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Abstract
With regard to human–machine interaction, accurate emotion recognition is a challenging problem. In this paper, efforts
were taken to explore the possibility to complete the feature abstraction and fusion by the homogeneous network component,
and propose a dual-modal emotion recognition framework that is composed of a parallel convolution (Pconv) module and
attention-based bidirectional long short-term memory (BLSTM) module. The Pconv module employs parallel methods to
extract multidimensional social features and providesmore effective representation capacity. Attention-based BLSTMmodule
is utilized to strengthen key information extraction and maintain the relevance between information. Experiments conducted
on the CH-SIMS dataset indicate that the recognition accuracy reaches 74.70% on audio data and 77.13% on text, while
the accuracy of the dual-modal fusion model reaches 90.02%. Through experiments it proves the feasibility to process
heterogeneous information within homogeneous network component, and demonstrates that attention-based BLSTMmodule
would achieve best coordination with the feature fusion realized by Pconv module. This can give great flexibility for the
modality expansion and architecture design.

Keywords Emotion recognition · Dual-modal · Pconv · BLSTM

Introduction

Emotion recognition is an important part of the interaction
between people and machines [1], it has broad application
prospects in the fields of distance education [2], psycholog-
ical therapy [3], assisted driving [4], etc. Now considerable
work about emotion recognition has been performed, but
there still exists some obstacles toward accurate emotion
recognition. First, the expression of human emotion varies
with surroundings, social protocols and language. Second,
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humans tend to express emotion within multiple social
behavior modalities, such as voice, tuning and facial expres-
sion [5]. Comparingwith the social surrounding and protocol
that involves significant randomness and cultural diversity,
the multiple modalities of social information are deemed to
have more potential of interpretability [6]. There are two
reasons to account for this interpretability from the perspec-
tive of physiology. Firstly, human social behaviors usually
come from specific underlying neuronal correlations. Sev-
eral findings have revealed that the human social behavior
modalities actually sharing the common emotional motiva-
tion [7]. Secondly,many studies has indicated that there exists
certain cross-coupling between the various social modali-
ties. Due to above findings and studies, it has demonstrated
that learning from multimodal sources offers the possibility
of capturing correspondences between modalities and gain-
ing an in-depth understanding of human emotion. Therefore,
multimodal fusion becomes a rising solution for accurate
emotion recognition and has attracted increasing attention in
recent years. Baltruaitis et al. [8] identified core challenges
for multimodal learning, among which representation learn-
ing and fusion mechanisms stand in a fundamental position.
For representation learning for social emotion, a universal
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recognition model has not been realized in practice. Instead,
the practical problem is to select the combination of social
modalities for representation, and how to develop the feasible
architect for learning.

With regard to the sensory social information, many
modalities have been developed by now [9]. Although some
contact sensory modalities, typified by EEG, can provide a
unique representation space for emotion state, its acquisition
mode has difficulties to apply in the practical social scene
[10–12]. Therefore, video stream, audio signals and speech
context are still supposed to be the ideal modalities due to
their universality and accessibility. Qi et al. [13] noted the
importance of task oriented HMI and stated that it is scenes
and tasks to define the means of perception. Although it is
evident that emotion recognition benefits from the combina-
tion of multiple social information [14], it has not been an
easy task to fuse these modalities. Srivastava and Salakhut-
dinov [15] identify the desirable properties for multi-modal
representations: similarity in the representation space should
reflect the similarity of the corresponding concepts. To pick
up the right information from the heterogeneous sources,
decision-level or feature-level fusions are the typical options
for the classifier or end-to-end framework. The decision-level
fusion indicates that operator performs detection at the sensor
level and then merges detections to generate result. In many
cases, decision-level fusion is suboptimal. If some informa-
tion is not embodied by all modalities, it will not achieve
the full benefits of fusion [16]. By comparison, feature-level
fusion, concatenating both sets of features for learning, is
expected to be more promising solution [17]. Nguyen et al.
[18] adopted feature-level fusion to combine video and audio
for emotion recognition. Liu and Fu [19] applied multichan-
nel EEG and textual feature fusion in the time domain to
recognize different human emotions. Although the exist-
ing fusion methods and architectures greatly improve the
ability to process multimodal information, they are mostly
highly customized, only utilize limited social corpus and
cannot be effectively adapted. When it comes to do with
modality extension or single/multiple modality switch, it
usually means the reconstitution of the general architecture.
Recently, several studies have paid attention to the unified-
modal process achieved for the audio–visual integration [20,
21]. Since these studies mostly employed the image-text pair
as input, quiet a lot of work was done to investigate the
alignment or cross-attention between modalities. This would
weaken the study on the unification of component or archi-
tecture.

