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Abstract—Cross-database micro-expression recognition (CDMER) is one of recently emerging and interesting problem in
micro-expression analysis. COMER is more challenging than the conventional micro-expression recognition (MER), because the
training and testing samples in CDMER come from different micro-expression databases, resulting in inconsistency of the feature
distributions between the training and testing sets. In this paper, we contribute to this topic from three aspects. First, we establish a
CDMER experimental evaluation protocol aiming to allow the researchers to conveniently work on this topic and evaluate their
proposed methods under the same standard. Second, we conduct benchmark experiments by using NINE state-of-the-art domain
adaptation (DA) methods and SIX popular spatiotemporal descriptors for investigating CDMER problem from two different
perspectives. Third, we propose a novel DA method called region selective transfer regression (RSTR) to deal with the CDMER task.
The overall superior performance of RSTR over the state-of-the-art DA methods demonstrates that taking into consideration the facial
local region information used in RSTR contributes to developing effective DA methods for dealing with CDMER problem.

Index Terms—Cross-database micro-expression recognition, micro-expression recognition, domain adaptation, transfer learning,

spatiotemporal descriptors.

1 INTRODUCTION

ICRO-EXPRESSION is one involuntary facial expres-
Msion whose duration is usually within 0.5 second
[1]. In 1966, Haggard and Isaacs [2] first discovered micro-
expressions during their research of ego mechanisms in
psychotherapy. Subsequently, Ekman et al. [1] found this
type of facial expressions again when they observed a
video of a psychotic patient and formally named them
micro-expressions. Different from ordinary facial expres-
sions, micro-expressions happen as a result of conscious
suppression or unconscious repression. They can be viewed
as a “leakage” often occurring on someone’s face when
that person tries to conceal a genuine emotion. In other
words, people without highly professional training can-
not hide micro-expressions and thus micro-expression can
usually expose people’s true emotions [3]. For this reason,
understanding micro-expressions has great values in lots
of practical applications, e.g., security [4], [5], human-robot
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interaction [6], [7], and clinical diagnosis [8]. An interrogator
who is good at recognizing micro-expressions is able to
spot the discrepancies between what he/she hear and what
he/she see from the criminal suspect.

Unfortunately, without proper training most people can-
not recognize micro-expressions in real time. In order to
lower this barrier, researchers from computer vision and
affective computing community have been focusing on au-
tomatic micro-expression recognition (MER) techniques and
proposed various methods [9], [10], [11], [12], [13], [14],
[15], [16], [17]. For example, Pfister et al. [9] adopted the
local binary pattern from three orthogonal planes (LBP-
TOP) [18] to describe micro-expressions and demonstrated
the effectiveness of spatiotemporal descriptors in MER.
Since then, lots of excellent spatiotemporal descriptors have
been designed for describing micro-expressions, e.g., LBP
with six intersection points (LBP-SIP) [10], facial dynam-
ics map (FDM) [15], and fuzzy histogram of optical flow
orientation (FHOFO) [16]. Besides the study of spatiotem-
poral descriptors, some important cues of micro-expression
samples have been explored for developing effective MER
methods. In the work of [11], Wang et al. investigated
whether the color information is beneficial for MER by
proposing a tensor independent color space (TICS) method
to decompose micro-expression samples into different color
channels. Inspired by the work of facial action coding sys-
tem (FACS)! [19], Wang et al. [11] and Liu et al. [12] respec-
tively designed a set of Region-of-Interests (ROIs) which
covers one or more micro-expression aware action unit (AU)

1. According to the definition of Ekman et al. [19], FACS contains lots
of AUs and action descriptors (ADs). With AUs and ADs, we are able
to code human beings’ basic emotions, e.g., happy and disgust.
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regions and leveraged these AU region information to deal
with MER problem. Recently, deep learning techniques are
also used for handling MER. For instance, Kim et al. [13]
made use of well-performing convolutional neural networks
(CNNSs) [20] and long short-term memory (LSTM) recurrent
neural networks [21] to design a straightforward feature
learning network for MER tasks.

Although the above MER methods have achieved
promising performance, it should be pointed out that the
above methods are still far from the requirements of a
high-quality MER system. One major reason is that existing
MER methods are mostly designed and evaluated without
the consideration of the complex scenarios encountered by
the MER system in practice. For example, the training and
testing micro-expression samples provided for MER system
may be recorded by different cameras (e.g., high-speed
camera v.s. near-infrared camera) or under different envi-
ronments (e.g., normal illumination v.s. weak illumination).
In this scenario, the performance of the above MER methods
may sharply drop due to the largely different feature dis-
tributions existing between the training and testing micro-
expression samples caused by the heterogeneous video
qualities. It thus brings us a new topic in micro-expression
analysis, i.e., cross-database micro-expression recognition
(CDMER), in which the training and testing samples come
from two different micro-expression databases collected by
different cameras or under different environments. CDMER
offers a good way to mimic the scenarios the MER system
would encounter in reality. Therefore, it is worthy to deeply
investigate this challenging topic.

Prior to the research of MER, the cross-database emo-
tion recognition problems have been extensively studied
in many other modalities such as speech emotion recog-
nition (SER) [22], [23], [24], [25], facial expression recogni-
tion (FER) [26], [27], [28], image emotion recognition [29],
[30], EEG emotion recognition [31], [32], [33] and sentiment
analysis [34]. However, there are several limitations exist-
ing in current cross-database emotion recognition research.
First, there is a lack of standard evaluation protocols in
cross-database emotion recognition like Office-10 and USPS-
MNIST in domain adaptation (DA) [35], [36], [37], [38],
[39]. Researchers often choose their preferred experiment
materials including emotion databases, emotion features,
classifiers, and evaluation metrics to set up their own ex-
perimental evaluation protocol, which can clearly be seen
from the above representative works, e.g., [22], [23], [24],
[25]. It thus raises the barriers of entry to this topic for
new researchers because it would cost a lot of time to
prepare evaluation protocol. Second, it can be found that
cross-database emotion recognition was purely viewed as a
DA task in most of the existing works. However, it should
be noted that cross-database emotion recognition including
CDMER is not a simple DA problem which aims at making
use of machine learning methods to alleviate the feature
distribution difference between the training and testing sets.
Designing robust (database-invariant) features used for de-
scribing emotions is also a feasible way to cope with cross-
database emotion recognition problem, which guide us to
make effort to address CDMER in a different direction.

Based on the above considerations, in this paper we
investigate the CDMER problem to break through the above
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two limitations widely existing in cross-database emotion
recognition research. To this end, we made three contribu-
tions as follows:

1) We build a CDMER experimental evaluation proto-
col and design a set of CDMER experiments based
on two public available micro-expression databases,
which can be served as a standard platform for
evaluating the CDMER methods from not only the
perspective of DA but also the micro-expression
features.

2) We use NINE representative DA methods and
SIX spatiotemporal descriptors used for describing
micro-expressions to conduct extensive benchmark
evaluation experiments under the designed protocol
and deeply discuss the experimental results.

3) To deal with CDMER problem, we also propose
a novel DA method called region selective trans-
fer regression (RSTR), which takes the facial local
region information of micro-expressions into full
consideration.

It should be pointed out that this work is the extended
version of our previous conference paper [40]. The major
motivation of this work is to attract and encourage more
researchers to join this challenging but interesting topic. For
this reason, all the data and codes involving CDMER in
this paper can be downloaded from our project website:
http://aip.seu.edu.cn/cdmer. We hope that our work can
help researchers to start CDMER research and conveniently
test the performance of their proposed DA or spatiotempo-
ral descriptors in dealing with CDEMR.

The rest of this paper is organized as follows: Section 2
describes the details of the CDMER benchmark including
the designed experimental evaluation protocol and the eval-
uated methods. Section 3 introduces the proposed RSTR.
The experimental results are reported and discussed in
Section 4. Finally, the paper is concluded in Section 5.

2 BENCHMARK DETAIL

As described previously, most existing cross-database emo-
tion recognition problems including CDMER are often
viewed as a DA task and solved by DA methods. In this
way, followed by feature extraction, DA technique is used
to relieve the feature distribution mismatch between the
source and target micro-expression samples. Then, we are
able to learn a classifier based on the labeled source micro-
expression database to predict the micro-expression cate-
gories of samples from target database. A picture is drawn
to illustrate the detailed process of using DA methods to
deal with the CDMER problem, which is shown following
the sequence of the orange dash arrow line in Fig. 1. It
should be pointed out that besides DA solution, designing
robust (database invariant) micro-expression features is also
an effective way to solve CDMER problem. By resorting
to well-designed robust micro-expression features, CDMER
can be actually solved as a typical pattern recognition task
which only needs two major steps including feature extrac-
tion and classifier learning. We draw its detail in what the
green dash arrow directs in Fig. 1. Following the ideas of
these two solutions for CDMER, we would like to design
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Fig. 1. An illustration of how to solve the CDMER problem from the per-
spectives of DA methods and micro-expression features, respectively.
The DA solution for CDMER problem is demonstrated as the direction
of orange dash line. What the green dash line directs shows the solution
from the micro-expression feature perspective. Micro-expression feature
solution targets at designing the robust features that are less sensitive
to the database variance for describing micro-expressions. In this case,
CDMER consists of two major steps, i.e., feature extraction and classifier
learning. Apart from feature extraction and classifier learning, the DA
solution has an additional step between the steps of feature extraction
and classifier learning, i.e., leveraging the DA techniques to narrow
the feature distribution gap between the source and target data in the
original feature space.

a CDMER evaluation protocol which can be served as a
standard platform used for evaluating both DA methods
and micro-expression features, respectively.

