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Abstract. Recently, deep convolutional neural networks (CNNs) have exhibited sig-
nificant effectiveness in facial expression recognition (FER). Among the popular facial
expression recognition methods, the deep CNNs-based models demonstrate the state-of-
the-art performance. Due to the difficulty of the fact that different subjects often display
the same expression with diverse intensities and visual appearances, FER is still a chal-
lenging problem. In order to solve this issue, we propose a multi-branch adaptive squeeze
and excitation residual network (MBA-SE-ResNet) in this paper. The proposed MBA-
SE-ResNet is mainly based on the adaptive squeeze and excitation residual block, which
adaptively recalibrates channel-wise feature responses by explicitly modeling interdepen-
dencies between channels. These blocks can be stacked together to generalize extremely
effectively across different datasets. Re-scaling the value of each channel in this struc-
ture will be determined by the residual and the novel adaptive identity mappings jointly,
which is firstly proposed in this paper. This design can enable us to expand the meaning of
channel relationship modeling in residual blocks and model the channel-wise relations with
convolution in spatial domain. Moreover, in order to achieve superior recognition per-
formance, a novel loss function is firstly proposed to supervise the network training. The
experimental results demonstrate the proposed network brings significant improvements
in performance to other state-of-the-art methods on six databases: CK+, Oulu-CASIA,
BU-3DFE, BP4D+, JAFFE and MMI.
Keywords: Deep convolutional neural networks, Adaptive squeeze and excitation resid-
ual network, Facial expression recognition

1. Introduction. Facial expression is one of the most natural and universal signals for
human beings to convey their emotional states and intentions [1,2,61]. Due to the practi-
cal importance in medical treatment, sociable robotics, and many other human-computer
interaction systems, the automatic facial expression analysis has been conducted innumer-
ous studies. And various facial expression recognition methods and systems [60,64] have
been proposed in the field of computer vision and machine learning. In these works, they
usually defined six basic emotions, which contain anger, disgust, fear, surprise, sadness,
and happiness.

According to the feature representations, the existing facial expression recognition al-
gorithms can be roughly divided into main categories: static image FER and dynamic
sequence FER. For the static-based methods [3-5], the feature representation is encoded
with only spatial information from the current single image. However, for the dynamic-
based methods [6-8], they also need to consider the temporal relation among contiguous
frames in facial expression sequence. In practical application, based on these two kinds
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methods, other modalities have also been used in multimodal systems [9] to assist the
facial expression recognition, such as the physiological and audio channels.
In most traditional methods, they used handcrafted features or shallow learning for

facial expression recognition, such as the histograms of oriented gradients (HOG) [10],
histograms of local binary patterns (LBP) [3], scale invariant feature transform (SIFT)
[11], LBP on three orthogonal planes (LBP-TOP) [6], histograms of local phase quanti-
zation (LPQ), sparse learning [12], and nonnegative matrix factorization (NMF) [13]. In
addition, there are also some other spatiotemporal approaches, such as interval tempo-
ral Bayesian network (ITBN) [14], spatiotemporal covariance descriptors (Conv3D) [15],
temporal modeling of shapes (TMS) [16], and expression lets on spatiotemporal mani-
fold (STM-ExpLet) [17]. Due to the sparse feature representations, the performance of
these methods should be improved. Since the emotion recognition competitions, like the
Emotion Recognition in the Wild (EmotiW) [18-20] and the FER2013 [21], have been
held successfully, sufficient training data have been collected from challenging real-world
scenarios.
Recently, the methods that are based on the deep convolutional neural network have

been proposed and used for facial expression recognition. Although these works have
shown great success and superior performance in facial expression recognition tasks, there
are still some important limitations. For example, the most approaches ignore the intrinsic
correlations between each pair of samples and just consider each sample independently
during learning, which limits the discriminative capabilities of the learned models. In
addition, a deep neural network that has many parameters can easily fall into overfitting
with a small amount of data in training. And the overfitting problem will become more
crucial when the training data is high dimensional. Even when regularization techniques
such as dropout [27] and batch normalization [28] are used for network training, the results
are not satisfactory.
Moreover, despite significant recent progress, FER is still a challenging problem with