In this paper, our efforts are mainly taken to explore the
fusion towards audio signal and context. Compared with
the classical image-text pair, these two modalities are natu-
rally temporal synchronous and complementary. On the basis
of synchronous audio-text pair, it can focus on exploring
the potential to process heterogeneous information within

homogeneous network architecture. For this purpose, a novel
emotion recognition framework is proposed. This frame-
work is composed of a parallel convolution (Pconv) module
and an attention-based bidirectional long short-termmemory
(BLSTM) module. The main contributions of this paper are
as follows:

(a) We adopt the fusion on the feature-level, proposes
a dual-modal emotion recognition framework which
employs the unified component (Pconv module).

(b) The Pconv module is constructed by convolution levels
and polling units in parallel. The experimental results
demonstrate that Pconv module is both effective to real-
ize the feature abstraction of single modality and fusion
among different modalities. This proves the feasibility
to process heterogeneous information within homoge-
neous component, and will bring great flexibility for the
modality expansion and framework design.

(c) Through comparing with existing frameworks, it is
found that the attention-based BLSTM module would
achieve best synergy performance to coordinatewith the
Pconv module. This combination could achieve higher
accuracy within less cost.

This paper is organized as follows. The following section
reviews the related work in the field of multimodal emotion
recognition. “Design of algorithm” presents the details of
the proposed framework and illustrates it in detail. “Experi-
ment” shows the performance of our dataset of this study and
the experimental settings, displays our experimental results
and the discussion. “Conclusions” concludes this paper and
outlines further work.

Related work

Up to now, it has been widely realized that the algorithm
framework based on neural network is one effective tool for
the emotion representation and learning, andmost impressive
achievement in emotion recognition starts with the single
model recognition. Wang et al. [22] used a bidirectional
recurrent neural network (BI-RNN) for affective learning of
facial emotion on only static images and obtained signifi-
cant advancements in the classification. For one-dimensional
inputs, it is relatively convenient to build straight neural
architecture that achieve promising performance on the self-
supervised learning tasks. Ancilin and Milton [23] improved
the extraction of the mel-frequency cepstrum coefficient
and finally achieved a good recognition effect on multiple
datasets. However, it has been realized that single social
modalities is not sufficient to represent the complete emo-
tion state in the dynamitic social scenes. In order to further
improve the accuracy of emotion recognition, multimodality
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fusion, as a methodology, is presented and has attracted most
attention by now.

For multimodal fusion, one of the major challenges is
how to effectively integrate data from different sources
and design moderate architecture to complete representation
learning. According to the fusion level or location, fusion
concept can be divided into three types: data-level, feature-
level and decision-level [24]. As the development of the
machine learning, feature-level and decision-level fusion (or
called early and late fusion) have spawned a variety of stud-
ies. For example, Lu et al. [25] present ViBERT model to
learning image content and nature language, and through co-
attention transformer layer to interact. Li et al. [26] proposed
VisualBERT which used for vision and language tasks, the
core idea is reuse the self-attention mechanism to implicitly
align elements. Chen et al. [27] introduce UNITER which
a universal image-text representation, and through ablation
study to find an optimal combination of pre-training tasks.
Within the feature-level, we are able to explore the inter-
action between raw features across modalities, but it also
need avoiding to potentially suppress the modality-specific
interaction. Furthermore, the raw features represent different
physical properties of the signals in the respective modal-
ities, this also presents challenges to the design of fusion
architecture.Wang et al. [28] used directional pairwise cross-
modal attention for sentiment analysis. They showed positive
potential to both construct feature abstraction and fusionwith
chiral attention layer. Xu et al. [29] used the attention mech-
anism to integrate speech and audio files at the feature layer
and achieved the best performance on the IEMOCAPdataset.
Singh and Dhall [30] used traditional video texture features
and a bag-of-audio-words feature set (BOAW), which was
generated by OpenXBow, to carry out feature layer fusion
for emotion recognition.