2.1 A Standard Evaluation Protocol for CDOMER

2.1.1 Data Preparation

Two publicly available spontaneous micro-expression
databases are adopted for building the benchmark eval-
uation experiments, i.e., CASME II [41] and SMIC [42].
CASME 1II was built by Yan et al. from Institute of Psy-
chology, Chinese Academy of Sciences. It consists of 257
micro-expression samples from 26 subjects. Among these
257 samples, the micro-expression label of one sample is not
provided. Each of the other 256 samples is assigned one of
seven micro-expression labels including Happy, Disgust,
Repression, Surprise, Sad, Fear, and Others. Different
from CASME I, Li et al. from University of Oulu, Finland
considered the image quality diversity of micro-expression
samples and hence employed three cameras, i.e.,, a high-
speed (HS) camera, a normal visual (VIS) camera, and a
near-infrared (NIR) camera, to collect three subsets to obtain
the SMIC (HS, VIS, and NIR) database. The HS subset has
164 samples belonging to 16 subjects and 71 samples of
eight subjects from these 16 subjects compose VIS and NIR
subsets. All the samples in SMIC are categorized into three
types of micro-expressions, i.e., Positive, Negative, and
Surprise. To make CASME II and SMIC have the same
micro-expression labeling, we select the samples of Happy,
Disgust, Surprise, Sad, and Fear from CASME II and
relabel them according to the labeling rule in SMIC, where
Happy samples are given the Positive labels, Disgust,
Sad, and Fear samples are relabeled with Negative micro-
expression, and the labels of Surprise sample keep un-
changed. The sample constitution with respect to consistent

TABLE 1

The Sample Constitutions of the selected CASME Il and SMIC
Databases with the Same Micro-Expression Labels for COMER.

Micro-Expression Database [ Positive [ Negative [ Surprise ]

Selected CASME I 32 73 25

SMIC (HS) 51 70 43

SMIC (VIS) 23 28 20

SMIC (NIR) 23 28 20
TABLE 2

The Detailed Information of Two Types of CDMER Tasks in the

Designed Evaluation Protocol.

[ TYPE [ CDMER Task [ Source Database Target Database

Exp.l: H —»V SMIC (HS) SMIC (VIS)
Ezxzp2:V - H SMIC (VIS) SMIC (HS)

TYPLI Exp3: H — N SMIC (HS) SMIC (NIR)
Exp4: N —- H SMIC (NIR) SMIC (HS)
Exzp5:V — N SMIC (VIS) SMIC (NIR)
Exp.6: N -V SMIC (NIR) SMIC (VIS)
Exzp.7:C — H Selected CASME 1T SMIC (HS)
Exp8: H— C SMIC (HS) Selected CASME I

TYPE-II Exzp9:C -V Selected CASME 1T SMIC (VIS)
Ezp.10:V —» C SMIC (VIS) Selected CASME II
Exp.11: C — N | Selected CASME II SMIC (NIR)
Exp.12: N - C SMIC (NIR) Selected CASME II

categories of the selected CASME II and SMIC databases is
shown in Table 1.

2.1.2 CDMER Tasks

Following our preliminary works of [43], [44], we design
two kinds of CDMER tasks based on the selected CASME II
and SMIC databases for our CDMER protocol. The first type
of tasks denoted by TYPE-I is the one between either two
datasets of SMIC (HS, VIS, and NIR). The second type of
tasks chooses the selected CASME II and one dataset of
SMIC (HS, VIS, and NIR) to serve as source and target
micro-expression databases, alternatively, which is denoted
by TYPE-II. This leads to totally 12 CDMER experiments,
where one CDMER task is denoted by Fxp.i : S — T,
where Exp.i is the number of this experiment and S and
T are the source and target micro-expression databases,
respectively. We summarize all the CDMER experiments in
the designed protocol in Table 2.

2.1.83 Performance Metrics

In our previous works of [43], [44], [45], weighted aver-
age recall (WAR) and unweighted average recall (UAR)
are employed to serve as the performance metrics, where
WAR is the normal recognition Accuracy while UAR is the
mean accuracy of each class divided by the number of the
classes without the consideration of sample number of each
class. The main reason of introducing UAR is due to the
class imbalanced problem which widely exists in CASME II
and SMIC databases. As shown in Table 1, the number of
Negative samples in the selected CASME 1I is 73, which is
significantly larger than the numbers of the remaining two
types of micro-expression samples (32 for Positive and 25
for Surprise).

Mean F'1-score is another recommended metric, which
has been widely used to avoid the bias in performance
measurement caused by the class imbalanced problem in
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MER literatures [17], [46], [47], [48], [49]. For this reason,
in our benchmark, we adopt the combination of mean F1-
score and Accuracy to serve as the metrics, where mean
F1-score is the main metric and recognition accuracy as the
secondary one. The mean F'l-score is calculated accord-
ing to mean Fl-score = 13¢ | %, where p; and 7;
mean the precision and recall of the i*" micro-expression,
respectively, and c is the number of micro-expressions. The
Accuracy is calculated by Accuracy = % x 100, where T'
and N are the number of correct predictions and the number
of target micro-expression samples.

2.1.4 Preprocessing and Feature Extraction

Before feature extraction, preprocessing operations, e.g., face
alignment and face cropping, are performed on the micro-
expression samples. For convenience, we directly adopted
the image sequence data preprocessed by the collectors of
CASME II and SMIC for the benchmark evaluation experi-
ments. Then, we employ the temporal interpolation model
(TIM) [50] to normalize the frame number of all the micro-
expression video clips to 16 and resize each frame image to
112x112, which allows us to extract spatiotemporal descrip-
tor with specific parameter settings for micro-expression
samples?. Furthermore, we compute the multi-scale spa-
tiotemporal descriptors using four types of spatial grids
(Ix1,2x2,4x4,8x8)shown in Fig. 2 to serve as the micro-
expression features. This is expected to extensively cover
micro-expression related facial local regions and increase
the discriminative power of the extracted spatiotemporal
descriptor [17]. As Fig. 2 shows, given a micro-expression
sample M, the spatiotemporal descriptor corresponding to
each facial block denoted by x; (i = 1,---,K), where
the facial block number K = 85, is first extracted one by
one and then compose the final micro-expression feature
vectors, which can be formulated as x = [x1, -+, Xx]7.

As described previously, we attempt to investigate CD-
MER problem from two different perspectives including do-
main adaptation (DA) and micro-expression feature extrac-
tion. By using effective DA methods and micro-expression
features, the large feature distribution difference between
the source and target micro-expression databases in CD-
MER would be relieved. Hence, in our benchmark, we will
respectively evaluate the performance of state-of-the-art DA
methods and spatiotemporal descriptors used for describing
micro-expressions in all the above 12 designed CDMER
experiments. Note that in the experiments of DA methods,
we suggest to employ a baseline spatiotemporal descriptor,
uniform LBP-TOP [18] with fixed parameters (neighboring
radius R and number of the neighboring points P for LBP
operator on three orthogonal planes are fixed at 3 and §,
respectively), as shown in Fig. 2 to serve as the micro-
expression feature vector x”. In the case of using various
features, we extract different x" corresponding to different
types of spatiotemporal descriptors used for describing
micro-expression and then conduct CDMER experiments.

2. For example, LBP-TOP with R = 3 requires at least SEVEN
frames for a given micro-expression video clip. However, some micro-
expression video clip has SIX or less frames, e.g., in VIS subset of SMIC.
Therefore, frame number normalization is a necessary preprocessing
step when we choose some spatiotemporal descriptors to describe
micro-expression.

l
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Fig. 2. Multi-Scale Grid Based Spatial Division Scheme for Micro-
Expression Feature Extraction Used in the Benchmark.

2.1.5 Classifier

To offer a fair comparison, the linear SVM is suggested for
serving as the classifier in our benchmark. Without specific
description, LibSVM [51] is used in the implementation of
SVM for both micro-expression features and DA evaluation
experiments.

2.2 Evaluated Methods
2.2.1 DA Methods

For the evaluation of methods for dealing with CDMER
from the perspective of DA, the following baseline and state-
of-the-art unsupervised DA methods are employed.

