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Abstract

Facial expression recognition (FER) in video has attracted the increasing interest and many
approaches have been made. The crucial problem of classifying a given video sequence into several
basic emotions is how to fuse facial features of individual frames. In this paper, a frame-level atten-
tion module is integrated into an improved VGG-based frame work and a lightweight facial expression
recognition method is proposed. The proposed network takes a sub video cut from an experimental
video sequence as its input and generates a fixed-dimension representation. The VGG-based network
with an enhanced branch embeds face images into feature vectors. The frame-level attention module
learns weights which are used to adaptively aggregate the feature vectors to form a single discrimina-
tive video representation. Finally, a regression module outputs the classification results. The experi-
mental results on CK + and AFEW databases show that the recognition rates of the proposed method
can achieve the state-of-the-art performance.
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0 Introduction

Facial expression is one of the most powerful and
natural signals for human beings to convey their emo-
tional states and intentions. Numerous researches have
been conducted on automatic facial expression recogni-
tion (FER) because it’ s practical importance in fa-
tigue driving, online teaching, telemedicine and many
other artificial intelligent systems. Video-based FER
systems aim at classifying expressions into seven emo-
tions, i. e. happy, angry, disgust, fear, sad, neutral,
and surprise. The popular video-based FER system
mainly includes three modules, namely frame pre-pro-
cessing, feature extraction, and classification''’. Spe-
cifically, frame pre-processing module refers to face
detection, alignment, illumination normalizing, etc.
Feature extraction and classification are two key mod-
ules, in which feature extraction module is crucial for
improving the recognition accuracy. Feature extraction
module encodes video frames into compact feature vec-
tors, then these vectors are subsequently fed into the
classification module for prediction.

Feature extraction methods for video-based FER
can be roughly divided into two types: static-based

methods and spatial-temporal methods. In static-based
methods'*?

only spatial information from a single image. These

!, the feature representation is encoded with

methods use handcrafted or learned features. Optical
flow method uses the changes of pixels in time domain
and the correlation between sequence frames to mine
adjacent

the corresponding relationship  between

frames'*'. It is widely used to extract facial expression
and motion information in video sequences. Hidden
Markov model'*’ abstracts expression features into state
sequences, and uses probability matrix to describe the
emergence and transition of states, so as to realize ex-
pression training and recognition. As a vision based
template method, motion history image ( MHI)'® is
applied to FER. This method shows the target motion in
the form of image brightness by calculating the pixel
changes at the same position in a certain time period.
In recent years, many researchers have also tried to ex-
tend the feature extraction method with better recogni-
tion effect in static images to dynamic features, such as
local binary pattern ( LBP) on three orthogonal planes
(LBP-TOP)'”’. LBP-TOP extracted LBP features from
the Gabor filtered image, then extended the features to
three dimensions by adding time dimension. Discrimi-
nant graph regularized non-negative matrix factorization
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(DGNMF) " encoded the geometrical class informa-
tion by constructing an affinity graph to obtain a better
representation. Ref. [ 9] proposed an enhanced diction-
ary pair leaming sparse representation ( EDPLSR)
framework which jointly learned a synthesis dictionary as
well as an analysis dictionary. They introduced a mani-
fold regularization term to obtain a smooth and sparse
representation along the geodesics of data manifold.

Since 2013, emotion recognition competitions,
such as FER 2013'"°" and Emotion Recognition in the
Wild (EmotiW) """ have collected relatively sufficient
training data from challenging real-world scenarios,
which implicitly promotes the transition of FER from
lab-controlled to in-the-wild settings. In the mean-
while, due to the dramatically increased chip process-
ing abilities (e. g. , graphics processing unit( GPU) )
and well-designed network architecture, studies in va-
rious fields have begun to transfer to deep learning
methods, which have achieved the state-of-the-art rec-
ognition accuracy and exceeded previous results by a
large margin. Deep learning attempts to capture high-
level abstractions through hierarchical architectures of
multiple nonlinear transformations and representations.
Convolutional neural network ( CNN) has been exten-
sively used in diverse computer vision applications, in-
cluding FER. CNN is robust to face location changes
and scale variations and behaves better than the multi-
layer perceptron ( MLP) in the case of previously un-
seen face pose variations. For example, Li and Zhang''"”’
took advantage of deep CNN for feature extraction and
won the FER 2013. Jung et al. '™ proposed a joint fine-
tuning network method based on two different models to
improve the recognition accuracy. Mundher et al. '™
used deep CNN to learn facial expression features. Like-
wise, given with more effective training data of facial
expression, deep learning techniques have been increas-
ingly implemented to handle the challenging factors for
emotion recognition in the wild.