Through above investigation, it shows that great progress
has been made in multimodal emotion recognition in recent
years. However, the representation and learning on each
modality is much customized in existing frameworks. This
limits the expansion or switch among modalities. In this
paper, we would like to explore the possibility to complete
the feature abstraction and fusion through the homogeneous
network component, and propose our solution in place of
concatenation to model the correlation between dual modal-
ities.

Design of algorithm

Asdiscussed above, one effectivemethodology that can adapt
to different social signals and realize high-accuracy recogni-
tion are left undetermined. In this paper, we propose a novel
approach based on the combination of parallel convolution
module (Pconv), BLSTM and an attention mechanism for

dual-modal emotion recognition, as shown in Fig. 1. The
details of this framework are discussed in the following sec-
tions.

Preprocessing

For audio emotion recognition, its feature description
includes temperament features, sound spectrum features and
sound quality features. In this study, the emotional character-
istics of audio were analyzed by the mel-frequency cepstrum
coefficient (MFCC) [31]. TheMFCCdisplays the exact chan-
nel shape in the short-term power spectrum envelope of
audio. It also provides audio feature parameters in the fre-
quency domain.

To determine and capture the relationships between audio
and text in expressing emotion, the original signal was con-
verted intoMFCC format.We adapted theHammingwindow
to process audio signals because it can reduce the impact of
energy leakage in the frequency domain caused by trunca-
tion. The Hamming window formula is shown below:

w(n) � 0.54 − 0.46 cos(2πn/L − 1), 0 ≤ n < L − 1.
(1)

In the formula (1), L is the window total length, and n is
the current state. It can be seen from the formula that its char-
acteristics come through the cosine function, which reflects
the intermediate data, and the data information on both sides
is lost. When the window is moved again, only 1/3 or 1/2
of the window is moved. Thus, the data lost in the previous
frame or the second frame is reflected again.

The text corpus needs data processing before emotion
classification. This paper chose Chinese dataset that has a
specific grammar structure and word segmentation. To pro-
cess raw text data, Jieba segmentation was used to conduct
word segmentation on the input text data. Then, the Baidu
StopWord Database was used to remove the stop words. The
processed text information was converted into word vector
form within word2vec [32] to construct a word vector dic-
tionary. Compared with other embedding methods, such as
one-hot encoding and bidirectional encoding, word2vec is a
lightweight neural network that only includes an input layer,
hidden layer and output layer. Considering the quantity of
text data used in this study, CBOW was used as the default
word2vec model.

Attention-based BLSTM connects with Pconvmodule

Audio and text data are both temporal information. That is,
the state of a certain moment is related to the context. In
this paper, we design an architecture in which an attention-
based BLSTM connects with feature extraction (as shown in
Fig. 1). The feature extraction module utilizes Pconv module
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Fig. 1 Dual-modal emotion recognition framework

to obtain the overall feature frompartial information aggrega-
tion, and then an attention-basedBLSTMmodule is supposed
to capture the correlation among temporal information. This
structure design ensures that the relevance of the informa-
tion and the network are lightweight. Although BLSTM can
obtain contextual information, it has poor performance in
long-term fitting. By considering the weight parameters of
different elements, an attention mechanism can be added to
highlight the part that needs more attention and suppress
other useless information to quickly extract the important
data features. Next, the details of the Pconv module, BLSTM
and attention mechanism are explained.

Pconvmodule

This study splices the convolutional layer with the max-
pooling layer to ensure that parallel convolutional cores can
simultaneously extract multiple features. Additionally, to
prevent weight attenuation, the shortcut connections method
is adopted to fit the residual mapping of the previous layer.
A depthwise separable convolution layer is added to the
shortcut connections to form the Pconv module. This design
can ensure that the size of the features before and after the
shortcut connections remain consistent with the number of
channels and reduce the number of framework parameters.
The structure diagramof the Pconvmodule is shown in Fig. 2,
and the experimental results are demonstrated in “Experi-
ment”.