many difficulties. For example, the different subjects often display the same expression
with diverse intensities and visual appearances. For example, an expression will first
appear in a subtle form and then grow into a strong display of the underlying feelings
in a video stream. Second, the peak and non-peak expressions from the same people
can have significant variation in terms of attributes, such as facial wrinkles and mouth
corner radian. And the non-peak expressions are more commonly displayed than peak
expressions. Obviously, the critical and subtle expression details from non-peak expression
images will be difficult to be captured in this way, which can be hard to distinguish across
expressions.
Motivated by this observation, in order to solve the problem, we propose a deep adaptive

squeeze and excitation residual module (Adap-SE-ResM) for facial expression recognition
in this paper. The proposed Adap-SE-ResM is a simple yet effective attention module for
feed-forward convolutional neural networks, which can adaptively infer attention maps
along channel dimensions with a given intermediate feature map. Then the attention
maps are multiplied to the input feature map for adaptive feature refinement. In addi-
tion, the original input of the residual module is also selected by the adaptive attention
in channel dimensions, which is completely different from the original residual network
(ResNet) that was proposed by He et al. [29]. Since the proposed model is a lightweight
and general module, it can be integrated into any CNN architectures seamlessly with
negligible overheads and is end-to-end trainable along with base CNNs. In this way, the
proposed Adap-SE-ResNet can effectively avoid overfitting and improve the recognition
performance, especially for the different subjects that display the same expression with
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diverse intensities and visual appearances. Furthermore, in order to achieve superior per-
formance, a novel and efficient loss function is proposed and used for network training
in this paper. The experimental results show that the proposed method achieves better
performance than any other state-of-the-art approaches.

For the structure of this work, we will make the following arrangements. In the second
part, we will introduce the related works about the deep convolutional neural networks
and face expression recognition. And the proposed novel algorithm and loss function
will be discussed and analyzed in the following part. In the part four, we will show the
experimental results, and analyze the effectiveness of the proposed work. Lastly, we will
summarize this work and look forward to the feature works.

2. Related Work. Since the deep convolutional neural networks have achieved the state-
of-the-art recognition accuracy and exceed previous results by a large margin, the methods
based on the deep CNNs for facial expression recognition have attracted wide attention,
and various researches have been carried out. For example, Mollahosseini et al. [23]
proposed a weighted mixture deep neural network (WMDNN) to automatically extract
features that are effective for FER task. Kuo et al. [50] proposed a compact frame-based
facial expression recognition framework for facial expression recognition which achieves
very competitive performance with respect to state-of-the-art methods while using less
parameters. Yang et al. [49] proposed a deexpression residue learning (DeRL) method to
recognize facial expressive by extracting information of the expressive component. Yu and
Zhang [22] proposed an ensemble of multiple deep CNNs for facial expression recognition.
Mollahosseini et al. [5] used three inception structures [24] in convolution to achieve the
recognition of facial expression. Georgescu et al. [62] used handcrafted features for facial
expression recognition. Mollahosseini et al. [63] proposed a dataset for facial expression,
valence, and arousal computing in the wild.

Due to the fact that the expression instances of different intensities of the same subject
are treated independently, the correlations between peak and non-peak expressions are
overlooked during learning. In contrast, Zhao et al. [8] used a novel peak-piloted deep
network (PPDN) architecture to embed the natural evolution of expressions from nonpeak
to peak expression in the learning process, so as to facilitate image-based FER. Besides the
convolutional neural networks, the generative adversarial network (GAN) [25] is another
active network for facial expression recognition, which has shown excellent performance in
FER. For example, Zhou and Shi [26] used cGANs to synthesize facial expression images
from the neutral face.