Aiming at modelling the temporal or motion fea-
tures in video sequences, spatial-temporal methods are
presented in Refs [ 15-17]. Two widely used spatial-
temporal methods for video-based FER are long short-
term memory ( LSTM) 167 and C3D'"®'. LSTM derives
temporal information from video sequences by exploi-
ting the fact that feature vectors are connected semanti-
cally for contiguous frames. So, various CNN-LSTM
models in Refs [ 19, 20] are proposed to obtain spa-
tial-temporal information to improve recognition accura-
cy. In view of the limited representation ability of sin-
gle-layer LSTM and the limitation of its generalization
ability when solving complex problems, Irsoy and
Cardie”" pointed out that LSTM with multi-layer ar-
chitecture can achieve better results. Furthermore,
Sutskever et al. ' developed a 4-layer LSTM to

achieve good machine translation performance.

Among all the above methods, static-based meth-
ods can achieve better recognition rate according to sev-
eral winner solutions in EmotiW challenges. For video-
based FER, because the frames in a given video clip
may vary in expression intensity, directly measuring
per-frame error does not yield satisfactory performance.
Various spatial-temporal methods need a frame aggrega-
tion operation to obtain a video-level result. The most
convenient way is to directly concatenate the output of

1. 1% concatena-

these frames, for example, Samira et a
ted the n-class probability vectors of 10 segments to form
a fixed-length video representation by frame averaging.
However, the number of frames in each sequence may be
different. Two approaches have been considered to gener-
ate a fixed-length feature vector for each sequence in Refs
[24,25]. Sarah et al. '™ proposed a statistical encoding
module to aggregate frame features which computes the
mean, variance, minimum, and maximum of the frame
feature vectors. These methods have the limitation of igno-
ring the importance of frames for FER. Since the attention
mechanism can quickly focus on regions of interest in
complex scenes, Xu et al. "7 introduced attention mecha-
nism in the image annotation, and calculated the weight
for each region of the input sequence at different times of
decoding, and then focused on different image regions to
generate more reasonable words. Liu et al. '* used self-
attention ( SA) mechanism to update learning parame-
ters only through its own information.

Inspired by SA mechanism, a frame-level attention
mechanism based video expression recognition method is
proposed, abbreviating as ECNN-FSA. First, a frame-
based self-attention mechanism is proposed to learn SA
kernels and relation attention kernels for frame impor-
tance reasoning. For feature extraction, the fully con-
nected layer is removed from the traditional VGG-16 and
an enhanced branch is introduced from the seventh layer
to extract more abundant facial expression features. The
contributions of this paper are as follows.

(1) A clear structure of enhanced CNN with frame-
level self-attention mechanism is proposed to solve video-
based FER problem, denoted by ECNN-FSA.

(2) The traditional VGG-16 network with an en-
hanced branch is improved to obtain hierarchical facial
expression features and enrich expression information.

(3) A frame-level self-attention mechanism for
adaptively frame feature aggregating is proposed to form
a single discriminative video expression.