The main idea of designing Pconv module is to determine
how an optimal partial sparse module exists in a one-
dimensional data network without disturbing self-continuity.

Fig. 2 The structure diagram of Pconv module

In the Pconv module, the input is fed into different convo-
lutions and pooling simultaneously (as shown in the Fig. 2).
Then, the parallel outputs will be merged by concatenation
and addition operator. By appropriately designing the com-
ponent and structure, the Pconvmodule will have potential to
process diverse social modalities. Additionally, max-pooling
removes redundant information from the previous layer.

For depthwise separable convolution, it is designed to split
the multi-channel feature graph into single-channel feature
graph, execute convolution calculation separately, and finally
stack the results together. For traditional convolution process,
input channel M and output channel N are supported. The
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width and height of the input feature graph are GI, and the
width and height of the convolution kernel are FH. Then the
calculation times of the traditional convolution layer, CT, is:

CT � GI × GI × M × N × FH × FH. (2)

Under the same conditions, the calculation times (CD) of
depthwise separable convolution layer is:

CD � GI × GI × M × N × FH × FH + M × N × GI × GI.

(3)

The ratio of deeply separable volumeproduct to traditional
convolution, P, is:

p � CD

CT

� GI × GI × M × FH × FH + M × N × GI × GI

GI × GI × M × N × FH × FH

� 1

N
+

1

FH × FH
.

(4)

When FH � 3 and N � 128, the P value is 0.119. With
the increase of the number of output channels and the size of
the convolution kernel, the reduction of computation will be
more obvious.

As shown in the Fig. 2, the Pconv module is divided into
three parts. The first is max-pooling to provide an abstracted
form of the representation. The second is the Bconv unit,
which is made up of traditional convolution, LeakyReLU
activation function and the batch normalization (BN) layer.
The last is the Sconv unit, it is similar with Bconv in struc-
ture, but employs depthwise separable convolution instead
of traditional convolution. At the end of the Pconv module,
the output of max-pooling and Bconv merged by concatena-
tion. The concatenated result is added with the output of the
Sconv to form the output of Pconv. Through parallel struc-
ture, it can abstract the diverse feature of given modalities,
from the different dimension. The concatenation and addition
operator will further enhance this diversity, which is helpful
for the following fusion and classification. Additionally, the
design of the Pconvmodule can avoid gradient explosion and
information redundancy.

BLSTM

After the Pconv module, the concatenated feature vectors
are obtained continuously, which need to build their inter-
correlation in the time series. To prevent the disappearance
or explosion of gradients in temporal model training, the
long short-term memory network (LSTM) [33] is utilized to
accommodate the dynamic information over time. It has three

gates to protect and control the state of the cell: input gate,
forget gate and output gate. Its structure is shown in Fig. 3b.
The formula of a single LSTM unit for time step t is given
in the formula (5)–(10), where W is the weight matrix and b
is the bias term:

ft � σ
(
W f · [

ht−1, xt
]
+ b f

)
(5)

it � σ
(
Wi · [

ht−1, xt
]
+ bi

)
(6)

C̃t � tanh
(
Wc · [

ht−1, xt
]
+ bc

)
(7)

Ct � ft ∗ Ct−1 + it ∗ C̃t (8)

ot � σ
(
WO

[
ht−1, xt

]
+ bo

)
(9)

ht � ot ∗ tanh(Ct ). (10)

Formula (5) determines what information we want to dis-
card from the cell state, where ht−1 is the previous output
state, xt is the current state, σ represents the sigmoid func-
tion and ft is the part expected to be forgotten. Formula (6)
determines which values we want to update, and formula (7)
then creates candidate vectors C̃t to determine the updated
information. The updated result, as shown in formula (8). Ct

ismeasured byhowmuchof each status value is updated. For-
mula (9) determines the part of the cell state to be output. In
formula (10), Ct is the value obtained by formula (8), which
is normalized between− 1 and 1 through hyperbolic tangent
function(tanh) and multiplied by the output of formula (9) to
determine the final output.

