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a b s t r a c t

Facial expression recognition has a wide range of applications in the real world. Although many
existing deep learning methods have achieved remarkable success, weak expression recognition remains
a challenging task because of the significant domain gap between a weak expression and its peak
expression counterpart. One idea to solve this problem is to find an effective way to bridge the
gap between the two domains by either transfer learning or cross-domain image synthesis. In this
paper, we propose a Group Generative Adversarial Network (GroupGAN) that recognizes weak facial
expression by magnifying the expressions to stronger or peak ones. Different from the traditional
GAN which typically has only one generator and one discriminator, the proposed GroupGAN has
one generator, one extractor and two discriminators. Similar to the ‘‘two-player game’’ analogy of
the traditional GAN, in our setting the generator along with feature extractor act as one group to
compete with the other group of the two distinct discriminators. Extensive experiments show that
the proposed GroupGAN significantly improves the performance of weak expression recognition, and
is able to magnify weak expressions, thus facilitating many expression-related vision tasks like sketch
recognition.

© 2022 Elsevier B.V. All rights reserved.
1. Introduction

Facial expression recognition [1–5], which aims to predict
acial expression labels like anger, disgust, fear, happiness, sad-
ess and surprise, has attracted considerable attention from the
omputer vision community. It has a wide range of applications in
ields such as human–computer interaction [6], face alignment [7]
nd medical diagnosis [8]. Traditional facial expression recogni-
ion methods primarily target at recognizing peak expressions
see Fig. 1(a) bottom row). While they achieved satisfactory per-
ormance on those peak expressions, most of them are unable
o work on cases where the expressions are weak or subtle, as
hown in Fig. 1(a) second row. Formally, weak expressions are
eferred to all the intermediate states between a neutral face
nd its peak expression. Judged by visual appearances, weak ex-
ressions are different from their peak counterparts, yet existing
acial expression recognition systems are often trained on peak
ata, thus unable to distinguish weak expressions satisfactorily.
oreover, since many weak expressions are subtle, even similar

∗ Corresponding author.
E-mail address: whluo.china@gmail.com (W. Luo).
ttps://doi.org/10.1016/j.knosys.2022.109304
950-7051/© 2022 Elsevier B.V. All rights reserved.
to neutral faces, directly re-train a learning system on weak data
will not lead to the desired recognition performance.

In this work, we propose a novel idea to tackle such a weak
expression recognition problem. Instead of focusing on learning
a better discriminative classifier, we consider a generative alter-
native. Specifically, we realize that, if one is able to transfer the
image of a weak facial expression to a peak one while preserving
the class label of the expression as well as the face identify, the
task of weak-expression recognition can be conducted in the peak
version, which is much easier to solve. We implement this idea by
adopting the Generative Adversarial Networks (GAN) framework.

The traditional GAN consists of a single Discriminator (D)
and a single Generator (G). One possible way of applying a tra-
ditional GAN for the task of transferring a weak-expression to
its peak expression counterpart is to feed the weak-expression
image to the generator G as a condition, and let G generate an
image, intending to pass the ‘‘real or fake’’ testing conducted
by D. Unfortunately, apart from this ‘‘real or fake’’ decision we
have no way to effectively enforce that the generated images
must be the realistic peak counterpart. Variants of GAN such as
Wasserstein GAN [9] and CycleGAN [10] did not solve this issue
neither. Recently, SinGAN [11] is proposed to manipulate images,
which inspires us to address the weak expression recognition
with multiple generators and discriminators.

https://doi.org/10.1016/j.knosys.2022.109304
http://www.elsevier.com/locate/knosys
http://www.elsevier.com/locate/knosys
http://crossmark.crossref.org/dialog/?doi=10.1016/j.knosys.2022.109304&domain=pdf
mailto:whluo.china@gmail.com
https://doi.org/10.1016/j.knosys.2022.109304
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Fig. 1. (a) Examples of neutral, weak, and peak facial expressions; (b) Motivation
f our model. The red and blue ellipses represent the features of weak and peak
xpressions, respectively. (b1) shows the features of latent space learned by
raditional CNN. Faces with the same expression label may be classified into two
ifferent expression classes. (b2) shows the features learned by our GroupGAN
odel. We require features learned from one expression class must be close in

eature space.