The rest of this paper is organized as follows. In Sec-
tion 1, the proposed ECNN-FSA framework is introduced
including model architecture, the improved VGG-16 net-
work , and frame-level attention module. In Section 2, the
experimental results on CK + and AFEW databases are
discussed. Section 3 is the conclusion of this paper.
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1 Proposed ECNN-FSA framework

1.1 Model architecture

The framework of the proposed ECNN-FSA video
expression method consists of three modules; feature
extraction module, FSA module and regression mod-
ule, which is depicted in Fig. 1. It takes a facial video
with a variable number of face images as its input and
produces a fixed-dimension feature representation for
FER. The feature extraction module is a deep hierarchi-
cal spatial feature extractor based on VGG-16 with an
enhanced feature branch. Different from Ref. [ 16 ], the
fully connected (FC) layer is replaced with global av-
erage pooling ( GAP) layer. The extracted features are
input into FSA module to get the attention weight W,
by calculating the correlation between feature vectors.
The features are fused by W, and then input into the
regression module. The first layer of the regression
module is the FC layer for feature mapping. ReL.U acti-
vation layer is used to ensure the nonlinearity of FC
layer. The dropout layer randomly inactivates’ the ei-
genvalues to avoid over-fitting. The FC layer is used to
feature mapping and the Softmax layer outputs the
probability of each expression.

Video frames
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Fig.1 Proposed ECNN-FSA framework

Formally, a video V with m frames is denoted as

V=I[F, F,, -~-, F,], and the facial frame features

is denoted as X = [x,, x,, -+, x,, 1. In the specific
implementation, as shown in Fig. 1, the n(n<m)
consecutive video frames are processed at a time, and
the corresponding feature vectors are got through the
feature extraction module. The FSA module outputs dis-
tinctive features [x, , x,, -+, x, ] that are fused in-
to the regression module. The first FC layer is used to
map the learned deep semantic features into the sample
label space for classification.

1.2 Improved VGG-16 network

The feature extraction module is based on VGG-16
network. As shown in Fig. 2, the fully connected (FC)
layers are replaced with a global average pooling ( GAP)
layer to reduce complexity, and three convolutional lay-
ers (see the dotted box in Fig.2) are added to obtain
deeper expression semantic information. The kernels of
the three added convolutional layers are 3 x3 x 512 x
1024. Then, an enhanced branch is introduced to ob-
tain larger receptive field, which consists of a single
convolutional layer (kernel size is 7 X7 x256 x 1024 )
and a GAP layer. The GAP layer can not only reduce
the calculation of model parameters, but also make the
output feature dimension just related to the number of
channels of feature mapping, and has nothing to do
with the size of feature mapping. Therefore, the authors
can process images of any size and the output feature
dimensions are kept consistent.

Video frame F,

3x3 Conv, 64 x2
Max pooling
3x3 Conv, 128 x2

Max pooling

Enhanced branch :

7x7 Conv, 1024

4
‘ GAP, 1024 |

GAP, 1024

Feature vector

Fig.2 Improved VGG-16 network
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1.3 Frame-level self-attention module

Human visual system uses attention mechanism to
screen information, which can quickly locate regions of
interest in complex scenes. Recently, Ref. [29] pro-
posed SA mechanism, which achieved excellent results
in natural language processing. Fajtl et al. ™ intro-
duced SA mechanism into video processing. They
scored each video frame according to the correlation
between frames, so as to obtain the key frames of
video. Inspired by these researches, SA module is used
to learn the internal dependence between video frames,
and capture the internal structure, and so obtain the
significant characteristics of differentiation. On the oth-
er hand, SA mechanism is a kind of mean operation,
which can effectively avoid the gradient loss problem
caused by the deepening of network layers and greatly
speed up the network training speed.

Attention mechanism can be described as mapping
a query and a set of key-value pairs to an output. As
described in Ref. [29], the attention function is calcu-
lated on a set of queries simultaneously and packed to-
gether into a matrix Q. The keys and values are packed
together into matrices K and V. The outputs matrix of

scaled dot-product attention are computed as
T

Attention(Q, K, V) = softmax( ?/fli) | %4 (1)
;

where , d, is the dimension of Q or K, and Q € R"**,
Ke R, VeR"". /(Z is used to scale the dot
products. SA can be regarded as a special case of atten-
tion mechanism where K=V =Q. It can capture the in-
ternal structure of the sequence by learning the depend-
ency of the sequence content with less computation com-
plex. In this paper, FSA mechanism is used to focus on
the frame with the greatest difference in video sequences
and distinguish the frame most related to the video ex-
pression classification, which is shown in Fig. 3.