LSTM can only take into account information prior to
the current moment, but cannot take advantage of future
moment information. To solve this problem, bidirectional
long short-term memory network (BLSTM) is generated.
BLSTM consists of two layers of LSTM superimposed from
top to bottom. Based LSTM’s capacity to make predictions
based on current and previous information, this paper uses
BLSTM to learn different forms of information. Theworking
mechanism of BLSTM is shown in Fig. 3a. The first layer
inputs information from left to right according to sequence,
while the second layer is the initial input of sequence from
right, and the output is determined by the state of the two
layers. By linking several LSTM modules and building an
internal status loop, BLSTM can store long-term subsequent
information and understand the influence of context infor-
mation on the state of a specific moment.

Attention mechanism

The BLSTM primarily realizes the memory and representa-
tion of temporal vectors. To maximize the contribution of the
relevant vectors, the attention mechanism [34] is added after
BLSTM, to formattention-basedBLSTMmodule. The atten-
tion mechanism can not only improve the BLSTM output but
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Fig. 3 The working mechanism of bidirectional long short-term memory networks

also be used to update storage units. The overall structure of
attention mechanism is shown in Fig. 1. The attention layer
is composed of three parts: query, key and value. The query
is usually a single vector as input, while the key is multiple
eigenvectors. The formula is described as formula (11)–(13).

ei � f (Q, Ki ) (11)

αi � exp(ei )/
∑

exp(ei ) (12)

attention ex �
∑

i

αi Vi (13)

where Q, K , and V represent query, key and value, respec-
tively. Formula (11) is a similar calculation function between
key and query, and the calculation function of different atten-
tion mechanisms is inconsistent, as is the calculated degree
of similarity. Then, the score which get from formula (11)
was numerically converted in the formula (12). To get the
final attention value, weighted summation of values based
on weighting coefficients in the formula (13).

Fusionmodeling and architecture design

Based on the above framework andmodule design, this study
explores different feature fusion algorithms. By the fusion
of different data modalities can realize complement of each
other, thus ensure the robustness and increase recognition
accuracy of emotion (the details are demonstrated in “Exper-
iment”). Through comparison experiments, we selected the
Pconv module for fusion as well. Figure 4 illustrates the
model of the dual-modal emotion fusion recognition based
on the attention-based BLSTM and Pconv modules. The pre-
processed audio and text data are filled and then sent to
their respective stem module which made up with fewer
feature extraction to realize shallow feature extraction. For
audio input, the processed MFCC was roughly extracted
through the stemmodule, which included a convolution layer
and a pooling layer. Additionally, to ensure the feasibility
of audio and text information fusion, the dimensions and

channels of the stemmodule output remain the same between
audio and text model. Similarly, for text input, the processed
information is sent into the stem module. The role of the
embedding layer is to increase the correlation between fea-
tures and improve the accuracyof themodel.AddingBLSTM
after the embedding layer can maintain sequence relation-
ships between texts.

The design of this model not only ensures the lightweight
nature of the network, but also enhance the relevance of
the feature. Meanwhile, uses the parallel network structure
can use fewer number of network layers to extract the deep
emotional states. So that this model effectively prevents the
gradient explosion caused by the deepening of network lay-
ers.

Experiment

Dataset selection

In this paper, we adopt the CH-SIMS [35] dataset that con-
sists of 60 Chinese films, TV dramas and varieties showing
unprocessed fragments with emotional expression. In addi-
tion, only Mandarin is considered. Compared with others
datasets, this dataset is closer to life scenarios. This dataset
contains 2,281 fragments whose average duration is 3.67 s,
and the average text length is 15 words per sentence. There
were five experts tagging the same segment at the same time,
and the average tagging result of the five experts was used as
the final emotional state. Emotion states of the dataset were
classified as neutral, positive and negative whose labels were
set as 0, 1, and 2, respectively. Then, the data in the dataset
were divided into a training data, verification data and testing
data at a ratio of 7:2:1.