Specially, to address this problem, we realize that since there
re multiple properties to expect, and a single discriminator is
nable to perform multiple tasks, we therefore develop a Group-
AN which has multiple distinct discriminators–each of which
akes care of only one aspect of the desired properties. Together
hey solve the multi-task problem. Specifically, we have two goals
or two desired properties) to achieve: (1) the generated peak
xpression and the corresponding real peak expression must have
imilar feature embeddings; (2) the generated peak expression
ust share the same expression class label with the weak input.
In order to achieve the first goal, we introduce a second dis-

riminator to a GAN, denoted as D′, where D′ and D work together
s one group (or team) jointly to fulfill the task. We call this
cheme the ‘‘1 Versus 2’’ (1V2) scheme. Particularly, D aims to
istinguish real images from fake images like conventional GAN,
hile D′ distinguishes two domains with respect to expression
onditions (peak or weak). G attempts to improve image gener-
tion quality in order to fool D and D′. The network converges
hen both D and D′ are unable to tell between ‘‘real or fake’’
nd ‘‘peak or weak’’, respectively. Note however, our second goal
bove requires that the generator G is able to not only synthesize
realistically looking peak expression, but also can distinguish
ifferent expression class labels, otherwise it would not be able
o fulfill the second goal, i.e. retaining the class label. To this end,
e further introduce an ‘‘Extractor’’ (denoted as E) to be a buddy
f G. This new scheme is called ‘‘2 Versus 2’’ (2V2) GroupGAN. In
articular, it consists of one Extractor (E) and one Generator (G)
s one group, and two Discriminators (D and D′) as the competing
roup (i.e. the opponent player). E extracts expression features.
2

Intuitively, during training G attempts to generate more real-
stic peak facial expression images, which can fool both D (whose
ask is to tell apart ‘‘fake’’ or ‘‘real’’) and D′ (whose task is to
etermine ‘‘weak’’ or ‘‘peak’’), while at the same time the mission
f E is to extract more expressive CNN features such that to make
he life of D′ harder (i.e., make it more difficult for D′ to judge
hether the features come from peak expression, or a weak one).
concept illustration of the expected output of GroupGAN is

hown in Fig. 1(b). Traditional CNN may learn expression features
ith large intra-class variations (see b1), while features learned

rom one expression by our GroupGAN are all similar (see b2).
We conducted extensive experiments on three standard and

ommonly used datasets: CK+, Oulu-CASIA and LSEMSW, showing
hat the proposed GroupGAN model is able to learn power-
ul expression features and achieves superior performance than
raditional models. Moreover, intermediate outputs of our G net-
ork are realistic and meaningful ‘‘magnified’’ version of the

nput weak facial expression, which can be used for other novel
pplications. Last but not least, our new two-versus-two group-
AN architecture can be applicable in many other vision tasks
here multiple competing goals are expected simultaneously.
In summary, our main contribution is three-fold:

• We propose a GroupGAN framework which includes an ex-
tractor, a generator, and two different discriminators. It ex-
tends the competition between generator and discriminator
in traditional GAN to two groups.

• We simultaneously handle weak facial expression recogni-
tion and emotion exaggeration aiming to exaggerate weak
expression to a peak expression. In our proposed Group-
GAN, the conventional discriminator together with an ad-
ditional discriminator compete with the generator and ex-
tractor, synthesizing facial images that are of high quality
and preserve expression type.

• Experimental results demonstrate that our proposed
method outperforms the previous best methods in weak fa-
cial expression recognition on widely used facial expression
databases.

. Related work

.1. Deep facial expression recognition

Deep learning has been adopted to solve facial expression
ecognition task [12]. For example, a deformable part learning
omponent is incorporated into a 3D-CNN framework to capture
he expression information in [13]. Yu and Zhang [14] propose
method with multiple deep CNN models. Each of them is

nitialized randomly and pre-trained to learn expression features.
deeper CNN with inception structures is employed in [15] for

utomated facial expression recognition. Zhao et al. [16] present
peak-piloted deep network and a back-propagation procedure
alled peak gradient suppression for learning expression features.
u et al. [17] develop a multi-task learning method to jointly
etect facial landmark and address expression recognition. Some
wo-stream CNN models are proposed by [18] and [19] to recog-
ize facial expression via combining different kinds of features. To
olve the issue that the facial expressions are not aligned with the
re-defined semantic categories, Vemulapalli and Agarwala [20]
ropose to learn a so-called compact expression embedding (16-
imension) by annotating facial expression labels in a fashion
f a triplet. The derived compact embedding demonstrates its
ffectiveness in recognizing facial expressions. An end-to-end
ompositional Generative Adversarial Network (Comp-GAN) is
eveloped by Wang et al. in [21] to generate desired facial images
f specific expressions and poses as data augmentation. In spe-
ific, there are two components in CompGAN, one for changing