Baseline (SVM without DA) [51]: A support vector
machine (SVM) without any domain adaptation is served
as the baseline method. In the evaluation experiments, we
directly learn the linear SVM on the source micro-expression
database and then use it to predict the micro-expression
labels of samples from the target database.

IW-SVM [52]: Importance-weighted SVM (IW-SVM)
was proposed by Hassan et al. to deal with cross-database
speech emotion recognition tasks. In this method, a transfer
learning method, e.g., kernel mean matching (KMM) [53],
unconstrained least-squares importance fitting (uLSIF) [54],
and Kullback-Leibler importance estimation procedure [55],
is first used to learn a group of importance weights for
source samples and then these weights are incorporated
into the SVM classifier to eliminate the feature distribution
difference between the source and target samples.

TCA [56]: Transfer component analysis (TCA) was pro-
posed by Pan et al., which is to seek some transfer compo-
nents across domains in a reproducing kernel Hilbert space
(RKHS). By using these transfer components, a subspace can
be spanned in which the sample distributions from different
domains would be close to each other.

GFK [57]: Geodesic flow kernel (GFK) was proposed by
Gong et al. and has been a widely-used baseline comparison
method in DA research. GFK aims to bridge two domains
and narrow their gaps with a well-designed geodesic flow
kernel on a Grassmann manifold.
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SA [58]: Subspace alignment (SA) is another popular
unsupervised DA method and have been served as the
baseline comparison method in lots of DA literatures. The
target of SA method is to seek a mapping function which can
aligns the subspace the source samples lie in with respect to
the target ones.

STM [59], [60]: Selective transfer machine (STM) was
originally proposed to cope with personalized facial action
unit (AU) detection problem. STM makes use of an instance-
wise weighted SVM to model the relationship between the
training samples and its AU information and meanwhile
KMM to eliminate the difference between the AU samples
from testing subject and training subjects.

TKL [61]: Long et al. proposed a novel unsupervised
DA method called transfer kernel learning (TKL), which
aims to learn a domain invariant kernel for eliminating the
feature distribution mismatch between the source and target
domains.

TSRG [43]: TSRG is short for target sample re-generator
and was proposed to deal with CDMER problem. The aim
of TSRG is to learn a sample regenerator for the target
micro-expression samples and the feature distribution gap
between the source and target micro-expression databases
would be narrowed after the regeneration operation.

DRFS-T [44]: TSRG is further extended to a generalized
framework called domain regeneration (DR), which inherits
the basic idea of TSRG. DRFS-T is one new designed sample
regenerator under the DR framework and means domain
regeneration in the original feature space with unchanged
target samples and it shares the similar idea with TSRG.
Their only difference is that DRFS-T keeps the target sam-
ples unchanged and regenerates the source samples to have
the same or similar feature distributions of target samples,
while TSRG is opposite.

DRLS [44]: DRLS is another newly designed sample re-
generator based on the DR framework. Different from TSRG
and DRFS-T, the subspace used in performing regeneration
in DRLS is the label space spanned by the label information
provided in the source micro-expression database instead of
original feature space.

2.2.2 Micro-Expression Features

For exploring the performance of different existing micro-
expression features in coping with CDMER problem, we
collect following SIX representative handcrafted spatiotem-
poral descriptors and ONE deep spatiotemporal descriptor
to conduct the benchmark evaluation experiments:

LBP-TOP [18]: LBP-TOP is an spatiotemporal extension
of LBP by performing LBP coding on three orthogonal
planes. It is originally proposed to deal with dynamic tex-
ture recognition tasks and recently has been widely used for
describing micro-expressions [9], [11], [12], [17].

LBP-SIP [10]: LBP-SIP is short for LBP with six intersec-
tion points. Wang et al. designed it in order to reduce the re-
dundancy in LBP-TOP patterns and provide a more compact
and lightweight representation. Compared with LBP-TOP,
LBP-SIP uses six intersection points in the intersection lines
surrounding the center points for LBP coding and hence its
computational complexity is significantly reduced.

LPQ-TOP [62]: Following the manner of LBP-TOP, local
phase quantization (LPQ) [63], which quantifies the Fourier
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transform phase in local neighborhoods, is also extended to
the spatiotemporal version called LPQ from three orthogo-
nal planes (LPQ-TOP).

HOG-TOP [64]: Histograms of oriented gradients
(HOG) [65] is earliest proposed for human detection and
subsequently applied on lots of vision tasks. In the work
of [64], Li et al. extends HOG to a 3D version called HOG-
TOP, which borrows the basic idea of LBP-TOP.

HIGO-TOP [64]: Histogram of image gradient orienta-
tion (HIGO) was proposed in the work of Li et al. [64] by de-
generating HOG. Compared with HOG, HIGO simply uses
vote rather than weighted vote in counting the responses of
the histogram bins. As the name suggests, HIGO-TOP is the
3D extension of HIGO by using the manner of LBP-TOP.

C3D [66]: Recently, the research of spatiotemporal deep
feature learning models have made great progress. Three-
dimensional convolutional neural network (C3D) is one of
excellent representatives and has gained promising perfor-
mance in video based action recognition tasks. C3D can be
actually viewed as a 3D extension of VGG network [67],
which replaces 2D convolution and pooling operations with
3D ones.

Besides the above state-of-the-art DA methods and spa-
tiotemporal descriptors, in this paper we also propose a
novel DA method called region selective transfer regres-
sion (RSTR) for dealing with CDMER problem and evaluate
its performance. The major advantage of the proposed RSTR
is that we further consider the different contributions of the
facial local regions in the design of RSTR. The detailed infor-
mation of RSTR including the formulation and optimization
is given in Section 3.

3 REGION SELECTIVE TRANSFER REGRESSION
3.1 Formulation
Let X* = [X§,--,X5]T € REDN: and X! =
[XﬁT, e X‘}?]T € RE4XNt be the micro-expression feature
matrices of the samples belonging to source and target
micro-expression databases, where each column in X* and
X is the feature vector like x shown in Section 2.1.4, K is
the number of the divided facial blocks, N and N; are the
source and target sample numbers, and d is the dimension
of the spatiotemporal descriptor vector extracted from each
facial blocks, respectively. According to the problem setting
of CDMER, it is known that the label information of the
source micro-expression database is provided while the
target micro-expression samples are entirely unlabeled. We
hence assign source micro-expression database with a label
matrix L*® whose i‘" column 1f reveals the micro-expression
category of its corresponding source micro-expression sam-
ple in X®. I¢ is a binary vector and the c'* element is 1 if
and only if it belongs to the ¢! micro-expression category.
Intuitively, we are able to use a simple linear regression
model to build the relationship between the source features
and their corresponding label information, which is formu-
lated as follows:

min L — CTX*||%, 1)

where C is the regression coefficient matrix. It is clear
that the learned regression coefficient matrix of the above
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problem can only suits the micro-expression recognition
problem based on source database and cannot be applicable
to the target micro-expression samples.

To overcome this shortcoming of the conventional re-
gression model, we would like to extend it to a transfer
regression model such that the learned regression coefficient
matrix can also be suitable for the target micro-expression
samples. To this end, we introduce the maximum mean
discrepancy (MMD) [68], which measures the feature dis-
tribution distance between two data sets, for building our
transfer regression model. MMD is defined as the distance
between the centers of two different data sets in a kernel
space and can be formulated as

1 1
MMD(X?, X*) = I3 (X*)1s — F(I)(Xt)ltnﬂa @

where @ is a kernel mapping operator. It had been proved
that ®(X*) and ®(X*') would have the same or similar
feature distributions if their MMD is close to 0 after arising
dimension using ®. By using MMD as the regularization
term, we are able to arrive at our transfer regression model
which has the following formulation:

min |1 — &(C)T@(X*)|} +MMD(X®, XY), @)
where 7 is the trade-off parameter controlling the balance
between the loss function and the MMD regularization term.
However, the optimization problem of Eq. (3) is a hard
task because we cannot directly optimize the kernel map-
ping operator ®. To solve this problem, we relax the MMD
distance to the following one, which is designed in our
previous work of [44]:
1
= |®(C B(XH)1, — —B(X)1][2. 4
fo = 19(0)T [ (XL - o XOLE @
By resorting to fg, the optimization of kernel mapping
operator ®(-) in minimizing MMD is then changed to the
optimization problem with respect to ®(C). Thus, our trans-
fer regression model in Eq. (4) can be formulated as:

min [I1° - ®(C)" (X[
1
P B(O)T [ X)L, — - BX L3 ®)

Ns Nt

Note that the transfer regression model in Eq.(5) is still
a general DA method rather than an expert CDMER one
because this model can be used to deal with any unsuper-
vised DA problem. It can be also seen that any background
knowledge of micro-expressions is not considered during its
construction. In fact, in recent years various cues in micro-
expression samples, e.g., the color information [11], facial
local region information [17], and dynamic sparsity [48],
have been explored to demonstrate their effectiveness in dis-
tinguishing different micro-expressions. Therefore, it would
be beneficial to take these positive cues of micro-expressions
into consideration when we design CDMER methods. To
this end, we would like to leverage the idea of the facial local
region selection in our previous work of [17] to enhance our
transfer regression model in dealing with CDMER problem.