Besides the works introduced above, there are other two important works that are
related to our paper. The two works are residual network and softmax loss function. In
the following part, we will describe these two works in detail.

2.1. Residual network. The VGGNets [30] and inception models [31] showed that in-
creasing the depth of a network could significantly increase the quality of representations
that it was capable of learning. By regulating the distribution of the inputs to each layer,
batch normalization (BN) [28] can add stability to the learning process in deep networks
and produce smoother optimization surfaces [32]. Based on these works, residual network
demonstrated that it was possible to learn considerably deeper and stronger networks
through the use of identity-based skip connections [33]. Not only can eliminate the degra-
dation during the SGD optimization process when training, this design also enables the
data to flow across layers. In this way, the residual network can be used to counteract the
internal co-variate shift and train deeper convolutional neural network efficiently. Com-
pared with the single deep convolutional neural network, ResNet can avoid the overfitting
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and achieve superior performance. Thus far, the residual network has been widely used in
deep network to deal with the computer vision problem from low-level to high-level tasks,
such as image classification and detection. After that, many state-of-the-art algorithms
based on ResNet are proposed and achieve excellent performance in facial-related recog-
nition tasks. Owing to the efficient residual connection, these residual-based methods
become increasingly better and unceasingly refresh the recognition accuracy records.

2.2. Softmax loss function. As we all know, the sotfmax loss function, which is com-
bined by the softmax and cross-entropy loss, is often used to solve the classification tasks
in the deep convolutional neural network. Here, we revisit the softmax loss by looking into
the decision criteria of softmax loss. In the binary-class case, the posterior probabilities
obtained by the softmax loss can be defined as:
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exp
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)

exp
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+ exp
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where x is described as the learned feature vector. W T
i and bi are the weights and bias of

the last fully connected layer corresponding to class i, respectively. p1 and p2 represent
the class predicted probability. If p1 > p2, the predicted label will be assigned to class 1.
In constant, the predicted label will be assigned to class 2. Obviously, the W T

1 · x + b1
and W T

2 · x+ b2 will determine the classification result by comparing p1 and p2. And the
decision boundary can be defined as:

(W1 −W2) · x+ b1 − b2 = 0 (3)

According to the product algorithm of vector dot, the W T
i · x+ bi can be rewritten as

∥

∥W T
i

∥

∥ ‖x‖ cos(θi) + bi, where θi is the angle between Wi and x.
The original softmax loss function is very elegant, concise, and widely used in classifica-

tion problem. Although it can optimize the distance between classes effectively, it is still
weak to optimize the distance within classes. So, it is necessary to develop an effective
loss function to improve the discriminative power of the deeply learned features. Intu-
itively, minimizing the intra-class variations while keeping the feature of different classes
separable is the key. To address this problem, Wen et al. [34] propose a new supervision
signal, called center loss, for face recognition task. In this work, they learn a center for
deep features of each class and penalizes the distance between the deep features and their
corresponding class centers, which are very essential for recognition task.

3. Proposed Work. In this section, we will introduce the proposed method in detail. In
the first part, the architecture of the proposed adaptive squeeze and excitation residual
module. And the proposed novel loss function will be discussed and analyzed in the
following part.

3.1. Adaptive squeeze and excitation residual module. In recent years, attention
mechanisms have been widely used in deep CNNs model and demonstrated their utili-
ty across many tasks including sequence learning [35], localization and understanding in
images [36], lip reading [37], and image captioning [38]. In these applications, attention
is incorporated as an operator following one or more layers representing higher-level ab-
stractions for adaptation between modalities. Thus, the attention can be interpreted as a
means of biasing the allocation of available computational resources towards the most in-
formative components of a signal. In some works, they provide interesting studies into the
combined use of spatial and channel attention [39]. However, this design will increase the
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weight parameters largely. By contrast, our proposed Adap-SE-ResM comprises a light-
weight gating mechanism which focuses on enhancing the representational power of the
network by modelling channel-wise relationships in a computationally efficient manner.