W. Niu, K. Zhang, D. Li et al. Knowledge-Based Systems 251 (2022) 109304

t
i
p
w
v
l
n
a
i
d
o
f
o
l
i
u
i
e
i
f
d
t
Z
w
a
i
c
m
l
d
d
P
l
a
z

2

a
e
c
p
r
i
c
f
r
w
a

s
t
p
D
‘
a
p
a
f
g
v

D

e
p

d
t
i
s
d

he pose and the other one for changing the expression. Identity
s maintained in the procedure of generation. The facial images
roduced by Comp-GAN benefit the following recognition task,
hich is verified by extensive experiments. In [22], both pose
ariation and identity bias are tackled by adversarial feature
earning. With features learned from an encoder, two discrimi-
ators classifying pose and subject respectively are trained in an
dversarial manner with the encoder. By doing so, this method
s robust to pose variation and subject bias. Pan et al. [23] ad-
ress a challenging problem, i.e. recognizing the expression of
ccluded facial image. The core idea is employing non-occluded
acial image as privileged information to guide the recognition
f occluded facial expression. The guidance is applied in both
abel space and feature space, and the guidance is carried out
n an adversarial manner. Similarly, in [24], thermal images are
sed to improve the facial expression recognition of visible facial
mages. The thermal images play as a supplementary role by
nhancing the visible features with adversarial learning and sim-
larity constraints. They also enhance the ability of the classifier
or the visible facial expression images. Experiments on public
ataset show this fusion is effective. Rather than paying attention
o facial expression recognition in the controlled environments,
hang et al. [25] focus on recognizing facial expression in the
ild. By modeling the problem as a domain adaptation problem,
Cycle-consistent adversarial Attention Transfer model (CycleAT)
s proposed to jointly generate and recognize facial images. Cycle-
onsistency and adversarial loss are enforced in the proposed
odel, which are proved effective by experiments. Chen et al. [26]

everage the topological information of the labels from related
istinct tasks like action unit recognition and facial landmark
etection for facial expression recognition. Wei et al. [27] and
otamias et al. [28] make use of web data and 3D information to
earn better emotion representation, respectively. Wang et al. [29]
nd Zhan et al. [30] study the problem of uncertainties and
ero-shot for facial expression recognition, respectively.

.2. Generative adversarial networks

GAN [31] has been successfully applied to face related vision
pplications. Many variants of GAN have been developed. Mirza
t al. [32] propose a conditional GAN model which includes a
onditional label to generator and discriminator to control the
rocess of generation. Arjovsky et al. [9] introduce a new algo-
ithm named Wasserstein GAN to improve the stability of learn-
ng and get rid of problems like mode collapse. Radford et al. [33]
ombine the traditional CNN and GAN model to propose a DCGAN
ramework. GAN is used for super-resolving digital images [34],
emoving motion blurs [35,36], image dehazing [37,38]. Mean-
hile, it is also widely applied in text to image translation [39,40]
nd video prediction [41,42].
Almost all of them follow the paradigm that one generator

ynthesizes fake images and one discriminator tries to predict
he reality of synthesized images. Recently, a SinGAN is pro-
osed to manipulate/generate images to address multiple tasks.
ifferent generators and discriminators are trained under the
‘coarse-to-fine’’ scheme to generate different results. SinGAN
chieves great success, which inspires us to recognize weak ex-
ression. In our task, in order to exaggerate facial expression
nd reduce the intra-class variations, we propose a new GAN
ramework called GroupGAN which includes one extractor, one
enerator and two discriminators, to recognize weak expression

ia magnifying them. o

3

3. GroupGAN

Our GroupGAN is designed based on traditional GAN. In this
section, we first present our basic 1V2 GroupGAN model for
enhancing emotion features. Then, our full 2V2 GroupGAN model
is introduced. Finally, we conduct an analysis of the GroupGAN. In
the following, we use lowercase letters to denote scalar or index,
capital letters to denote a function approximator or process, bold
letters for tensors.

3.1. Exaggeration features: 1V2

Traditional GAN consists of a generator G and a discriminator
. Given a facial image Xweak

∈ RW×H , we feed it into the gen-
erator as a condition. Through a stack of layers, the generator
outputs an image of peak expression Ypeak

∈ RW×H , denoted as
Y = G(X). To ensure that the content of the generated images
resembles realistic images, we use MSE loss to measure the
similarity between a pair of images, as defined:

LMSE
content =

Xpeak
− G(Xweak)

2
2 , (1)

where Xpeak is the real-world peak expression image, and G(Xweak)
corresponds to a synthesized image which is generated from
generator G. Moreover, the perceptual loss is also popularly used.
However, in our study, our experimental results show that both of
them achieve similar performance. Therefore, during the training
stage, we employ MSE loss function to help update the proposed
GroupGAN.

The discriminator D takes both real and fake images as input
and aims to separate them. The learning process is with an
adversarial loss defined as,

Ladversarial = log(1 − D(G(Xweak))) . (2)

The overall loss function for network training is a weighted
combination of the above terms:

L = Lcontent + λ · Ladversarial , (3)

where Lcontent can be Eq. (1), λ is a hyper-parameter to balance
the content and adversarial losses.

As discussed previously, a single D is unable to fulfill both
requirements. As a remedy, we introduce a second discriminator
D′, leading to our basic GroupGAN (1V2) framework.