Specifically, let ¢(-) be another kernel mapping
operator that has the relationship with &(), ie,
O(X) = [p(X1)T, -+, 6(Xk)T]T. Then, the regression

6

coefficient matrix ®(C) can be rewritten as ®(C) =

[#(C1)T, -+, ¢(Ck)T]T and hence we are able to reformu-
late the optimization problem of Eq.(5) as follows:
min |10 —Zqﬁ S(X3)II%
1
+7ll Z¢ (X7)1s = EQS(XDlt]II%, ©6)

In order to pick out the micro-expression related local
facial regions and leverage them to enhance our trans-
fer regression model in Eq.(6), we endow a non-negative
weighted parameter w; to the ' facial block X{ and X!
to measure its specific contributions to distinguish different
micro-expresisons. To achieve this goal, we use a L1-norm
with respect to w = [wy, -+, wk|T to serve as the regular-
ization term for our transfer regression model and then we
arrive at the following new formulation:

oo IL° —sz )T OX)E + AMwll
1 s 1 t 2
+w|zwz AKX = 3o XL,

s.t.w >~ 0. @)

To differentiate this new transfer regression model with
traditional ones, we call it Region Selective Transfer Re-
gression (RSTR). Via the kernel trick, the explicit map-
ping ¢(-) in RSTR can be effectively avoided and further
optimized. According to the kernel representation theory
[69], we obtain that ®(C) can be expressed as ®(C) =
[B(X#), &(XH)[P resulting in 6(C;) — [6(X?), 6(X)]P,
where P is a coefficient matrix. We can then arrive at the
final proposed RSTR, which has the formulation as follows:

K
PTY w5 + Allwl1 + pll Pl

min ||L° —
Pw .
=1

K
1 1
+ wPT (K51, — —K!1,)|3,
P N Kl

st.w = 0. ®)

where A, i, and y are the trade-off parameters which control
the balance between the loss function osf 7RSTR and the

regularization terms, and Kj = ¢(X§‘)T ] »(X?) and
Kt _ ¢(Xf)T

i = | pxiT } #(X!) and can be computed by using
the preset ke;:nel functions, e.g., linear, polynomial, and
gaussian kernels. Note that following [17], we also add a
Ll-norm of P, ie., [|[P|1 = Y;_; [|pill1, where p; is the

" column of P, for Eq.(8) as the regularization term such
that the regression coefficient matrix ¢(C;) can be sparsely
reconstructed by [¢(X$), ¢(X!)] and the overfitting during
the optimization can be avoided.

3.2 Optimization

Before optimization of RSTR, we should choose a ker-
nel function, e.g., ker(x,y) = x'y (linear kernel) and
ker(x,y) = (axTy+b)¢ (polynomial kernel), where x and y
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denote feature vectors and a, b, and c are kernel parameters,
to compute the source and target kernel matrices K and K!
in Eq.(8). Then, RSTR can easily be solved by the alternated
direction method (ADM) [70], i.e., fixing one parameter and
updating the other ones until convergence. More specifi-
cally, repeat the following three steps:

3.2.1 Fixw and Update P

In this step, the optimization problem with respect to P can
be written as

min [L* — PYK|[% + p[ Py + 7 [P kI3, ©)
where K* = YK w,K$ and ko = ZzKlwl( LK:1
N%Kt ¢). In this paper, we adopt the inexact augmented
Lagrangian multiplier (IALM) approach [71] to learn the
optimal P in Eq. (9). More specifically, we introduce an
auxiliary variable Q that equals P to convert the uncon-
strained optimization problem in Eq. (9) to a constrained
one as follows:

QK F + plPll +711Q k13,
st.P=Q.

pin |17 —
(10)

Subsequently, we can obtain the Lagrangian function of
Eq. (10), which has the following formulation:

L(P,Q,T,x) = |L* - Q"K’|[% + || P|h

QT katll3 + tr(T7 (P = Q) + S IP — QI (1)
where & is a trade-off parameter and T is the Lagrangian
multiplier matrix. We only need to iteratively minimize the
Lagrangian function in Eq. (11) with respect to its different
variables and then the optimal P can be learned. We sum-
marize the complete updating procedures in Algorithm 1.

3.22 FixP and Update w

min ||z — Awl[3 +~[Bwl|3 + Allwl1,

s.t. w = 0. (12)
Herein, z is a vector composed by concatenating the
columns of L* one by one, and the i'" columns of A and
B are a vector by vector1zmg their corresponding matrices
PTK;, and P (3-K;1, — §-K{1,), respectively. Eq. (10)
can be further rewrltten as the following standard Lasso
problem:

min [ly — Dw |3 + Allwlls,

s.t. w > 0. (13)

wherey:{(z)}andD:[g

} . In our optimization, we
use the SLEP package [72] to learn the optimal w.

3.2.3 Check Convergence

Check whether the preset maximal iteration steps are
reached or the value of the objective function in Eq. (8) is
less than the preset threshold.

Algorithm 1: Complete updating rule for learning the
optimal P in Eq. (9).

Repeating Steps 1) to 4) until obtaining convergence:
1) Fix P, T, and « and update Q:

min IL® — QTK?||Z + 7]Q ke |2 + tr(TT (P — Q))
K
+5IP - Qi
which has the close-form solution as follows:
s ~ s T + kP
Q = (R'K* + ko], + 57 (KL 4 =275,

where I is an identity matrix.
2) Fix Q, T and ~ and update P:

Q- Dl

The solution of the above optimization problem is
Su[Q— T], where S¢[A] is the soft thresholding
operator and is defined as:

. 1
el + 2P -
min 2P| + 5|

A-¢, ifA>(
Sc[Al=¢ A+( fA<—(;
0, otherwise.

3) Update T and «:
T =T+ (P — Q),k = min(pk, Kmaz),

where Ky,qz is a preset maximal value for x and p is
a scaled parameter and can be set as a value greater
than 1.

4) Check convergence:

P - Qe <

where 0o norm means the maximal value of the
element in a matrix and e is the machine epsilon.

3.3 RSTR for Solving CDMER Problem

Once the optimal parameters of RSTR are learned based on
the labeled source and unlabeled target micro-expression
samples using the optimization method given in Section 3.2,
we can easily predict the micro-expression categories of
the testing samples from target database. More specifically,
suppose the learned optimal parameters of RSTR are P and
w. Then, given a testing target micro-expression sample x*¢
we are able to estimate its micro-expression label vector by
solving the following optimization problem:

) M
— Py k|3,
=1

st. 1€ =0, 1710 = 1,

IIllfin |1t
(14)
where @; is the i element of W and ki* =
[6(X3), p(X)]Tp(xt¢) is the kernel matrix and can be
computed by the kernel function chosen in training stage.
Finally, the micro-expression category of this testing sample

is assigned as the one whose corresponding value in 1® is
maximum.
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4 EVALUATION RESULTS

4.1 Implementation Details

We conduct the benchmark CDMER experiments under the
designed protocol described in Section 2. For the evaluated
methods, we implement them using the original source
codes provided by the authors. To offer a fair comparison,
for the experiments of different micro-expression features,
the parameters of each spatiotemporal descriptors are fixed
throughout the experiments, while for the experiments of
DA, we follow the strategy used in current mainstream
unsupervised DA evaluation experiments that is reporting
the best result (in term of mean F'l-score in our CDMER
benchmark experiments) corresponding to the optimal pa-
rameter setting for a DA method [43], [61], [73], [74], [75].
Subsequently, we show the detailed parameter settings of
both micro-expression features and DA methods used for
our benchmark experiments.

4.1.1 Parameter Setting for DA Methods

In this section, we give the parameter searching space for
different DA methods in the CDMER evaluation experi-
ments.

SVM [51]: To offer a fair comparison, we use linear
kernel for SVM throughout the evaluation experiments. As
to the penalized coefficient C, we fix it at C' = 1. Note that
for the experiments of all the DA methods, we all use the
linear SVM with C' = 1 to serve as the classifier (if needed).

IW-SVM [52]: In our experiments, we choose uLSIF [54],
which has shown its excellent performance in CDMER [43],
[44], to learn the importance weights for IW-SVM. Following
the suggestion of [43], [44], we search the trade-off param-
eter A\ for uLSIF from a parameter space [1:1:100]xt (¢ = 1,
10, 100, 1000, 10000, 100000).

TCA [56], GFK [57], and SA [58]: Among the experi-
ments of these three methods, principal component analysis
(PCA) [76] is used to construct the subspace for GFK and
SA. For all of them, we search the optimal dimension k
(the number of eigenvectors for composing the projection
matrix) by trying all possible dimensions, i.e., searching
kell,2,- -, kmaal

STM [59], [60]: STM is originally a binary classification
model. In our experiments, we extend it to a multi-class
version by using one-against-rest strategy. Similar with SVM
used in the benchmark evaluation, its penalized coefficient
is set as C' = 1. As to its second trade-off parameter ),
which is used to balance the KMM regularization term with
the SVM objective function, the searching space is set as
[0.001 : 0.001 : 0.009,0.01 : 0.01 : 0.09,0.1 : 0.1 :1,2:1:
100, 1000, 10000].