X, /)
\ \

In Fig.3, X = [«,, x,, -
vector of n consecutive frames output from the improved

VGG-16. Matrices @, K and V are calculated by

, x,] 1s the feature

0=WX
K=WX (2)
V=WX

where, W , W, and W, are weight matrices of different
network. The attention weight matrix Q K" describes the
correlation between elements in the input feature matrix
X. The super parameter s is manually set to suppress
the attention weight value, which is set to 0.1 in this
paper. The Softmax function is used to normalize the at-
tention weight, and then multiply it with V to get the
differentiated saliency matrix X~ . The weight matrices
of @, K, and V are 2048 x2048, and the computation
complex is lower when compared with the fully con-
nected layer.

2 Experiments

2.1 Databases and implementation details

CK + ; the Extended Cohn-Kanade (CK + ) data-
base"*" is the most extensively used laboratory-controlled
database for evaluating FER systems. CK + database con-
tains 593 video sequences from 123 subjects. The se-
quences vary in duration from 10 to 60 frames and show a
shift from a neutral facial expression to the peak expres-
sion. Among these videos, 327 sequences from 118 sub-
jects are labeled with seven basic expression labels (i.e.
anger, contempt, disgust, fear, happiness, sadness, and
surprise ) based on the Facial Action Coding System
(FACS). Because CK + does not provide specified train-
ing, validation and test sets, the algorithms evaluated on
this database are not uniform. For static-based methods,
the most common data selection method is to extract the
last one to three frames with peak formation and the first
frame (neutral face) of each sequence. Then, the sub-
jects are divided into n groups for person-independent
m-fold cross-validation experiments, where commonly
value of m can be selected in [5, 8, 10]. Some examples
of aligned images under laboratory environments in CK +
are shown in Fig. 4.

Fig. 4 Examples of aligned images under laboratory environments (CK + )
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AFEW ;the Acted Facial Expressions in the Wild
(AFEW) database was established and introduced in
Ref. [32] and has served as an evaluation platform
for the annual challenge EmotiW since 2013. AFEW
database contains video clips collected from different
movies with spontaneous expressions, various head
poses, occlusions and illuminations. It is a temporal
and multimodal database that provides with vastly dif-
ferent environmental conditions in both audio and vid-
eo. Samples are labeled with seven expressions; anger,
disgust, fear, happiness, sadness, surprise, and

#” 5

3 :
\ l
i ‘/ ,

Fig. 5 Examples of images under real-world conditions (AFEW)

Implementation details; the hardware configura-
tions of the experiments are: an Intel Core i7-7800X
CPU, 2 NVIDA GeForce GTX 1080Ti GPUs. This work
implements the proposed method by the Pytorch tool-
box. The video frames are preprocessed by face detec-
tion and alignment in the Dlib toolbox, and the face
bounding box is extended with a ratio of 25% and then
the cropped faces are resized to scale of 224 x224. For
feature extraction, the pre-trained model weights on
SFEW and FER2013 databases are loaded into the im-
proved VGG-16. The initial learning rate of the model
is set to 0. 001, which decreases during the training
process.

For training, on both CK + and AFEW, the au-
thors set a batch to have 48 instances with n frames in
each instance. For frame sampling in a video, first split

neutral. The annotation of expressions have been con-
tinuously updated, and reality TV show data have
been continuously added. The AFEW 7.0 in EmotiW
2017 is divided into three data partitions in an in-
dependent manner in terms of subject and movie/TV
source ; Train (773 samples), Val (383 samples)
and Test (653 samples), which ensures data in the
three sets belong to mutually exclusive movies and ac-
tors. Some examples of images under real-world condi-
tions in AFEW are shown in Fig. 5.
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/
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N
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W

on frame from each segment. The default value of n is
set to 5. The stochastic gradient descent (SGD) algo-
rithm is used for optimization with a momentum of 0. 9.
The parameters used in the proposed ECNN-FSA model
are shown in Table 1.