As shown in Figure 1, the adaptive squeeze and excitation residual module is a compu-
tational unit which is composed of two convolutional layers, some fully-connected (FC)
layers, global average pooling, and adaptive shortcuts. For the Adap-SE-ResM, there are
two special designs, the squeeze and excitation (SE) part and the adaptive residual (Adap-
Res) part. In the SE part, we firstly consider the issue of exploiting channel dependencies
and use global average pooling (GAP) to generate channel-wise statistics and squeeze glob-
al spatial information into a channel descriptor. Given an input x ∈ RC×H×W , we first
use two convolutional layers to extract features and output feature maps u ∈ RC×H×W ,
which can be described as:

u = Fconv(x, w) (4)

where the Fconv represents the function of the two convolutional layers, and w is the
weights. The output feature maps u can be interpreted as a collection of local descriptors
whose statistics are expressive for the whole image. Then we use the simplest aggregation
technique, global average pooling, to generate a statistic u1 ∈ RC from the feature maps
u in the SE part, and the cth element of u1 is calculated as:

u1 = Fsq(u) =
1

H ×W

H
∑

i=1

W
∑

j=1

u(i, j) (5)

Here, H and W are described as the size of the feature maps u. Fsq is the transform of
the global average pooling.

Figure 1. The architecture of the proposed adaptive squeeze and excita-
tion residual module (Adap-SE-ResM)

After the transform of global average pooling, we use two fully-connected layers to op-
erate on the statistic u1 in the second excitation step Fex1

. The excitation operator maps
the u1 to a set of channel weights, which can be regarded as a self-attention function on
channel whose relationships are not confined to the local receptive field the convolutional
filters are responsive to. To limit model complexity and aid generalization, we parameter-
ize the gating mechanism in the two FC layers. The dimension of the first FC layer only
counts 1/r of the second FC layer. Meanwhile, a rectified linear unit (ReLU) is followed



740 X. WANG, X. HAO AND K. WANG

after the first FC layer. To make use of the information aggregated in the squeeze op-
eration, we use a sigmoid activation in the second FC layer, which aims to fully capture
channel-wise dependencies. And the output of the excitation step u2 can be described as:

u2 = Fex1
(u1) = δ(f2(σ(f1(u1)))) (6)

where f1 and f2 represent the functions of the two FC layers in the SE part. σ is the
ReLU function, and δ is described as the sigmoid activation. Then the output of the SE
part u′ is given by

u′ = u2 ∗ u (7)

In the Adap-Res part, we also use a self-attention function on channel to connect the
original input, which is completely different from the residual network. Then the output
of the Adap-Res part x′ can be calculated as:

x′ = x ∗ x2 (8)

Here, x2 is the channel weight that outputs from the excitation step Fex2
, which is

defined as:
x2 = Fex2

(x1) = δ(g2(σ(g1(x1)))) (9)

where g1 and g2 are described as the FC functions. x1 is the output from the Fsq(x) which
operates the global average pooling on the original input x. Then the final output of the
adaptive squeeze and excitation residual module y is given by

y = u′ + x′ (10)

3.2. Model architecture. In this section, the proposed multi-branch adaptive squeeze
and exacitation residual network will be introduced, as shown in Figure 2. The proposed
MBA-SE-ResNet is composed of convolutional layers, adaptive squeeze and excitation
residual modules, and FC layer. For the proposed network, the kernels of the convolutional
layer are set as 3× 3, which allow more detailed texture information and hidden states to
be passed.

Figure 2. The architecture of the proposed multi-branch adaptive squeeze
and excitation residual network (MBA-SE-ResNet)
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In order to deliver more information to complete the facial recognition, we use the skip
connection to send the input directly to multi-branch. As shown in Figure 2, the first
convolutional layer is used to extract the feature maps from the facial expression image.
And the extracted feature maps will be sent to the adaptive squeeze and excitation residual
module to achieve the further feature extraction. For each branch, they first complete
the study of the input feature maps and then send the learned feature maps to next
branch. Meanwhile, each branch also sends the learned feature maps to the together
output. Lastly, the concated feature maps from each branch will send the convolutional
layer and FC layer to complete the recognition.