TKL [61]: According to the work of [61], TKL has one im-
portant parameter called the eigenspectrum damping factor
(. In the evaluation experiments, we determine its optimal
value by searching from the parameter space [0.1: 0.1 : 5].

TSRG [43], DRFS-T [44], and DRLS [44]: TSRG, DRFS-T,
and DRLS have two important trade-off parameters, i.e., A
and p. Following the works of [43], [44], the optimal values
of these two parameters are determined by searching from
[0.001,0.01,0.1, 1, 10, 100, 1000] for A and [0.001 : 0.001 :
0.009,0.01:0.01:0.09,0.1:0.1:1,2:1:10] for p.

8

RSTR: The proposed RSTR have three trade-off parame-
ters including A, i, and 7 which control the balance between
the loss function and the regularized terms. We search
their optimal values from the preset parameter spaces, i.e.,
A € [0.1,1,10,100,1000,10000], 4+ € [0.1 : 0.1 : 5], and
T €[0.01:0.01:0.1].

4.1.2 Parameter Setting for Micro-Expression Features

We set the parameters for the evaluated spatiotemporal
descriptors as follows:

LBP-TOP [18]: LBP-TOP has two important parameters.
One is the neighboring radius R and the other is the number
of the neighboring points P. In the evaluation experiments,
we set the values of these two parameters as the ones of
R € {1,3} and P € {4,8}, respectively, and hence we
report FOUR experimental results of LBP-TOP with differ-
ent parameter setting, i.e., LBP-TOP g, py), LBP-TOP g pg),
LBP-TOP(R3P4), and LBP-TOP(RJPS) In addition, the uni-
form pattern is used for LBP coding. We use Hong et al.’s
fast LBP-TOP [77] source code to implement the LBP-TOP
feature extraction.

LBP-SIP [10]: Only one parameter needs to be set for
LBP-SIP, i.e., the neighboring radius R. Similar to LBP-TOP,
we set ? as 1 and 3 for LBP-SIP, respectively, and report the
experimental results of LBP-SIP () and LBP-SIP(g3). In the
experiments, LBP-SIP is implemented by ourselves.

LPQ-TOP [62]: For LPQ-TOP, we set its parameters
following the suggestion of [62]. Specifically, the size of the
local window in each dimension is set as the default one
([5, 5, 5]). The parameters [ps, p:] for a correlation model
used in LPQ-TOP are set as [0.1, 0.1] and [0, 0] (without
correlation), respectively. The results of LPQ-TOP gecorr=0.1
and LPQ-TOP jecorr—o are reported in the evaluation exper-
iments. The source code of LPQ-TOP is publicly available at
http:/ /www.cse.oulu.fi/Downloads/LPQMatlab/.

HOG-TOP and HIGO-TOP [64]: HOG-TOP and HIGO-
TOP both have one important parameter, i.e., the number of
bins p to be set, which controls the dimensional histogram
of image gradient orientations for three orthogonal planes.
In the evaluation experiments, we fix p at 4 and 8 for
HOG-TOP and HIGO-TOP and they are denoted by HOG-
TOP,—4, HOG-TOP,—_g, HIGO-TOP,—, and HIGO-TOP,—s,
respectively.

C3D [66]: In the evaluation experiments, we choose
the publicly released C3D pretrained on Sports-1M [78]
and UCF101 [79] as the feature extractor and use the last
two fully connected layers to serve as the micro-expression
features, which are denoted by C3D-FC1 (Sports-1M) and
C3D-FC2 (Sports-1M), respectively.

4.2 Results and Discussions
4.2.1 Results at A Glance

In this section, we report the benchmark results of the
evaluated methods including various DA methods and
micro-expression features. All the experimental results are
depicted in Tables 3, 4, 5, and 6. Before deeply comparing
and analyzing the results obtained by different DA methods
and micro-expressions, we would like to probe into the
CDMER tasks based on the obtained results. We calculate
the average results of all the methods in each experiment
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TABLE 3
Experimental results (mean F1-score / Accuracy) of various domain adaptation methods for CDMER, where the source and target databases are
two subsets of SMIC (HS, VIS, and NIR). The micro-expression categories (3 classes) are Negative, Positive, and Surprise. The best results in
each experiment are highlighted in bold.

[ DA Method [ Exp.l: H—V [ Exp.2:V - H [ Exp.3:H— N [ Exp4: N — H [ Exp.5: V. — N [ Exp.6: N — V [ Average ]
Baseline 0.8002 / 80.28 [ 0.5421 /5427 | 0.5455 /5352 | 0.4878 /54.88 | 0.6186 /63.38 | 0.6078 / 63.38 | 0.6003 / 61.62
TW-SVM [52] | 0.8868 /88.73 | 05852 /5854 | 0.7469/74.65 | 0.5427 /5427 | 0.6620 / 69.01 | 07228 /73.24 | 0.6911 / 68.07
TCA [56] 0.8269 /8310 | 0.5477 /54.88 | 05828 /59.15 | 0.5443 /57.32 | 0.5810 /61.97 | 0.6598 / 67.61 | 0.6238 / 64.01
GFK [57] 0.8448 / 8451 | 05957 /59.15 | 0.6977 /7042 | 0.6197/62.80 | 0.7619/76.06 | 0.8142 /81.69 | 0.7223 / 72.44
SA [58] 0.8037 /80.28 | 05955 /59.15 | 0.7465 / 74.65 | 0.5644 /56.10 | 0.7004 / 71.83 | 07394 / 74.65 | 0.6917 / 69.44
STM [59], [60] | 0.8253 /83.10 | 0.5059 /51.22 | 0.6628 / 66.20 | 0.5351/56.10 | 0.6427 / 67.61 | 0.6922 /7042 | 0.6440 / 65.78
TKL [61] 07742 /7746 | 05738 /57.32 | 0.7051 /7042 | 0.6116 / 6220 | 0.7558 / 76.06 | 0.7580 / 76.06 | 0.6964 / 69.92
TSRG [43] 0.8869 /88.73 | 05652 /56.71 | 0.6484 / 64.79 | 0.5770 /57.93 | 0.7056 / 7042 | 0.8116 /81.69 | 0.6991 / 70.05
DRFS-T [44] 0.8643 /8592 | 05767 /57.32 | 0.7179 /71.83 | 0.6163 /6159 | 0.7286 / 73.24 | 0.7732/77.46 | 0.7128 / 71.23
DRLS [44] 0.8604 / 85.92 | 0.6120 / 60.98 | 0.6599 / 6620 | 0.5599 / 55.49 | 0.6620 / 69.01 | 05771/ 61.97 | 0.6552 / 66.60
RSTR 0.8721 /87.32 | 0.6401/64.02 | 0.7466 / 74.65 | 0.5765 /57.32 | 0.7506 / 76.06 | 0.8428/84.51 | 0.7381/73.98

[ Average [ 0.8405 /8412 [ 0.5764 /57.60 | 0.6782/67.86 | 05668 /57.26 | 0.6881/70.42 | 0.7272/73.88 | - |

TABLE 4
Experimental results (mean F1-score / Accuracy) of various domain adaptation methods for CDMER, where the source and target databases are
CASME Il or one subset of SMIC (HS, VIS, and NIR). The micro-expression categories (3 classes) are Negative, Positive, and Surprise. The
best results in each experiment are highlighted in bold.