Experimental setup

In this paper, the Keras framework was adopted for model
building and training. The framework parameters were
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Fig. 4 Structure diagram of the
fusion emotion recognition
model

basically the same in both single-modal and dual-modal.
The training strategy selected stochastic gradient descent
(SGD) with the Nesterov acceleration optimizer to prevent
the occurrence of partial optimal. In addition, LeakyReLU
was used as the activation. Through test and comparison the
finally detailed selection of training parameters is shown in
Table 1.

In this paper, three evaluation indexes were used to eval-
uate the performance of emotion recognition. Accuracy: the
percentage of the correct quantity predicted by the model in
the total quantity; it is one of themost commonly used evalua-
tion indexes. Prediction: the percentage of a sample identified
as a positive category that is actually a positive category. F1-
score: a statistic that is a weighted and harmonic average of
precision and recall rate; it combines the results of precision

Table 1 Training relevant hyperparameters

Hyperparameters Value

Batch size 32

Learning rate 0.0001

Vocab_dim 50

Maxlen 50

Epoch 5000

LeakyReLU 0.02

BLSTM nodes 128

and recall rate and is often used to evaluate the quality of
models. The calculation formula of above indexes is shown
in (14)–(17):
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Accuracy � TP + TN

TP + FP + FN + TN
(14)

Precision � TP

TP + FP
(15)

Recall � TP

TP + FN
(16)

F1-score � 2 ∗ Precision ∗ Recall

Precision + Recall
(17)

where TP (true positive) refers to the number of positive
classes correctly predicted to be positive classes. TN (true
negative) is the number of negative classes correctly pre-
dicted to be negative classes. FP (false positive) is the number
of negative classes that are wrongly predicted to be positive.
FN (false negative) is the number of false predictions of a
positive class as a negative class.

Experimental results and discussion

Single-modality classification

Tables 2 and 3 show the performance comparison of audio
and text recognition using differentmethods on theCH-SIMS
dataset. To verify the superiority of our proposed method,
we took the most basic CNN (convolution neural network)
to build feature extraction module, this module is called
‘BCNN’ model and shown in the Fig. 5. In the following
experiments, it will be regarded as the baseline to evaluate

Fig. 5 The structure of BCNN model

the effectiveness of Pconv or other structure. The Pconv-
based model is similar to the BCNN model in structure, but
it replaces the traditional convolution layers in the BCNN
with the depthwise separable convolution layer at the short-
cut connection. Similarly, the Pconv + BLSTM (PB) model
adds two layers of BLSTM based on the Pconv model. The
Pconv + BLSTM + attention (PBA) model adds an atten-
tion mechanism based on the PB model, it is the final single
model adopted in this study, the structure of the PBA model
is shown in Fig. 4 (connections with dotted lines). It is the
same as the dual-modal, except that there is no concatena-
tion between differentmodels. Thus, it can be verified that the
dual-modal is superior to the single-modal model. To ensure
the credibility of the comparative experiment, the structure of
the shallow feature extraction module of these four models,
with their parameters as well, would remain unchanged.

Table 2 shows the performance with different methods of
the audio model in the same scenario. In Table 2, we can
clearly observe that the results of the PBA model adopted in
this study are better than those of other models in terms of
accuracy, prediction and F1-score. It achieved 74.70% accu-
racy, which was 10% higher than that of the other models. In
addition, the result also reached 76% on prediction. The PB
model achieved the best performance in F1-score at neutral
and negative emotion, which achieved 78% and 82%, respec-
tively. However, at positive emotion recognition, the model
proposed in this paper reached 54%, which was the best of
these methods.

Table 3 shows the performance with different methods of
the textmodel in the same scenario. The PBAmodel achieved
the best performancewith accuracy, prediction andF1-score.
The accuracy was 77.13%, which also improved by approx-
imately 10%. It also achieved 78.6% prediction and the best
performance on the F1-score for emotional status (neutral,
positive and negative).