Different from the existing algorithm networks, the proposed MBA-SE-ResNet can
extract features from different levels by using multi-branch structure, which is more con-
ducive for facial expression recognition. Moreover, the proposed Adap-SE-ResM that
is adopted in the MBA-SE-ResNet can adaptively infer attention maps along channel
dimensions with a given intermediate feature map, which can effectively enhance the pro-
cess of feature extraction and feature fusion. Due to these novel proposed methods, our
algorithm network can achieve superior performance in face expression recognition.

3.3. Loss function. As described in Section 2.2, in binary-class case, the decision bound-
ary can be written as (W1 −W2) · x+ b1 − b2 = 0. Then the W T

i · x+ bi can be rewritten
as
∥

∥W T
i

∥

∥ ‖x‖ cos(θi) + bi, where θi is the angle between Wi and x. Noticed that if we
normalize the weights and zero the biases (‖Wi‖ = 1, bi = 0), the posterior probabilities
can be described as p1 = ‖x‖ cos(θ1), p2 = ‖x‖ cos(θ2). Since p1 and p2 share the same
input x, the final classification result will only depend on the angles θ1 and θ2. Meanwhile,
the decision boundary also can be rewritten as cos θ1 − cos θ2 = 0. Then the modified
softmax loss is given by

LM − soft max =
1

N

∑

i

− log

(

e‖xi‖ cos(θyi ,i)
∑

j e
‖xi‖ cos(θj ,i)

)

(11)

Although the features can learn with the angular boundary with the modified soft-
max loss, these features are still not necessarily discriminative. In order to enhance the
discrimination power, it is necessary to incorporate angular margin to learned features
when using angles as the distance metric. Thus, Lucey et al. [40] proposed an angular
margin softmax (A-Softmax) loss to manipulate decision boundaries to produce angular
margin. In their works, they use mθ1 to replace the angle θ1 in order to correctly classify
x. Since we require a lower bound of cos θ1 to be larger than cos θ2, it is essentially mak-
ing the decision more stringent than previous. And the decision boundary for class 1 is
cos(mθ1) = cos θ2. Similarly, if we want to correctly classify features from class 2, we need
to require cos(mθ2) = cos θ1. And the decision boundary for class 2 is cos(mθ2) = cos θ1.
Thus, we need to require θ1 < θ2

m
to correctly classify features from identity 1, while

correctly classifying from identity 2 requires θ2 < θ1
m
. Obviously, both of them are more

difficult than original θ1 < θ2 and θ2 < θ1, respectively. If all training samples are cor-
rectly classified, the decision boundaries will produce an angular margin of m−1

m+1
θ12, where

the θ12 represents the angle between W1 and W2. By adopting different decision boundary
for different class, the A-Softmax loss can produce angular margin, which will be more
beneficial to distinguish categories.

In order to separate features from different classes by maximizing the posterior probabil-
ities, we propose a novel way to enlarge the angular margin. Firstly, since the recognition
score of a test pair is usually calculated according to the cosine similarity between the
two feature vectors in the testing stage, the norm of feature vector x is not contributing
to the scoring function. Thus, we fix the ‖x‖ = s in the training stage. Considering
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features learned by this modification are not sufficiently discriminative, we propose the
exponential cosine margin to the classification boundary, which is naturally incorporated
into the cosine formulation of Softmax.
To develop a large margin classifier, we further require ecos θ1−m > cos θ2 and ecos θ2−m >

cos θ1, where m ≥ 0 is a fixed parameter introduced to control the magnitude of the
cosine margin. Since ecos θ1−m is bigger than cos θi, the constraint is more stringent for
classification. Therefore, the altered loss reinforces the discrimination of learned features
by encouraging an extra margin in the cosine space. Although the above analysis is built
on binary-class case, it is trivial to generalize the analysis to multi-class case. Finally, the
proposed loss function can be defined as:

L =
1

N

∑

i

− log





es·e
cos(θyi ,i)−m

es·e
cos(θyi ,i)−m

+
∑

j 6=yi
es·e

cos(θj ,i)



 (12)

where N is the number of training samples. yi is the ground-truth corresponding to the
ith feature vector xi. θj is the angle between Wj and xi. As shown in Formula (12), we use
the ecos θ1−m to develop a larger margin, which can increase the classification distance in
the cosine space. In this way, the proposed loss function can achieve better classification
results for different data distribution. Moreover, since we only need to subtract a constant
from the cosine space, this proposed function loss is flexible and efficient in practical
application.

4. Experimental Results. We discuss the experiments in this section. Firstly, we will
introduce the construction of the training datasets. Then the training details and pa-
rameters will be explored in the following part. Lastly, the experiment performance
comparisons between the proposed method and other state-of-the-art algorithms will be
described.

4.1. Datasets. In order to evaluate the proposed method, we conduct extensive experi-
ments on two public facial expression databases: CK+ [40], and Oulu-CASIA [41]. These
two datasets have been widely used for evaluating facial expression recognition in other
works. The CK+ is a dataset which has the labeled emotion number for the frame of
sequences from neutral to peak states. A total of 123 subjects participated and 593 image
sequences were included, with 327 of them being labeled with seven universal emotions
(anger, contempt, disgust, fear, happiness, sadness, and surprise). Figure 3 shows CK+
dataset examples of frontal facial image. Moreover, to further demonstrate the proposed
algorithm generalizes to other recognition approaches, we also evaluate the experiment
performance on facial expression recognition over other three popular databases, includ-
ing: JAFFE [55], MMI [42], BU-3DFE [43], and spontaneous expression database BP4D+
[44]. The JAFFE is a dataset consisting of gray scale frontal facial expression images of
10 Japanese women. It contains a total of 213 images including seven facial expressions.
Figure 4 shows examples of the JAFFE dataset.

4.2. Training details and parameters. In experiments, we use five landmark points
to align the face region. Considering the databases do not provide the landmarks, the
TSM [45] is used for face detection and landmark localization. After that, the aligned
face region is cropped and resized to the size of 70 × 70. Meanwhile, in order to avoid
over-fitting, a data augmentation method is used to generate more training data. The
data augmentation method that is used in this paper includes random crop, mirror, color
jitter, noise, rotate, and translation. In addition, the kernel size of the filters that are used
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Figure 3. The examples of facial expression from CK+ dataset

Figure 4. The examples of facial expression from JAFFE dataset

in the proposed architecture is set as 3×3, which allows more detailed texture information
and hidden states to be passed.

For the gradient descent optimization algorithms, we use the ADAM [46] technique in
training, which computes a decayed moving average of the gradient and squared gradient
at each time step. And the parameter β is set to about 0.9. In addition, the mini-batch is
set to 16. The learning rate is initialized as 10−4 and halved at every 2× 105 mini-batch
updates. And all experiments are performed under Ubuntu14 and Tensorflow running on
a computer with a NVIDIA GTX1080 GPU.