[ DAMethod [ Exp7:C—H | Bxp8:H—C [ Exp9:C—V [ Exp10: V—C [ Exp1l:C > N [ Exp12N—C |  Average |
Baseline 03697 / 4512 | 0.3245/4846 | 04701 /5070 | 05367 /53.08 | 05295/5211 | 02368 /23.85 | 04112/ 4555
IW-SVM [52] | 03541 /4146 | 0.5829 /62.31 | 05778 /59.15 | 05537 /54.62 | 05117 /50.70 | 0.3456 /3615 | 0.4876 /50.73
TCA [56] 04637 / 4634 | 04870 /53.08 | 0.6834/69.01 | 05789 /59.23 | 04992 /5070 | 03937 /4231 | 05177 / 5345
GFK [57] 04126 / 46.95 | 04776 / 50.77 | 0.6361 / 66.20 | 0.6056 / 61.50 | 05180 /5352 | 0.4469 /46.92 | 05161 /5431
SA [58] 04302 /4756 | 0.5447 / 62.31 | 05939 /59.15 | 05243 /51.54 | 04738 /47.89 | 03592 /3692 | 0.4877 /50.90
STM [59], [60] | 0.3640 /4390 | 0.6115/63.85 | 0.4051 /5211 | 0.2715/30.00 | 03523 /4225 | 03850 /4154 | 0.3982 / 45.61
TKL [61] 04582 / 46.95 | 0.4657 /4538 | 0.6042 / 60.56 | 05378 /53.08 | 0.5392 /54.93 | 0.4248 /43.85 | 0.5050 / 50.79
TSRG [43] 05042 /51.83 | 0.5171/60.77 | 05935 /59.15 | 0.6208 / 63.08 | 0.5624/56.34 | 0.4105 /4615 | 0.5348 / 56.22
DRFS-T [44] 04524 /4695 | 0.5460 / 60.00 | 0.6217 / 6338 | 0.6762 /6846 | 05369 /56.34 | 0.4653 /50.77 | 0.5498 / 57.65
DRLS [44] 04924 /5305 | 05267 /59.23 | 0.5757 /57.75 | 0.5942 /60.00 | 0.4885/49.83 | 0.3838 /42.37 | 05102 /5371
RSTR 0.5297 /54.27 | 05622 / 60.77 | 0.5882 /59.15 | 0.7021/70.77 [ 05009 /50.70 | 0.4693/50.77 | 0.5587 / 57.74

[ Average [ 04391 /4767 [ 05133 /56.99 | 05772 /59.66 | 05638 /56.85 | 0.5011/51.39 | 0.3928 /4196 | - |

and all the experiments for each method, which are given in
the last line and last column of these tables. From the com-
parison between them, we are able to reach the following
conclusions.

Firstly, we observe that for our designed benchmark, the
second type of experiments (TYPE-II) are significantly more
difficult than TYPE-I, which can be clearly revealed by the
remarkable differences between the average results of each
method in these two types of experiments. For example, the
baseline method, GFK (a well-performing representative of
DA methods), and LPQ-TOP jecorr=0.1 (a well-performing
representative of micro-expression features) achieve the
average mean F'l-score / Accuracy of 0.6003 / 61.62%,
0.7223 / 72.44%, and 0.6157 / 63.79% in the first type of
experiments, which are much higher than their achieved
results (0.4112 / 45.55%, 0.5161 / 54.31%, and 0.3236 / 38.51)
in the second type of experiments. In fact, the differences
in difficulty between the TYPE-I and TYPE-II experiments
stand to reason. The three datasets (HS, VIS, and NIR) used
in TYPE-I involve the same subjects, stimulus materials, and
recording environments and just different cameras, which
results in the relatively small dataset difference. However,
another dataset used in TYPE-II experiments, CASME 1II,
corresponds to substantially different subjects, stimulus ma-
terial, and recording environments compared with SMIC
(HS, VIS, and NIR).

Secondly, it should be pointed out that the class im-

balanced problem existing in the source or target database
remarkably degrades the performance of either DA method
or micro-expression features in dealing with the CDMER
tasks. For example, in the cases with SMIC (NIR) as the tar-
get database, i.e., Exp.11, Exp.3, and Exp.5, we can observe
that the average performance in terms of mean F'l-score
and Accuracy of all the DA methods can reach 0.6881 and
70.42% in Exp.5 whose the source database, SMIC (VIS), is
relatively class-balanced. These two metrics drop to 0.6782
and 67.86% in Exp.3 and 0.5011 and 51.39% in Exp.11,
where the source databases of Exp.3 and Exp.11 are SMIC
(HS) and CASME 1I, respectively and very class-imbalanced.
Similarly, the performance of all the methods is also affected
by the class-imbalanced target database. As shown in Exp.6,
Exp.3, and Exp.12 whose source database is fixed, i.e., SMIC
(NIR), it can be seen that with class-imbalanced database as
target one, the average mean F'1-score / Accuracy decrease
from the level of 0.7272 / 73.88% (Exp.6: class-balanced)
to 0.5668 / 57.26% (Exp.4: class-imbalanced) and 0.3928 /
41.96% (Exp.4: class-imbalanced), respectively.

Thirdly, we can also observe that the heterogeneous
problem existing between source and target databases raises
the level of difficulty of the CDMER tasks. It is known
that the samples in SMIC (NIR) are recorded by a near-
infrared camera, whose image-quality is considerably dif-
ferent from the samples recorded by high-speed camera
(used in CASME II and SMIC (HS)) and visual camera (used
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TABLE 5
Experimental results (mean F1-score / Accuracy) of various spatiotemporal descriptors for CDMER, where the source and target databases are
two subsets of SMIC (HS, VIS, and NIR). The micro-expression categories (3 classes) are Negative, Positive, and Surprise. The best results in
each experiment are highlighted in bold.

Spatiotemporal Descriptors [ Expl: H—V [ Exp.2:V—H [ Exp.3:H —+ N [ Exp.4:N — H [ Exp.5:V — N [ Exp.6: N — V [

Average ]

Baseline 0.8002 / 80.28 0.5421 / 54.27

0.5455 / 53.52

0.4878 / 54.88 0.6186 / 63.38 | 0.6078 / 63.38 | 0.6003 / 61.62

LBP-TOP 11 ps) [18] 0.7185 / 71.83 | 0.3366 / 40.24

0.4969 / 49.30

0.3457 / 40.24 | 0.5480 / 57.75 | 0.5085 / 59.15 | 0.4924 / 53.32

LBP-TOP 1, pg) [18] 0.8561 / 85.92 | 0.5329 / 53.66

0.5164 / 57.75

0.3246 / 35.37 0.5124 / 57.75 0.4481 / 50.70 | 0.5318 / 56.86

LBP-TOP g pa) [18] 04656 / 49930 | 04122 / 4512

0.3682 / 40.85

0.3396 / 40.85 0.5069 / 59.15 | 0.5144 / 60.56 | 0.4345 / 49.31

LBP-SIP (g1 [10] 0.6290 / 63.38 | 0.3447 / 40.85

0.3249 / 33.80

0.3490 / 42.07 | 0.5477 / 60.56 | 0.5509 / 60.56 | 0.4577 / 50.20

LBP-SIP rs) [10] 0.8574 / 85.92 | 0.4886 / 50.00

0.4977 / 54.93

0.4038 / 42.68 0.5444 / 59.15 0.3994 / 46.48 | 0.5319 / 56.53

LPQTOP (4 corr—o.1) [62] | 0945579437 | 05523 / 54.88

0.5456 / 61.97

0.4729 / 47.56 0.5416 / 57.75 | 0.6365 / 66.20 | 0.6157 / 63.79

LPQ-TOP (40 corr—o) 162] 07711 / 7746 | 04726 / 48.78

0.6771 / 67.61

0.4701 / 48.17 0.7076 / 71.83 0.6963 / 70.42 0.6325 / 64.05

HOG-TOP ) [64] 0.7068 / 71.83 | 0.5649 /57.32

0.6977 / 70.42

0.2830 / 29.27 0.4569 / 49.30 0.3218 / 36.62 | 0.4554 / 48.47

HOG-TOP(,,_g) [64] 0.7364 / 74.65 | 0.5526 / 56.10

0.3990 / 46.48

0.2941 / 32.32 0.4137 / 46.48 | 0.3245/38.03 | 0.4453 / 49.01

HIGO-TOP 4, [64] 0.7933 / 8028 | 0.4775 / 50.61

0.4023 / 47.89

0.3445 / 35.98 0.5000 / 53.52 | 0.3747 / 40.85 | 0.4821 / 51.52

HIGO-TOP ,,—g) [64] 0.8445 / 84.51 0.5186 / 53.66

0.4793 / 54.93

0.4322 / 43.90 0.5054 / 54.93 0.4056 / 46.48 | 0.5309 / 56.40

C3D-FC1 (Sports1M) [66] 0.1577 / 30.99 | 0.2188 / 23.78

0.1667 / 30.99

0.3119 / 34.15 0.3802 / 49.30 | 0.3032 / 36.62 | 0.2564 / 34.31

C3D-FC2 (SportsIM) [66] 0.2555 / 36.62 | 0.2974 / 29.27

0.2804 / 33.80

0.3239 / 36.59 0.4518 / 47.89 | 0.3620 / 38.03 | 0.3285 / 37.03

C3D-FC1 (UCF101) [66] 0.3803 / 46.48 0.3134 / 34.76

0.3697 / 47.89

0.3440 / 34.76 0.3916 / 47.89 0.2433 / 29.58 | 0.3404 / 40.23

C3D-FC2 (UCF101) [66] 0.4162 / 46.48 | 0.2842 / 32.32

0.3053 / 42.25

0.2531 / 28.05 0.3937 / 47.89 | 0.2489 / 32.39 | 0.3169 / 38.23

Average

[ 0.6459 / 67.52 | 0.4318 /4535 | 0.4420 /49.65 | 0.3613 /39.18 | 0.5013 /55.28 | 0.4341 /48.50 | - |

TABLE 6
Experimental results (mean F1-score / Accuracy) of various spatiotemporal descriptors for CDMER, where the source and target databases are
CASME Il or one subset subset of SMIC (HS, VIS, and NIR). The micro-expression categories (3 classes) are Negative, Positive, and Surprise.
The best results in each experiment are highlighted in bold.