Through comparison in the Tables 2 and 3, it proved the
superiority of PBAmodel for the emotion recognition of sin-
glemodality. The proposedmodel (PBA) generally improved
theF1-score in three emotion classifications. The recognition
result gaps among these emotion classifications are lowest
under the PBA condition. Similarly, in Tables 2 and 3, by
comparing the PBA, PBmodels with the Pconv model, it can
observe that the addition of BLSTM and the attention mech-
anism improved the accuracy of both the audio and text. In
addition, we also employ some classic network for compar-
ison, such as LeNet, AlexNet and VGG, the performance of
these models is shown in Table 4. Through comparison it can
be found that VGG has lowest accuracy and prediction, the
main reason for it is that VGG’s over-deep layered structure
makes the over-fitting take place during training. The perfor-
mance of LeNet and AlexNet are lower than that of proposed
model in this paper. This shows that attention-based BLSTM
connects with Pconv module can extract feature information
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Table 2 The performance results
of the audio model with different
methods

Model Accuracy Prediction F1-score

0 1 2

BCNN 0.6521 0.664 0.69 0.44 0.70

Pconv-based 0.6813 0.655 0.68 0.46 0.71

PB 0.7202 0.729 0.78 0.30 0.82

PBA 0.7470 0.760 0.75 0.54 0.78

Table 3 The performance results
of the text model with different
methods

Model Accuracy Prediction F1-score

0 1 2

BCNN 0.6764 0.655 0.63 0.07 0.75

Pconv-based 0.7080 0.655 0.69 0.19 0.74

PB 0.7445 0.734 0.73 0.37 0.79

PBA 0.7713 0.786 0.84 0.57 0.86

Table 4 The comparison results
of audio and text Model Audio Text

Accuracy Prediction Accuracy Prediction

LeNet 0.5600 0.625 0.5440 0.555

AlexNet 0.6057 0.659 0.6015 0.642

VGG 0.5092 0.585 0.4966 0.507

Proposed (PBA) 0.7470 0.760 0.7713 0.786

in fewer layers of the network, and improve the final recog-
nition effect.

Fusion modality classification

Here it shows the results of dual-modal emotion recognition
under different fusion methods. Moreover, the PBA model
was adopted for both the audio model and text model. The
partial structure of the fusionmethods is shown in Fig. 6. The
fusion method adopted in this study is the ‘1-layer Pconv’,
and its model structure is shown in Fig. 6b. ‘2-layer Pconv’
represents data fusion before being input to the first Pconv
module, as shown in Fig. 6a. Similarly, as shown in Fig. 6c–f,
‘2-layeredBLSTM’ represents data fusion before being input
of the first BLSTM layer; ‘1-layered BLSTM’ represents
data fusion before the second BLSTM layer; ‘attention’ is
data fusion before being input into the attention mechanism;
‘FC’ stands for the adoption of decision-level fusion, where
data are fused before entering the full connection layer. In
addition, the results are shown in Table 5.

Table 5 shows that the accuracy of the ‘1-layer Pconv’
fusion method was 90.02% (increasing 7.5% compared with
the other fusion methods). The prediction of ‘1-layer Pconv’
also showed the better than the other fusion methods. The

accuracy of the ‘2-layer Pconv’ and the ‘1-layer Pconv’
fusion methods all better than other, which proves that the
Pconv module has great advantages in data fusion, and it can
realizes the mutual complement of different sensory data.
The F1-score of the ‘1-layer Pconv’ fusion method on neu-
tral and negative emotions was also higher than 90% and
higher than others, which fully proves the reliability of this
fusion method.

Comparison between single-modal and dual-modal

BycomparingTables 2, 3 and4, it canbe seen that dual-modal
was higher than any single-modal of the accuracy. To com-
pare the performance between the single-modal model and
the dual-modal model. Here, we selected the PBA model of
both the audio and text models and the ‘1-layer Pconv’ fusion
model for comparison. The PBA model processes audio and
text data separately. The ‘1-layer Pconv’ model processes
audio and text data simultaneously. The model training was
conducted on a 24-GPU server for 5000 rounds, and the curve
comparison of accuracy and loss values is shown in Fig. 7.
The figure proves that the accuracy of this fusion method
was higher than that of the single-modal recognition model,
the loss value decreased faster than that of the single model,
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Fig. 6 The partial structure of different fusion methods

Table 5 Performance results of
different fusion methods Fusion layer Accuracy Prediction F1-score