Fig. 2 illustrates the difference between a conventional GAN
and our basic GroupGAN. The basic GroupGAN model has three
modules, G, D and D′. The main difference is that our basic Group-
GAN has an additional discriminator D′, which aims to determine
whether the features obtained are from peak expression or weak
expression. The new loss is defined as:

min
D

VD = ΦD(Xreal) + φD(Xfake) , (4)

min
D′

VD′ = ΦD′ (Xpeak) + φD′ (Xfake) , (5)

min
G

VG = ΦG(Xreal,Xfake) + αG · φD(Xfake)

+ βG · φD′ (Xfake) + γG · ΦC (Xfake) ,
(6)

where ΦD plus φD, ΦD′ plus φD′ , ΦG and ΦC represent the en-
rgy functions of D, D′, G and C . αG, βG and γG are the hyper-
arameters to balance different loss functions.
D aims to distinguish real images from fake ones. This is

one by minimizing ΦD(Xreal) and φD(Xfake). D′ is trained to dis-
inguish peak expression from weak ones, conditioning on the
nput images. G is trained to fulfill three requirements. Firstly, it
hould minimize the L2 distance between real and fake images,
efined by ΦG(Xreal,Xfake). Secondly, G competes with D and D′ in

rder to produce more realistic peak expression that minimizes
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Fig. 2. (a) is the conventional GAN framework for expression exaggeration. It
s composed of a generator and a discriminator. A real image Xweak is fed into
he generator and the output is a generated image Xpeak . D is a discriminator to
istinguish real and synthesized images. C is a facial expression classifier. (b) is
he basic GroupGAN (1V2) framework. The blue arrows show the forward-only
ata flow and the green arrows show the adversarial process between G and D

models. It is clear that there are three models competing in our basic GroupGAN,
while the conventional GAN has only two adversarial models.

φD(Xfake) and φ′

D(Xfake). Thirdly, the cross-entropy loss predicted
by a classifier C must be minimized. C is used to ensure the
stabilization of expression recognition, but does not participate
in the competing process. Details of these modules in our basic
GroupGAN framework are elaborated on in the sequel.
Discriminator D. The discriminate network is designed to distin-
guish whether the input images are real or not and constrain the
generated images to be similar to real face images. D is a binary
classifier which is trained with the loss as,

ΦD(Xreal) = − log(D(Xreal)) , (7)

φD(Xfake) = − log(1 − D(Xfake))

= − log(1 − D(G(Xweak))) ,
(8)

where log(1 − D(G(Xweak))) is the probability that the generated
image is a real image. The overall loss function for D is shown in
Eq. (4).
Discriminator D′. The second discriminator, D′, solves a two-class
classification problem and its loss function in Eq. (5) is,

ΦD′ (Xpeak) = − log(D′(Xpeak)) , (9)

φD′ (Xfake) = − log(1 − D′(Xfake))

= − log(1 − D′(G(Xweak))) ,
(10)

where log(1 − D′(G(Xweak))) is the probability that the generated
image is a peak expression.
Classifier C . To ensure the expression of synthesized images is
same to the input images, C learns expression features of the real
and fake images. C discriminates these expression by classifying
them using c different labels, and thus C can be regarded as a
solver of a c-class classification problem. The loss function of C is
defined using the cross-entropy loss.

ΦC (Xfake) = −

∑
P(Xfake) logQ (Xfake) , (11)

where Xfake corresponds to the generated image. P(Xfake) is the
true distribution of facial expression and Q (Xfake) is the predicted
distribution.
4

Generator G. Eq. (6) shows that the loss function of G consists
of four kinds of energy functions. Except φD, φ′

D and ΦC , which
have been introduced above, G is also trained by minimizing L2
distance between real and fake images, defined as ΦG as,

ΦG(Xreal,Xfake) =
Xreal − Xfake

2
2 . (12)

Two difficulties arise though. First, the generator has to main-
tain the correct label of expression during the generation process.
As a result it would have to take care of two tasks at the same
time: (1) generating realistic image to recognize and retain the
class label of the input expression. It is too much from a single
model to jointly recognize and retain labels and generate images;
(2) the generator has to compete with two discriminators. Spe-
cially, the generator needs not only fool the first discriminator
such that it cannot distinguish real or fake, but also fool the
second discriminator whose mission is to tell apart peak from
weak.