4.3. Comparisons with state-of-the-art methods. We provide the qualitative and
quantitative comparisons between the proposed method and other state-of-the-art ap-
proaches in this part. In order to examine the performance of the proposed method fairly,
the results and the average accuracy on recognizing six expressions that are provided in
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this section are reported as the average of the 10 runs. In Table 1, we illustrate the
facial expression recognition experiment performance among HOG 3D [47], DTAGN [48],
DeRL [49], LBP-TOP, STM-Explet, DCN [58], Kuo et al. [50], Liu et al. [59], and the
proposed model Adap-SE-ResNet on the CK+, Oulu-CASIA and MMI databases in terms
of average accuracy. As shown in Table 1, the compared approaches include both tradi-
tional and deep learning-based. And some of the compared facial expression recognition
models are based on sequence-based, while others are image-based. In contrast to all
other works, the proposed model performs well on recognizing facial expressions on static
images achieving over 99% recognition rate, outperforming the compared state-of-the-art
approaches. Meanwhile, we show the confusion matrix of our proposed method on the
CK+ and Oulu-CASIA databases in Figure 5 and Figure 6, where fear and anger show
the lowest recognition rate with 97% and 86%, respectively.

Table 1. The average accuracy results from experiment evaluation for six
expressions classification on the CK+, Oulu-CASIA and MMI database

Methods Setting CK+ Oulu-CASIA MMI
LBP-TOP Sequence-based 88.99 68.13 59.51
HOG 3D Sequence-based 91.44 70.63 60.89

STM-Explet Sequence-based 94.19 74.59 75.12
DTAGN Sequence-based 97.25 81.46 70.24

CNN (baseline) Image-based 89.50 72.92 57
DeRL Image-based 97.30 88.0 72.23

DCN [58] Image-based 98.9 − −
Kuo et al. [50] Image-based − 91.70 −
Liu et al. [59] Image-based − − 78.50

MBA-SE-ResNet Image-based 99.12 91.96 78.72

Figure 5. (color online) The confusion matrix on CK+ database
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Figure 6. (color online) The confusion matrix on Oulu-CASIA database

To further validate our proposed approach, we have also conducted a cross-database
validation, as shown in Table 2 and Table 3. In Table 2, the proposed method is compared
with the state-of-the-art works on JAFFE datasets. Lopes et al. [51] suggested a repre-
sentative method that used a CNN in the FER. They learned data with shuffle training in
order to change the order so that the method could be learned with less data. The accu-
racy of the basic CNN algorithm using only the static feature was 84.48%. Liu et al. [52]
proposed a method to extract features by using LBP and HOG features with gamma
correction, which resulted in 90% accuracy. Goyani and Patel [53] used feature vectors by
constructing the Haar wavelet of multiple levels with the face, eyes, and mouth. Kim et
al. [54] proposed a hierarchical deep learning (HDL) method for FER. And the accuracy
was 91.27%. Finally, Hamester et al. [57] proposed a 2-channel convolutional neural net-
work for face expression recognition, which got the 95.80% accuracy. From Table 2, we
can see that our proposed module MBA-SE-ResNet achieves the best performance among
the state-of-the-art works, which resulted in 96.16%.

In Table 3, the average experiment results on BP4D+ and BU-3DFE databases are
reported. It can be seen from the comparison experiments, the proposed method can

Table 2. Comparisons between our method and the state-of-the-art FER
algorithms on the JAFFE dataset

Method Accuracy
CNN [51] 84.48

Salient feature [52] 90.00
Multi-level Haar wavelet [53] 90.56

Hierarchical deep learning method [54] 91.27
MCCNN [57] 95.80

MBA-SE-ResNet 96.16
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achieve superior results than other state-of-the-art approaches with the 2D texture images.
Compared with the DeRL, which is also an image-based and CNN-based model, our
proposed method shows around 2% improvement. In addition, we also show the confusion
matrix of our proposed method on the MMI and BU-3DFE databases in Figure 7 and
Figure 8, where we can see the happiness is easy to recognize. Meanwhile, the result of
the confusion matrix of the proposed algorithm is shown in Table 4. And the results are
similar to those of the CK+ dataset. Moreover, in order to prove that our proposed model
can achieve superior recognition results than SE-ResNet, we illustrate the experiment
performance between the proposed MBA-SE-ResNet and SENet in Table 5. As we can
see, for all test datasets, the performance of the proposed network is better than SE-
ResNet.