Spatiotemporal Descriptors [ Exp.7.C — H [ Exp.8: H— C [ Exp.9:C =V [ Exp.10: V — C [ Exp.11: C — N [ Exp.122N — C [

Average |

Baseline 0.3697 / 45.12 | 0.3245 / 48.46

0.4701 / 50.70

0.5367 / 53.08 0.5295 / 52.11 0.2368 / 23.85 0.4112 / 45.55

LBP-TOP 71 pa) [18] 0.3358 / 4451 | 0.3260 / 47.69

0.2111 / 35.21

0.1902 / 26.92 0.3810 / 43.66 0.2492 / 26.92 0.2823 / 37.49

LBP-TOP 5, ps) [18] 0.3680 / 43.90 | 0.3339 / 54.62

0.4624 / 49.30

0.5880 / 57.69 0.3000 / 33.80 0.1927 / 23.08 0.3742 / 43.73

LBP-TOP (g p4) [18] 03117 / 4390 | 0.3436 / 44.62

0.2723 / 39.44

0.2356 / 28.46 0.3818 / 49.30 0.2332 / 25.38 0.2964 / 38.52

LBP-SIP (g1 [10] 0.3580 / 45.12 | 0.3039 / 44.62

0.2537 / 38.03

0.1991 / 26.92 0.3610 / 46.48 0.2194 / 26.92 0.2825 / 38.02

LBP-SIP (g3 [10] 0.3772 / 42.68 | 0.3742 / 56.15

0.5846 / 59.15

0.6065 / 60.00 0.3469 / 35.21 0.2790 / 27.69 0.4279 / 46.81

LPQ-TOP (4ecorr—o.1) [62] | 03060 / 42.07 | 0.3852 / 48.46

0.2525 / 33.80

0.4866 / 47.69 0.3020 / 35.21 0.2094 / 23.85 0.3236 / 38.51

LPQ-TOP (ecorreo) 162] 0.2368 / 4390 | 0.2890 / 51.54

0.2531 / 38.03

0.3947 / 40.77 0.2369 / 35.21 0.4008 / 41.54 0.3019 / 41.83

HOG-TOP (,—4) [64] 0.3156 / 34.76 0.3502 / 47.69

0.3266 / 35.21

0.4658 / 46.92 0.3219 / 35.21 0.2163 / 27.46 0.3327 / 3791

HOG-TOP(,,_s) [64] 0.3992 / 4390 | 0.4154 / 52.31

0.4403 / 45.07

0.4678 / 47.69 0.4107 / 40.85 0.1390 / 20.77 0.3787 / 41.77

HIGO-TOP (,—4) [64] 0.2945 / 39.63 | 0.3420 / 53.85

0.3236 / 40.85

0.5590 / 55.38 0.2887 / 29.58 0.2668 / 31.54 0.3458 / 41.81

HIGO-TOP (,,—g) [64] 0.2978 / 41.46 | 0.3609 / 50.00

0.3679 / 43.66

0.5699 / 54.62 0.3395 / 33.80 0.1743 / 22.31 0.3517 / 40.98

C3D-FC1 (Sports1M) [66] 0.1994 / 42.68 | 0.2394 / 56.15

0.1631 / 32.39

0.1075 / 19.23 0.1631 / 32.39 0.2397 / 56.15 0.1854 / 39.83

C3D-FC2 (Sports1M) [66] 0.1994 / 42.68 | 0.1317 / 24.62

0.1631 / 32.39

0.1075 / 19.23 0.1631 / 32.39 0.2397 / 56.15 0.1674 / 34.58

C3D-FC1 (UCF101) [66] 0.1581 / 31.10 | 0.1075 / 19.23

0.1886 / 39.44

0.1075 / 19.23 0.1886 / 39.44 0.2397 / 56.15 0.1650 / 34.10

C3D-FC2 (UCF101) [66] 0.1994 / 42.68 | 0.1705 / 19.23

0.1631 / 32.39

0.1075 / 19.23 0.1631 / 32.39 0.1075 / 19.23 0.1414 / 27.53

Average [ 0.2954 /41.88 | 0.2959 / 44.95

[ 03060 /4032 | 03581 /3894 [ 03049 /3794 | 02277 /31.80 | - |

in SMIC (VIS)). Therefore, it is intuitive that the CDMER
tasks involving SMIC (NIR) would be more difficult than
others. In order to check this point, we first fix the source
database as SMIC (HS) and observe two experiments, i.e.,
Exp.1 and Exp.3, where the target database in Exp.l is
SMIC (VIS) and Exp.3 corresponds to SMIC (NIR). It can
be seen that the average results among all the DA methods
and micro-expression features (0.8405 / 84.12% and 0.6459
/ 67.52%) in Exp.1 (homogeneous) are significantly higher
than the results (0.6782 / 67.86% and 0.4420 / 49.65%)
in Exp.3 (heterogeneous). We further check the opposite
case if the heterogeneous image-quality samples exist in the
source database. We observe Exp.2 and Exp.4, whose target
databases are the same, i.e., SMIC (HS) and source databases
are different, i.e., SMIC (VIS) v.s. SMIC (NIR). From the
results, we notice the performance difference between the
Exp.2 (homogeneous case) and Exp.4 (heterogeneous case).
Specifically, the average performance achieved by DA meth-
ods and micro-expressions are 0.5764 / 57.60% and 0.4318

/ 45.35% in Exp.2 (homogeneous case) v.s. 0.5668 / 57.26%
and 0.3616 / 39.18% in Exp.4 (heterogeneous case).

4.2.2 Results for COMER Experiments of Using DA Meth-
ods

Tables 3 and 4 show the experimental results of different
DA methods corresponding to the TYPE-I and TYPE-II
experiments, respectively. From these two tables, it can be
seen that in both two types of designed CDMER exper-
iments, nearly all the DA methods can achieve promis-
ingly better results in terms of both mean Fl-score and
Accuracy than the baseline method (SVM without any
DA). More importantly, some well-performing DA methods,
e.g., GFK [57], DRFS-T [44], and the proposed RSTR, have
significant improvements of at least 0.1000 (average mean
F1-score) and 10% (average Accuracy) compared with the
baseline results in either TYPE-I or TYPE-II experiments.
Based on the above observations, we are able to reach the
conclusion that considering CDMER as an DA problem is
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(a) 1x1 (b) 2x2

(c) 4x4 (d) 8x8

Fig. 3. A visual example for the weighted parameters w; learned by RSTR, where the CDMER experiment is Exp. 7. From left to right, (a), (b), (c)
and (d) show the contributions of different facial local regions yielded by the spatial grid with sizes of 1 x 1, 2 x 2,4 x 4, and 8 x 8, respectively.

no doubt an effective solution for the CDMER problem. It
is a good choice to develop excellent DA methods to relieve
the feature distribution mismatch between the samples from
different micro-expression databases.

We also observe that the proposed RSTR achieves the
best average results among all the methods in the CD-
MER experiments. Specifically, RSTR achieves the average
mean Fl-score / Accuracy of 0.7381 / 73.98% in TYPE-I
experiments and 0.5587 / 57.74% for TYPE-II experiments,
which are significantly higher than most of DA methods.
Moreover, the proposed RSTR is better at coping with class-
imbalanced and heterogeneous CDMER tasks. It can be from
Table 4 seen that RSTR obtains two best results in terms of
both mean F1-score and Accuracy (Exps. 7 and 10) among
four highly class-imbalanced cases (Exps. 7, 8, 9 and 10).
As for heterogeneous CDMER (Exps. 3, 4, 5, 6, 11 and 12),
RSTR outperforms all the rest DA methods in four cases
(best mean F'1-score and Accuracy in Exps. 6 and 12 and
best Accuracy in Exps. 3 and 5). The superior performance
of RSTR may attribute to the consideration of the different
contributions of facial local regions in the design of RSTR,
which had been proven to benifit distinguishing different
micro-expressions [17]. Here we give an example of the
visualization of the weighted parameters learned by RSTR
in Fig. 3. From the example, it is clear to see that different
facial local regions have different contributions in coping
with CDMER tasks. Consequently, it is more convincing that
taking into consideration the positive cues associated with
distinguishing micro-expressions, e.g., facial local region in-
formation, offers us a new insight to develop more effective
DA methods.