3.2. Separation learning: 2V2

To overcome the above difficulties, we introduce an additional
extractor E into the basic GroupGAN to help the generator com-
pete with the two discriminators. Conventional GAN generates
images by deconvolutional layers, and thus does not make use
of valuable expression information during generation. In order to
obtain the expression information, the extractor takes the facial
images as input and captures the semantic expression features.
Rather than concatenating the original facial images and the
expression vectors directly, in our GroupGAN, we employ an
encoder–decoder architecture as our generator and utilize the
middle-level features captured by the generator to incorporate
with the emotion vectors. Specifically, at the bottleneck of the
generator, the features learned by the generator are concatenated
with the emotion vector. As Fig. 3 shows, the blue and green
cubes represent features captured by encoder and the extractor
E, respectively. After combining the two kinds of features, the
decoder up-samples them to the size of input images. The loss
functions for D, D′ and G are the same as Eqs. (4), (5) and (6),
while the loss functions of E is defined as,

min
E

VE = ΦC (Xfake) + αE · φD(Xfake) + βE · φD′ (Xfake) , (13)

where αE , βE are hyper-parameters to balance different energy
functions. The energy functions of D and D′ are replaced by:

ΦD(Xreal) = − log(D(Xreal, Fexp)) , (14)

φD(Xfake) = − log(1 − D(Xfake))

= − log(1 − D(G(Xweak, Fexp))) ,
(15)

ΦD′ (Xpeak) = − log(D′(Xpeak, Fexp)) , (16)

φD′ (Xfake) = − log(1 − D(Xfake))

= − log(1 − D(G(Xweak, Fexp))) ,
(17)

Architecture. The generator G is an encoder–decoder structure.
The encoder has four layers and each convolutional layer of
encoder is followed by one residual block [43]. The sizes of filters
are 7, 5, 3 and 3, respectively. The decoder includes four deconvo-
lutional layers and two convolutional layers with filter size 3. Our
two discriminators are VGG-like structures which are constructed
by convolutional layers and fully connected layers. Facial images
are fed into the network while the captured expression informa-
tion is fed into the network as conditional information. With the
help of the two discriminators, the expression features can be
embedded into the generator and the extractor can extract more
powerful expression features. The architecture of the extractor is
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Fig. 3. The architecture of our GroupGAN framework (2V2). The framework consists of two groups. The first group has a generator and an extractor. The generator
ims to generate facial images with peak expression, while the extractor aims to extract expression feature information to aid the process of generation. The second
roup has two different discriminators. One discriminator is to distinguish the real and fake images, while the other discriminator is to distinguish the peak and
eak expression. The competing process between them can be explained as: the generator tries to synthesize facial images which can fool the two discriminators,
nd the extractor tries to extract expression features which make it difficult for the second discriminator (red) to distinguish whether the expression is peak or
eak.
h

s

imilar to classifier, but without the last fully-connected layer. In
he experiments, we will replace the extractor and the classifier
ith popular CNN-based models to evaluate our GroupGAN. The

terative training process is shown in Algorithm 1.

.3. Further analyses of GroupGAN

The goal of the generator in GroupGAN is to discover latent
ifferences between peak expression P and weak expression W ,
nd then transfer input images from W to P . The transformation
rocess can be described as

≈ π (w; e) , (18)

here w and p are the instances from W and P , respectively,
is the expression vector captured by the extractor, π is the

pproximator function that controls the transfer.
Perceptual loss can measure the distance between two kinds

f images in high-level semantic space. Models trying to learn the
ransformation of expression information via deep structures can
e represented as

(p) ≈ Ψ (π (w; e)) , (19)

here Ψ denotes the expression exaggerating process via deep
odule. Li et al. [44] shows that the transfer can be represented
s linear shifting. Therefore, the difference between two domains
an be formulated as

vperceptual = ∥Ψ (p) − Ψ (π (w; e)) ∥ , (20)

here ∆vperceptual is the discrepancy between peak and weak
xpression in high-level feature space. We will discuss the dis-
repancy in ‘‘Feature visualization’’ in the experiment section.
The content difference in pixel space can be formulated as,

vcontent = ∥p − π (w; e)∥ . (21)

o show what the GroupGAN focuses at, we can compute ∆vcontent
ith the form of a heat map as:

i,j =

∑
k

∆v2i,j,k , (22)

here i, j, k denote the width, height and channel indexes, re-
pectively. The heat map of shifting will be discussed in the
xperiment section.

. Experiments

.1. Databases

he CK+ Database. CK+ is an extended version of Cohn–Kanade
CK) [45]. It consists of 123 subjects with 593 video sequences,
5

Algorithm 1 The training procedure of GroupGAN
Initialize the parameters of G, E, D and D′ as θG, θE , θD and θD′ .
Define learning rates of different parts as ρG, ρE , ρD and ρD′ . Set the
yper-parameters of different energy functions as αG, βG, γG, αE and βE .