To eliminate the influence of complex background
on facial expression recognition, the video images in
AFEW and CK + databases are pre-processed similar to
Ref. [ 16 ]. The proposed network is pre-trained and
fine-tuned on AFEW database. VGG-FACE weights are
used as the initial weight of backbone CNN. Then, par-
tial samples from SFEW and FER 2013 are used to fine
tune the proposed ECNN-FSA. The best network pa-
rameters are obtained by using the training set of
AFEW and the expanded training samples.
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Table 1 ~ Specific parameters setting

Module Output Parameter

K(2048 x2048) , V(2048 x2043) ,
0(2048 x2048) , 5(0.1)

Layer-norm 2048 -

Self-attention n x 2048

ReLU 2048 -
Dropout 2048 0.5

FC 7 -

Softmax 7 -

2.2 Ablation study

Discussion on cascade LSTM. To explore the role
of the number of cascade layers of LSTM, this work has
performed an ablation study on multi-layer prediction.
It can be seen from Table 2 that the recognition per-
formance of CNN with 2-layer LSTM outperforms CNN
with only single-layer LSTM in terms of F1 score and
accuracy. The values in parentheses represent the di-
mensionality of the feature vectors output by each

LSTM.

Table 2 Experimental results of LSTM networks with different
number of layers and parameters on AFEW database

Model F1 score Accuracy

CNN-LSTM (2048) 0.2895 33.69%
CNN-LSTM (3000) 0.2954 32.88%
CNN with 2 layer LSTMs (3000, 3000) 0.3069 34.77%
CNN with 2 layer LSTMs (2048, 2048)  0.3279 34.50%
CNN with 2 layer LSTMs (2048, 1024)  0.2950 34.23%

Discussion on feature extraction. To illustrate the
advantages of the enhanced CNN, this work conducts
comparative experiments with CNN. As shown in
Table 3, the performance of ECNN with 2 layer LSTMs
(Fel, 7 x7) is the best, which shows that the pro-
posed ECNN can improve the feature extraction per-
formance. The parameter ‘ Fcl’ in parentheses indi-
cates one fully connected layer aggregated in the en-
hanced branch, and ‘5 x5’ represents the kernel size
of the first convolution layer of the enhanced branch.

Table 3  Experimental results of ECNN-LSTM on
AFEW database

Model F1 score Accuracy

Baseline - 38.81%

ECNN with 2 layer LSTMs (Fel, 5x5) 0.3733  40.16%
ECNN with 2 layer LSTMs (Fel, 7x7) 0.3816 41.25%
ECNN with 2 layer LSTMs (Fc2, 5x5) 0.3514 39.34%
ECNN with 2 layer LSTMs (Fc2, 7x7) 0.3763  40.44%

2.3 Evaluation on CK + database

The proposed ECNN-FSA method is evaluated on
CK + with comparison to several state-of-the-art meth-
ods in Table 4, i. e. 3DCNN-DAP'*' | LOMo"**', STM-
ExpLet' ™', DTAGN'"' | and CNN-LSTM'*'. The tes-
ting results are obtained after 5 times of cross valida-
tion. Due to the fact that the videos in CK + database
show a shift from a neural facial expression to the peak
expression, these methods conduct data selection man-
ually. LOMo"**' uses all frames with a new latent ordi-
nal model which extracts CNN features for sub-event
detection and uses multi-instance SVM to classify the

[28]

facial expression. STM-ExpLet combines a spatial

CNN model and a temporal network, where the spatial
CNN model only uses the last peak frame. DTAGN'"’
selects a fixed length sequence for each video with a
lipreading method. CNN-LSTM "™’ uses the last three
frames and the first frame for each video. The baseline
method uses the improved VGG-16 to generate scores for
individual frame and applied score fusion for all frames.
It achieves 94. 6% which is better than LOMo **'. The
proposed ECNN-FSA achieves the highest accuracy rate
97.95% , which is 5.6% , 4.07% , 1.52% and 2.03%
higher than 3DCNN-DAP, STM-ExplLet, DTAGN, and
CNN-LSTM, respectively. Table 5 shows the correspond-

ing confusion matrix.

