal from a large number of information. The structure of Transformer is more complex, using multi-head attention and position-wise feed-forward
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Table 2. The average Macro-F1 of different network models for text emotion recognition

Model

Average

Angry

Sad

Normal

Happy

Surprised

LSTM
LSTM+Pooling
LSTM+Attention
Transformer
MMER

69.1
70.66
72.36
69.76
73.54

87.2
87.5
90.2
85
90.7

72.2
73.4
75.5
73
73.9

60.2
64.4
65.7
63.1
66.9

85.1
87
87.3
85.4
89.1

40.8
41
43.1
42.3
47.1

Table 3. The average Macro-F1 of different network models for image emotion recognition

Model
VGG16
ResNet
AlexNet
MMER

Average
58.06
66.7
65.78
73.54

Angry

Sad

Normal

Happy

Surprised

72.8
85.2
83
90.7

58
67.2
66.1
73.9

54.2
60.1
62.7
66.9

77.4
86.9
84
89.1

27.9
34.1
33.1
47.1

networks. Table 2 shows the experimental results comparing MMER with various LSTM models.From the table, we can see that compared with other LSTM models,
the sentiment classification results of MMER have been
significantly improved, especially under the normal and
surprised labels.

Table 4. The Accuracy of three data fusion methods for
emotional decision

Decision fusion method

Accuracy

Mean fusion
D-S evidence theory fusion
Dynamic weighted fusion

78.4%
80.0%
85.8%

4.2. Comparison With VGG16, ResNet, AlexNet
Networks
We compare the proposed method MMER with
VGG16, ResNet, AlexNet network models. Table 3
shows that compared with the other three network models,
MMER has a significant improvement in the effect of image emotion recognition. Especially for surprised and sad
images, the improvement in recognition accuracy is the
most obvious. The Macro-F1 values of sad and surprised
increased from 58 and 27.9 to 73.9 and 47.1 respectively.

4.3. Comparison of Three Data Fusion Methods
We compared three fusion algorithms, mean fusion, DS evidence theory fusion, dynamic weighted fusion, and
their data fusion effects at the emotional decision-making
level.In the mean fusion method, we add the positions
corresponding to the three one-dimensional matrices obtained by the decision-making layer to calculate the average value. In the D-S evidence theory, We first obtain the
normalization constant K through the probability distribution matrix obtained by the decision-making layer, and
then respectively obtain the mass functions of the 5 classification results, and finally concatenate these 5 values
into a one-dimensional matrix as the output. The dynamic
weight fusion method is to add a hidden layer after the
data fusion layer, and then use the neural network to train
the weights w1 and w2 of the image text classification results. Table 4 shows the accuracy of emotion recognition
under the three data fusion algorithms.

5. CONCLUSION
The Multi-modal emotion recognition based on text
and image (MMER) is proposed for emotion recognition. The basic idea is to fusion of multi-modal data and
solve the problem of inaccurate emotion recognition and
poor model robustness of a single modality. Through
experiments, we demonstrated that Macro-F1 score for
the multi-modal model based on text and image is 73.54,
achieving 6.4% and 11.8% improvement compared with
the text emotion recognition model LSTM and the image
emotion recognition model ResNet.
Three sets of experiments, MMER and text emotion
recognition model comparison, MMER and image emotion recognition model comparison and fusion algorithm
comparison, prove that not only the accuracy of MMER is
higher than the single-modal emotion recognition model
of image or text, but also MMER can effectively deal with
scenes where some data of text or image is lost.In the future, we consider the use of capsule models and fusion
functions to enable the model to further fusion features of
different levels of data and increase the flexibility of the
model.
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