Pre-train E on peak expression sets.
Pre-train the encoder and decoder on facial images.
for # of iterations do

Update D:
Sample n real facial images Xreal as a batch from the training set.
Synthesize n fake facial images Xfake by G.
θD := θD + ρD∇θD

1
n

∑n
i=1 (logD(X

i
real) + log(1 − D(Xi

fake)))
Update D′:
Sample n peak expression images Xpeak as a batch from the training

et.
Synthesize n fake facial images Xfake by G.
θD′ := θD′ + ρD′∇θD′

1
n

∑n
i=1 (logD

′(Xpeak
i ) + log(1 − D′(Xi

fake)))
Update G:
Sample n real facial images Xreal as a batch from the training set.
Synthesize n fake facial images Xfake by G.
θG := θG − ρG∇θG

1
n

∑n
i=1(

Xi
real − Xi

fake

2
2
+ αG · log(1 − D(Xi

fake))
+ βG · log(1 − D′(Xi

fake)) + γG · P(Xi
fake) log(Q (Xi

fake)))
Update E:
Sample n real facial images Xreal as a batch from the training set.
Synthesize n fake facial images Xfake by G.
θE := θE −ρE∇θE

1
n

∑n
i=1(p(X

i
fake) log(q(X

i
fake))+αE · log(1−D(Xi

fake)+
βE · log(1 − D′(Xi

fake))
end for

which are labeled as seven types of emotion, including anger,
contempt, disgust, fear, happiness, sadness, and surprise. The
document of this database shows that their expression video
sequence begins from the neutral expression and ends with the
peak expression. Similar to [16], we denote the 6-th to 8-th
frames as ‘‘weak expressions’’ as they show non-peak expression
with very weak intensities. The last frame of each sequence is
regarded as the peak expression. We divide the sequences into 5
groups and employ a 5-fold validation protocol. In each time, four
groups are selected as training sequences and the rest one is for
testing.
The Oulu-CASIA Database. Oulu-CASIA includes 80 subjects of
23 to 58 years old with six expressions (anger, disgust, fear,
happiness, sadness and surprise), and these facial expressions
are captured under three different illumination conditions, in-
cluding normal, weak and dark. There are 80 subjects with six
expressions, thus 480 sequences in total under each illumina-
tion condition. All these video sequences represent expression
from neutral condition to peak condition. We evaluate our model
under the popular normal illumination condition. Similar to the
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K+ database, we also denote the 6-th to 8-th frames as ‘‘weak
expressions’’ based on the document of the Oulu-CASIA database.
A 5-fold validation protocol is employed.
The LSEMSW Database. Different from the above laboratory-
controlled databases, the LSEMSW database [17] is collected from
more than 200 movies and TV serials. It consists of 175,679 facial
images, which are cropped by MTCNN [46]. It is much more
challenging for two reasons. Firstly, it includes thirteen kinds of
subtle expression (happy, anxious, sad, scared, angry, hesitant,
indifferent, surprised, arrogant, thinking, helpless, suspicious, and
questioning), which is finer than CK+ and Oulu-CASIA datasets.
Secondly, all expressions are subtle or weak in the wild. This
dataset is divided into three sets for training (80%), validation
(10%) and testing (10%) [17]. This database does not include pairs
of peak and weak expression. To adapt to our method, we first
train a CNN model on training set and predict on the validation
set. Then we choose facial images which are easily predicted by
our pre-trained CNN model as face images of peak expression.

4.2. Implementation details

When training GroupGAN, we utilize the Gaussian distribution
with zero mean and a standard deviation of 0.01 to initialize
weights of the generator, extractor and discriminators. We up-
date all weights after learning a mini-batch of size 4 in each
iteration. To augment the training set, 128 × 128 patches are
cropped at random locations in resized images (144 × 144). We
also randomly flip frames (horizontally) in the training stage.
The generator is trained with a learning rate from 10−4 and we
decrease the learning rate to 10−5 when the training loss does
not decrease. The biases are initialized as 1. In all layers, the
momentum is set as 0.9 and the weight decay is set as 0.005.
Hyper-parameters for adversarial learning are set to 2 × 10−3.

4.3. Weak facial expression recognition

To show the performance of weak facial expression recogni-
tion and demonstrate the effectiveness of the proposed Group-
GAN model, we apply six popular BaseNet models, including
AlexNet [47], VGG11 [48], VGG13 [48], VGG16 [48], VGG19 [48],
ResNet18 [43], ResNet34 [43] and ResNet50 [43], into our frame-
work. All the BaseNets are representative methods for learn-
ing high-level representation to recognize images. The difference
from the original versions is that we reduce the neuron number
of full-connected layers from 4096 to 512 or 256. Based on these
BaseNets, we develop three competing frameworks, CNN, DCGAN,
roupGAN(1V2) and GroupGAN(2V2) to conduct ablation analyses.

• CNN is a popular network mentioned above. The input
of this model is weak expression facial images. The CNN
extracts features from the convolutional layers and fully-
connected layer. Finally, the representation will be input to
a c-class classifier to predict the expression label. The model
is trained based on the loss function in Eq. (11).

• DCGAN is a popular two-player network [49], which in-
cludes a generator and a discriminator. The input of this
model is weak expression facial images, and the output is
synthesized peak expression. Finally, the synthesized images
will be input to a classifier to predict the expression label.