Table 4 Evaluation of ECNN-FSA with a comparison to
state-of-the-art methods on CK + database

Method Accuracy/ %
3DCNN-DAP™ 92.35
LOMo'* 92.00
STM-ExplLet '’ 93.88
DTAGN' ™! 96.43
CNN-LSTM!! 95.92
Score fusion ( baseline) 94.6
Proposed ECNN-FSA 97.95

Table 5 Confusion matrix of ECNN-FSA network
on CK + database (% )

An Di Fe Ha Ne Sa Su
An 100 0 0 0 0 0 0
Di 0 94.16 0 4.41 0 0 1.44
Fe 0 0 98.3 0 1.7 0 0
Ha 0 1.44 0 97.12 0 1.4 0
Ne 0 0 0 98.5 0 1.5
Sa 0 0.68 0 99.32 0
Su 0 0 0.9 0 0 0 99.1
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2.4 Evaluation on AFEW database

In terms of recognition performance, AFEW is one
of the most challenging video database. The EmotiW
challenge shares the same data from AFEW. First, the
authors evaluate of ECNN-FSA with different parame-
ters on AFEW database and the results are shown in
Table 6. From the first two lines of Table 4, the recog-
nition accuracy of using one FC layer is 1.06% higher

than that of using two FC layers. From lines 2 -6, the
recognition accuracy is influenced by super parameters
and the highest recognition accuracy is achieved at s =
0. 1. Furthermore, it can be seen from lines 2 —7 that
increasing the backbone output dimension will reduce
the recognition performance. So, the output dimensions
of backbone network and the enhanced branch are set
to 1024, and the super parameter s is set to 0. 1 in the

later experiments.

Table 6 Evaluation of ECNN-FSA with different parameters on AFEW database

Parameters

Output dimension of Output dimension of

botkbone memorl eobarcod bl Number of FC layers  Super parameter s Accuracy/%
1024 1024 2 0.06 40.91
1024 1024 1 0.06 41.97
1024 1024 1 0.01 41.14
1024 1024 1 0.1 49.78
1024 1024 1 0.2 49.25
1024 1024 1 0.3 43.77
2048 1024 1 0.06 40. 64
2048 1024 2 0.06 39.76

Then, experiments are performed on different mod-
els and the parameters are adjusted on different model
types. The experimental results are shown in Table 7.
Here the meaning of the model type and parameters in
Table 7 is explained. For example, ¢ ECNN-SA
(3072, FC, s =0. 06)’ means the model outputs
3072 dimensional feature vectors (the backbone CNN
model outputs 2048-dimension and the enhanced
branch outputs 1024-dimension) , one FC layer and the
super parameter s =0. 06. It can be seen that the output
of GAP layer has the same number of channels as the
input feature mapping, and the model increases the
channel number by 1 x 1 convolution layer. Moreover,
just extending feature mapping channels has no effect
on the recognition results. Due to the strong fitting
ability of FC layer, the model with one FC layer has
better performance than the model with two FC layers.
Furthermore, two hyper-parameters n and s of the pro-
posed ECNN-FSA are evaluated to validate the robust-
ness of the proposed method. For parameter n, besides
the default value 5, several other values are tried, 1. e.
{3, 6,9}, and the experimental results show that the
performance is not sensitive to parameter n. For param-
eter s, based on 2048 dimensional features output by
ECNN module and single FC layer model, the authors

try several values, i.e. {0.001, 0.06, 0.1, 0.2,
0.3}.1It can be seen that ECNN-FSA (2048, fc, s =
0.1) achieves the highest accuracy of 49.78% .