0 1 2

2-layer Pconv 0.8662 0.865 0.91 0.85 0.91

1-layer Pconv 0.9002 0.904 0.93 0.71 0.94

2-layer BLSTM 0.8248 0.773 0.88 0.78 0.88

1-layer BLSTM 0.8370 0.821 0.87 0.80 0.90

Attention 0.8589 0.869 0.87 0.61 0.90

FC 0.8491 0.878 0.92 0.82 0.93

Fig. 7 Comparison of accuracy and loss between the fusion model and single model
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Fig. 8 Classification accuracy comparison between the fusion model
and single model

and the training is relatively stable. It can also be observed in
Fig. 7 that the accuracy of the audio model rose slowly in the
later stage, while the accuracy of the text model fluctuated
greatly in the later stage. These phenomena were solved well
in the PBA model, which proves that the effectiveness of the
proposed fusion methodology.

Figure 8 shows the comparison results of these three
models in F1-score. It can be seen in the figure that the
classification accuracy of the fused model on various emo-
tions was significantly higher than that of any single-modal
emotion model. Different emotional signals reflect the emo-
tional expressions to different degrees. It is worth noting that
the accuracy of the positive emotion was lower than that of
the neutral and negative emotions. However, under the same
emotional state, the accuracy of the positive emotion after
fusion was significantly higher than that of the single-modal
model in this emotion. The integration of audio and text for
emotion recognition is beneficial to learn from each other

and improve the accuracy of final emotion recognition. This
proves the necessarily to perform multimodal fusion.

As iswell-know, to better evaluate themodel, the dataset is
processed and divided into training data, validation data and
testing data. The training data is used to fit model towards the
best weight and bias. The validation data is used to determine
the model hyperparameters and select the optimal model.
Testing data are used to test the model’s ability to learn from
new data. In this experiment, we compared the dataset with
emotion classification, and the comparison results are shown
in the Fig. 9, the division (7:2:1) is adopted due to the best
train accuracy of emotion classification.

Meanwhile, we compared the proposed framework with
other existing work in the last 2 years, the result is shown in
Table 6. The Table 6 shows that the proposed PBA models
have the highest accuracy level in three different tests (Audio,
Text and Fusion). At the same time, the table also proves that
the recognition effect of fusion modality is better than that
of single-modality model.

Conclusions

In this paper, an dual-modal emotion recognition model is
proposed. This model is composed of a parallel convolu-
tion (Pconv) module and attention-based bidirectional long
short-term memory (BLSTM) module. The Pconv module
employ parallel structure to extract social features in several
dimensions, this is conducive to enhance the capacity of rep-
resentation. Additionally, attention-based BLSTM module
is utilized to strengthen the correlation between information
and improve the accuracy of recognition. Experiments con-
ducted on the CH-SIMS dataset indicate that the recognition
accuracy reaches 74.70% on audio data and 77.13% on text,
while the accuracy of the dual-modal fusion model reaches
90.02%. Through experiments it proves the feasibility to

Fig. 9 Comparing of dataset with emotion classification accuracy result
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Table 6 Accuracy comparison
with other papers S. no. Method Training parameter Accuracy (%)

Audio Text Fusion

1 DNN (Singh et al. [36]) 8:2 68.3 68.0 74.5

2 SVM (Vashishtha and Susan [37]) 7:3 58.0 71.2 82.5

3 BERT (Pepino et al. [38]) N/A 72.26 68.11 81.31

4 DCNN (Priyasad et al. [39]) 8:1:1 69.89 70.81 79.22

5 Transformer (Makiuchi et al. [40]) N/A 70.1 66.1 73.0

6 CNN (Krishna and Patil [41]) N/A 55.60 65.90 72.82

7 CTNet (Lian [42]) 8:2 67.5 80.8 83.6

8 Resnet and BERT (Padi [43]) N/A 70.33 65.97 76.07

9 Proposed (PBA) 7:2:1 74.01 77.13 90.02

process heterogeneous informationwithin homogeneous net-
work component, and demonstrates great flexibility for the
modality expansion and architecture design. In future work,
efforts will be taken to balance all kinds of emotional states,
and broaden the proposed framework to other modalities.
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