• GroupGAN(1V2) is our proposed basic GroupGAN including
a generator and two discriminators. This version of Group-
GANmodel is updated based on the loss functions in Eqs. (4),
(5) and (6). The energy functions in these functions are in
Eqs. (7), (8), (9), (10), (11) and (12).
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Table 1
Performance comparison on the mix of CK+ and Oulu-CASIA databases in terms
of average classification accuracy (%) by the 5-fold cross-validation. The best
results are shown in bold, which also applies to the following tables.
BaseNet CNN DCGAN GroupGAN

(1v2)
GroupGAN
(2v2)

AlexNet 62.61 63.29 63.74 67.12
VGG11 64.64 65.77 66.22 68.02
VGG13 64.86 66.67 67.34 70.05
VGG16 63.74 64.86 65.55 68.69
VGG19 61.26 62.61 63.74 64.19
ResNet18 59.91 60.14 60.81 62.61
ResNet34 58.58 59.47 59.92 62.21
ResNet50 57.85 58.32 58.25 61.89

Table 2
Confusion matrix on the mix of CK+ and Oulu-CASIA databases in terms of
average classification accuracy (%) by the 5-fold cross-validation.

An Di Fe Ha Sa Su

An 71.4 10.1 8.6 2.7 5.4 1.8
Di 17.4 62.1 4.2 5.2 9.3 1.8
Fe 4.5 5.4 65.6 6.9 15.2 2.4
Ha 16.3 2.4 3.6 67.4 3.9 6.4
Sa 15.5 10.3 5.2 3.3 58.5 7.2
Su 4.2 8.2 2.4 12.6 3.3 69.3

• GroupGAN(2V2) is our proposed GroupGAN including a gen-
erator, an extractor and two discriminators. The loss func-
tions employed to train this model are Eqs. (4), (5), (6) and
(13). The energy functions in these functions are in Eqs. (11),
(12), (14), (15), (16) and (17).

he effectiveness of GroupGAN. To show the effect of GroupGAN,
we mix the training and testing sets of the CK+ and Oulu-CASIA
datasets together and compare the performance of the above
three different methods on them. Results are shown in Table 1.
we observe that, (1) GroupGAN(1V2) achieves higher accuracies
than CNN and DCGAN methods. This verifies the effectiveness
of the basic GroupGAN method by introducing an additional
discriminator D′. As shown in Fig. 2, the D′ along with D as a
group competes with generator to push the generative model
to synthesize images of less difference from real images with
peak expression. (2) The improvement of GroupGAN(2V2) from
GroupGAN(1V2) reveals the advantage of the additional extractor,
which learns to capture expression information as a conditional
vector to reduce the learning stress of the generator and guide
it to synthesize peak-emotion facial images. (3) In addition, we
can find that the model based on the VGG13 achieves the best
performance. The reason might be that the expression recognition
is not as challenging as the ImageNet competition. Therefore, we
can choose a moderately sized backbone like VGG13. Moreover,
as shown in Table 2, the confusion matrix of different types of
expression is represented. It is observed that, the expression of
angry, happy, and surprise is easier to be recognized. We suspect
that these three types of expression exhibit evident differences
from other ones when exaggerated.
Feature Visualization. We are also curious about what the
GroupGAN has learned, thus we analyze the feature maps by
this model. Fig. 4 shows the final 256-dimension feature maps of
the proposed GroupGAN model and traditional CNN model, re-
spectively. Feature differences are normalized to a range of 0∼1.
Locations will be lighted on if their values are larger than a fixed
threshold value. Thus fewer light-on positions correspond to the
more similar features of facial images. These examples show that
features of an identical expression learned by GroupGAN have
more commonly activated neurons than the features captured by
traditional CNN models.
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Fig. 4. The difference of the captured 256-dimension expression features between two facial images. The fewer light-on positions, the more similar their features
are. The bottom rows in the right correspond to features learned based on CNN model, while the top rows are features learned based on GroupGAN. We rearrange
the features as 8 × 32 for the sake of convenient illustration.
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Table 3
Performance comparison on the LSEMSW
database in terms of average classification
accuracy (%).
Method Accuracy

LPQ 10.86
LBP 10.53
EOH 13.47

AlexNet 26.77
VGG 28.07
ResNet18 33.47
RN+LAF+ADA [17] 36.72
SCN [29] 36.85

GroupGAN 37.17

Comparing with State-of-the-art Methods. We compare the
roposed method with the state-of-the-art methods in Table 3.
revious approaches for expression recognition use hand-crafted
eatures, like LPQ [50], LBP [51] and EOH [52]. EOH considers
oth spatial and texture information, while LBP and LPQ pri-
arily learn texture information. We find that EOH achieves
etter performance than the other two kinds of hand-crafted
eatures. However, all the three kinds of features achieve bad
erformance because weak expression recognition is a very chal-
enging problem. Recently, popular deep CNNs like AlexNet [47],
GGNet [48] and ResNet [43] are employed for emotion recog-
ition [53]. SCN [29] is a recent state-of-the-art method, which
s also employed in our comparison. As Table 3 shows that these
eep learning methods achieve better performance. The previous
est method is RN+LAF+ADA [17], which achieves the perfor-
ance based on a multi-task learning strategy and under the
elp of facial landmark information. For the LSEMSW database,
ur designed GroupGAN replaces pixel-wise loss with perceptual
oss which is calculated by extractor. Table 3 shows that Group-
AN achieves satisfactory performance which outperforms the
tate-of-the-art method.