Table 7  Evaluation of ECNN-FSA with different
parameters on AFEW database

Model type Accuracy
AFEW baseline 38.81%
ECNN-LSTM(FC6, 7 x7, LBP) 42.62%
ECNN-LSTM(FC6, 7 x7) 41.25%

ECNN-FSA (3072, fc, s =0.06) 41. 64%
ECNN-FSA (3072, 2 xfc, s =0.06) 41.76%
ECNN-FSA (2048, 2 xfc, s =0.06) 42.91%
ECNN-FSA (2048, fc, s =0.06) 43.97%
ECNN-FSA (2048, fc, s=0.001)  43.14%
ECNN-FSA (2048, fc, s =0.1)  49.78%
ECNN-FSA (2048, fc, s =0.2) 49.25%
ECNN-FSA (2048, fc, s=0.3) 43.77%

Proposed

model

Table 8 shows the comparison of the proposed EC-
NN-FSA with traditional CNN-LSTM in terms of end-
to-end training and testing time of one frame. The train-

ing time of ECNN-FSA is reduced from 40. 34 ms to

21.25 ms. Table 9 shows the performance comparison
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of ECNN-FSA with CNN-LSTM in term of accuracy.
The recognition accuracy of ECNN-FSA is 4. 21%
higher than that of CNN-LSTM.

Table 8 Training and testing time of ECNN-FSA
and CNN-LSTM (ms)
CNN-LSTM!*! Proposed ECNN-FSA
Training time Training time

40.34 8.26 21.25 5.57

Testing time Testing time

Table 9  Performance of ECNN-FSA and
CNN-LSTM on AFEW database

Model Accuracy/ %
Baseline 38. 81
CNN-LSTM"*" (end-to-end) 41.57
Proposed ECNN-FSA (end-to-end) 49.78

Table 10 shows the confusion matrix of ECNN-
FSA network on AFEW database. As it can be seen that
the number of correctly classified test samples is not
absolutely dominant, and sometimes the number of cor-
rectly classified videos is far less than the number of
incorrectly classified videos. For example, only
13.64% of the videos labelled *scared’ are correctly
classified, while 27. 27% are wrongly classified as
“angry’ and 15.91% are wrongly classified as ‘ hap-
py’ . Similarly, only 15. 56% of the videos labelled
‘surprise’ are correctly classified, while 28.89% are
wrongly classified as ‘ angry’. The reason is that hu-
man’ s mood is a mixture of multiple emotions, such as
anger, disgust and sadness are usually associated with
each other, and the facial morphology changes of fear,
surprise and happiness have some similarities. Moreo-
ver, because the unconstrained facial expression data
are mixed and interfered by many factors such as age,
gender, race, illumination condition, posture change,
occlusion, resolution, complex background, ete. So, it
is a challenge to improve the video emotion recognition

accuracy.

Table 10 Confusion matrix of ECNN-FSA
network on AFEW (% )

An Di Fe Ha Ne Sa Su
An  50.0 3.12 6.25 14.06 3.12 14.06 9.38
Di  7.50 25.0 2.5 22.5 17.5 15.0 10.0
Fe 27.27 4.55 13.64 15.91 6.82 25.0 6.82
Ha 4.84 1.6l 0 79.03 4.84 6.45 3.23
Ne 10.17 8.47 8.47 20.34 42.37 6.78 3.39
Sa 5.0 8.33 3.33 20.0 6.67 51.67 5.0
Su 28.89 4.44 2.22 15.56 17.78 15.56 15.56

3 Conclusion

In this paper, a frame-level self-attention network
for video-based facial expression recognition is pro-
posed, i.e. ,ECNN-FSA. The ECNN-FSA is composed
of a feature extraction module, a frame-level self-atten-
tion module, and a regression module. The feature ex-
traction module adopts an improved VGG-16 network
for abundant facial features, and the frame-level atten-
tion module makes the proposed model focus on key
frames and capture the hierarchical structure of the vid-
eo sequence at low computational cost. The experiments
on CK + and AFEW show that the proposed method can
automatically capture the importance of frames, and
the experimental results show that ECNN-FSA method
outperforms other CNN based methods on AFEW data-
base and obtains state-of-the-art results on CK + data-
base.
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