Table 3. The average accuracy results from experiment evaluation for six
expressions classification on the BU-3DFE and BP4D+ database

Method BU-3DFE BP4D+
CNN (baseline) 73.2 76.5

DeRL 84.17 74.41
MBA-SE-ResNet 86.26 78.39

Figure 7. (color online) The confusion matrix on MMI database

As we can see from Figure 9, the models converge after iteration to a certain algebra.
Taking the test set as an example, the following conclusions can be drawn from the analysis
of Figure 9 in our experiments. Firstly, as shown in Figure 9, the proposed method began
to converge after 20 generations of training, the hierarchical deep learning algorithm
began to converge after about 30 epochs, the convergence speed of the DeRL method
was relatively slow, and the convergence speed of the CNN algorithm was the slowest.
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Figure 8. (color online) The confusion matrix on BU-3DFE database

Table 4. The confusion matrix of the proposed method on the JAFFE
dataset (AN: Angry, DI: Disgust, FE: Fear, HA: Happy, SA: Sad, SU: Sur-
prise)

AN DI FE HA SA SU
AN 97.1 2.3 0.0 0.0 0.0 0.0
DI 3.6 93.9 1.0 0.0 0.0 0.0
FE 0.0 3.0 90.5 0.0 3.0 1.0
HA 0.0 0.0 0.0 99.5 0.0 0.0
SA 1.9 0.1 8.9 0.8 80.7 0.0
SU 0.0 0.0 2.6 1.6 0.0 93.9

Table 5. Comparisons between our method and SE-ResNet on five datasets

Method CK+ Oulu-CASIA MMI BU-3DFE BP4D+
SE-ResNet 98.30 90.52 77.16 87.66 76.99

Ours 99.12 91.96 78.72 88.26 78.39

Secondly, the proposed algorithm MBA-SE-ResNet can achieve higher recognition rate
than other three methods after iteration to a certain extent. Therefore, it can be seen
from Figure 9 that the proposed approach can improve the recognition rate and be used
for facial expression recognition in complex background to a certain extent.

In addition, we also analyze and discuss the effect of loss function on the performance
of the algorithm in this part. As shown in Table 6, we show the contrast experimental
results of original softmax and the proposed loss function. From this experiment results,
we can see that our algorithm can achieve better classification for facial expressions by
creasing the margin in the cosine space. For the five datasets that shown in the Table 6,
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Figure 9. Expression recognition rate of different methods in training

Table 6. Comparisons between the proposed loss function and softmax on
five datasets

Method CK+ Oulu-CASIA MMI BU-3DFE BP4D+
Softmax 95.27 87.52 73.69 84.13 74.78

The propsed loss function 99.12 91.96 78.72 88.26 78.39

the recognition accuracy of our proposed loss function can be improved by about 4% on
average.
In summary, the proposed method outperforms the other algorithms in terms of the

objective accuracy of the facial expression recognition. From the experimental results,
the proposed algorithm exhibits superior ability to classify the facial expression than the
other state-of-the-art models.

5. Conclusion. In this study, we propose a novel recognition method for facial expres-
sion based on the multi-branch adaptive squeeze and excitation residual network. The
proposed facial expression recognition model is mainly composed of the adaptive squeeze
and excitation residual modules which are firstly proposed in this paper. It is an archi-
tectural unit designed to improve the representational power of a network by enabling it
to perform dynamic channel-wise feature recalibration. Meanwhile, an adaptive attention
residual connection is proposed and used in the adaptive squeeze and excitation residual
modules, which can enable us to expand the meaning of channel relationship modeling in
residual blocks and model the channel-wise relations with convolution in spatial. In order
to achieve better classification for facial expression, we propose a novel and efficient loss
function in this study. The experimental results validate that the proposed loss function
can achieve high-quality recognition. Compared with the state-of-the-art facial expres-
sion approaches, the proposed algorithm achieves superior evaluation criteria on public
benchmark datasets. In the future, we would like to improve the proposed model and
expect a superior recognition performance.
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