.4. Expression magnification

Finally we study the intermediate results of our method to
how whether our GroupGAN can improve the performance of
eak expression recognition. Given a facial image with weak
xpression, the extractor learns their expression features and
he encoder of G encodes their attribution information. These
wo types of information are fused and fed into the decoder
f G to synthesize a facial image with peak expression. Some
xamples are shown in Fig. 5. The first column displays the
eutral faces. The third, and fifth columns are the generated
aces with magnified facial expression, and real peak expression,
espectively.

GroupGAN automatically learns most informative features for
xpression magnification. To visualize it, we plot heat maps (see
q. (22)) in Fig. 5. The second and fourth columns are heat maps
f the generated, and real peak expression images, respectively.
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Fig. 5. Results of emotion magnification for different types of expression. From
left to right, they are input facial images, synthesized facial expressions and their
heat maps, real peak expressions and their heat maps, respectively. Obviously,
it is easier to recognize the facial expression based on the synthesized results
than input.

It is evident that our model clearly captures the intuition that the
most expressive facial regions are mouth, nose, eyes or eyebrows,
i.e., consistent with human perception. Fig. 5 shows that our pro-
posed GroupGAN improves the performance based on enhancing
the facial expression and focuses on important facial organs.

4.5. Rethinking and discussion of GroupGAN

Other ways. To distinguish peak expression from weak ones,
the proposed GroupGAN trains another D′. We do not use the
likelihood of an expression classifier for the same purpose (for
example, the input images have peak expression if the likelihood
are high.) because the likelihood of a classifier for peak and
non-peak expression are both high in some easily recognizable
expression, such as happiness. However, it is easier for D′ to
distinguish.

Expression labels. The Fexp is extracted by our E, which in-
cludes expression information as we mentioned above. To guar-
antee that the extracted feature from E carries expression infor-
ation, we rely on a classifier via ΦC (Xfake) in Eq. (13). Table 1
hows the effectiveness.
The difference between D and D′. Apart from the difference

f learning goals, the training samples between them are also
ifferent. The positive samples for D are all real peak and fake
xpression, while the positive samples for D′ are only real peak

expression.

4.6. The GroupGAN for other tasks

For weak expression recognition, the proposed GroupGAN im-
prove the classification accuracy via transferring weak expres-
sion to their peak version. In fact, apart from weak expression
recognition, it can be also applied for other tasks. For exam-
ple, hand-drawn sketch recognition is a fundamental issue in
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Fig. 6. Results of sketch modification for different input. From left to right, they are input sketch images, synthesized sketch images and their ground-truth sketch
images, respectively. The GroupGAN can remove the unwanted parts and add the missing information.
computer vision. A complete sketch is easy to be recognized via
some well-designed CNN models [54–56]. However, it is diffi-
cult for them to recognize some incomplete or destroyed sketch
images which usually miss several important information. The
proposed GroupGAN can improve the accuracy of recognition
via transferring the incomplete or destroyed sketch to complete
and high-quality sketch images. To show the effectiveness of
the proposed GroupGAN, we choose 1000 sketch images from
the Sketchy Database [57], and synthesize destroyed versions
via adding slashes to them. In this way, we can obtain pairs
of perfect and destroyed sketch images. Finally, we train the
proposed GroupGAN on them and evaluate the trained model
on testing images. Fig. 6 shows the qualitative results of our
GroupGAN to restore input sketches. From the left to right are
the input sketch, the output of our GroupGAN and the ground-
truth sketches, respectively. It is obvious that our GroupGAN
can improve the quality of sketch images, which is beneficial to
recognize the destroyed sketch images.

5. Conclusion

In this paper, we have presented a Group Generative Adver-
arial Network framework for weak facial expression recognition
nd emotion enhancing. The framework includes one generator,
ne extractor and two discriminators. The generator collaborates
ith the extractor as a group to compete with the two discrim-

nators, which maximize their classification accuracy, whereas
he generator and extractor reduce accuracy of the discrimi-
ators by synthesizing images of high quality with peak-like
xpression. Experimental results demonstrate that our frame-
ork not only improves the performance of popular CNN models
ut also outperforms state-of-the-art methods on weak expres-
ion recognition. In addition, our GroupGAN can enhance emotion
ia transferring from weak to peak expression.
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