Finally, we would also like to discuss the limitation
of the proposed RSTR method. Although RSTR achieves
best results in most CDMER tasks, it is clear to see that
a large gap exists between RSTR and some state-of-the-
art DA methods in several challenging cases. For example,
TCA and GFK outperform RSTR with a sizeable lead in
Exp. 9. Therefore, it may not be enough for design well-
performing DA method to merely leverage the facial local
region information. We also draw the confusion matrices of
RSTR and three comparison methods including the baseline

one (SVM without any DA) and two DA ones (TCA and
TKL) in two typical cases (Exp.7 and Exp.12) to further
analyze the limitation of RSTR. The results are shown in
Fig. 4. From these confusion matrices, it is clear to see that
in both cases the baseline method was seriously affected
by the class-imbalanced problem and hence most of target
samples were predicted as the same one micro-expression.
While RSTR and other two DA methods can promisingly
alleviate this extremely wrong prediction, it can be found
that in Exp.12 nearly 60% of surprise samples are wrongly
predicted as the positive micro-expression by all three DA
methods. Consequently, DA methods including the pro-
posed RSTR for dealing with CDMER still have plenty of
room for improvement.

4.2.3 Results of CDMER Experiments by Using Micro-
Expression Features

The detailed mean F'1-score / Accuracy achieved by vari-
ous micro-expression features are depicted in Tables 5 and 6.
From these two tables, it is clear to see that LPQ-TOP with
decorr = 0 and LBP-SIP with R = 3 achieve the best aver-
age performance in terms of mean F'1-score and Accuracy
in TYPE-I and TYPE-II CDMER experiments, respectively.
More importantly, we notice that LPQ-TOP gecorr—0) 0Ob-
tains the average mean Fl-score / Accuracy of 0.6325 /
64.05% in the first type of experiments, which are even
competitive among the results of DA methods. By referring
Table 3 and Tables 5, we can find that LPQ-TOP (gecorr—0)
outperforms TCA (0.6238 / 64.01%) and is very competitive
against STM (0.6440 / 65.78%) and DRLS (0.6552 / 66.60%).
In addition, we also observe that several micro-expression
features achieve very promising results. For example, LPQ-
TOP (4ecorr—0.1) achieves the mean F'l-score of 0.9455 and
Accuracy of 94.37% in Exp.1, which are significantly better
than all the DA methods. In Exp.9 and Exp.10, LBP-SIP (r_3)
is a very good competitor against DA methods. Based on the
above observations, it is believed that developing database-
invariant spatiotemporal descriptors for robustly describing
micro-expressions also provide a promising and feasible
way to solve the CDMER problem.

However, we have to admit that most of the exist-
ing spatiotemporal descriptors including the above well-
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(b) TCA (Exp.7)
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Positive t 12.50 21.88 Positive JCHE 40.63

Surprise |  4.00 28.00 Surprise m 64.00 | 36.00
4’%@'@ Aq’f.‘;,-@ /%b‘%% %’f/,‘,@ &%’/

(e) Baseline (Exp.12) (f) TCA (Exp.12)

Fig. 4. Confusion matrices of the baseline method (SVM without any DA), TCA, TKL and RSTR in Exp.7 and Exp.12.

performing ones are still not satisfactory and cannot com-
pletely meet the requirement in CDMER problem. More
specifically, several limitations still exist in current micro-
expression feature research. Firstly, the performance of most
spatiotemporal descriptors is not stable. In other words,
one spatiotemporal descriptor performs well in Task A but
very poor in Task B. An example is LPQ-TOP. It can be
seen that LPQ-TOP with two different parameters both
achieve satisfactory results beating the baseline method.
But the performance of both two LBP-TOP based micro-
expression features decrease sharply and even under the
level of baseline method. Secondly, it is clear to see that the
performance of most of handcrafted spatiotemporal descrip-
tors is strongly affected by its parameters. As the results of
LBP-TOP showed, its performance varies very sensitively
in nearly all the experiments of our CDMER benchmark
with the changes of its parameter R and P. Therefore,
in the future study of spatiotemporal descriptors used for
describing micro-expressions, we should also consider to
reduce the sensitiveness of its parameters such that it will
be simpler and more convenient to use in dealing with the
CDMER problem. Finally, it should be pointed out that at
present it is not enough for solving CDMER problem to
simply use existing spatiotemporal descriptors as micro-
expression features because its average performance is still
far from the DA methods. From another point of view, it
is believed that there is still very large development space
in this direction, i.e., developing robust (database-invariant)
micro-expression features.

Lastly, we discuss the deep features evaluated in the
benchmark. From the results of deep features extracted by
C3D pretrained on SportsIM and UCF101, we can observe
that these four deep features perform poorly in nearly all
the CDMER experiments and cannot reach the level of most
handcrafted features. In fact, this is foreseeable because the
Sports1M and UCF101 served for C3D pretraining are both
action databases, whose samples are quite different from
the micro-expression ones. In fact, to enable the C3D to

12
Negative [REEHYA Negative [GN0[1] 14.29 25.71
sl 35.29 54.90 | Positive
Surprise 39.53 34.88 QEENLLE
(2 %,
%
(c) TKL (Exp.7)
Negative Negative
Positivet 18.75 { Positive 56.25
Surprise 4,00 Surprise 60.00 36.00
(g) TKL (Exp.12) (h) RSTR (Exp.12)
TABLE 7
Experimental results (mean F1-score / Accuracy) of finetuned C3D
features.
[ Deep Features / DA [ Exp.l: H =V [ Exp.3:H— N [ Exp.8: H — C ]

0.8002 / 80.28
0.8269 / 83.10
0.1577 / 30.99
0.2555 / 36.62
0.4858 / 56.34
0.4144 / 47.89

0.5455 / 53.52
0.5828 / 59.15
0.1667 / 30.99
0.2804 / 33.80
0.2751 / 35.21
0.3758 / 40.85

0.3245 / 48.46
0.4870 / 53.08
0.2394 / 56.15
0.1317 / 24.62
0.3276 / 34.62
0.3390 / 36.92

Baseline

TCA

C3D-FC1 (Sports1M)
C3D-FC2 (Sports1M)
C3D-FC1 (Finetune)
C3D-FC2 (Finetune)

gain the micro-expression information, we can finetune the
pretrained models based on the source database and then
use the finetuned model to serve as feature extractor. To this
end, we finetune the C3D pretrained on Sports1M based on
SMIC (HS) and then extract the deep features to conduct
the experiments of using SMIC (HS) as source database
including Exp.1, Exp.3, and Exp.8. Note that for finetuning,
we augment the samples in SMIC (HS) to 3350° and divide
the samples into a training set whose sample number is 2550
and a validation set containing 800 samples. The experi-
mental results are shown in Table 7, where we also list the
results of C3D pretrained on Sports1M, the baseline method
(LBP-TOP with R = 3, P = 8), and TCA (a representative
DA method). From Table 7, it is clear that by resorting to
finetuning strategy, the performance of C3D features can be
improved significantly compared with the original model.
It is also interesting to see that in Exp.8, the deep features
extracted by finetuned C3D even outperform the baseline
method (LBP-TOP with R = 3, P = 8) in term of mean
Fl1-score. However, compared with TCA (a representative
DA method) and the baseline method, the performance of
deep features is still very poor and not satisfactory. We think

3. Specifically, we first use TIM [50] to normalize the frame number
of all the micro-expression samples to 160. Then we divide these 160
frames into 10 parts without overlap. Finally, we randomly extract one
frame from all the parts to obtain a micro-expression sample with frame
length of 16.
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there may be two possible reasons. Firstly, it may attribute
to the problem of lacking enough good data for finetuning
the C3D models. It is clear that the training or finetuning
of deep learning models requires large numbers of samples
while the sample numbers of the CASME II and SMIC are
too small. Although we can use some methods to augment
the samples, the augmented micro-expression samples are
not satisfactory. Therefore, more micro-expression samples
need be collected such that a better-performing C3D can be
finetuned to deal with CDMER problem. The second reason
may be that it seems not enough for learning the database-
invariant deep features to simply finetune the deep model
based on the source database. Leveraging the idea of do-
main adaptation methods, i.e., reducing the difference be-
tween source and target domains, to finetune deep models
may offer a feasible solution to improve the performance of
deep features.

5 CONCLUSION

In this paper, we have investigated the cross-database
micro-expression recognition (CDMER) problem by con-
ducting a standard benchmark evaluation from two dif-
ferent perspectives including domain adaptation (DA)
and spatiotemporal features used for describing micro-
expressions. First, under a well-designed evaluation pro-
tocol, we make use of two widely-used micro-expression
databases, i.e., CASME II and SMIC, to set up two types of
CDMER experiments. Then, we collect NINE state-of-the-art
DA methods and SIX excellent spatiotemporal descriptors
to perform benchmark evaluation based on our designed
CDMER protocol. Moreover, we also propose a novel DA
method called region selective transfer regression (RSTR),
which fully considers the different contributions of the facial
local regions in recognizing micro-expressions. Finally, com-
prehensive discussions for the benchmark evaluation results
are provided. More importantly, we reach a useful conclu-
sion from the comparison between the proposed RSTR and
other state-of-the-art DA methods that it is beneficial for
dealing with the CDMER problem if we take full advantage
of important cues associated with micro-expressions like
facial local region information considered in the design of
our RSTR. In addition, all the collected data and codes
involving the benchmark evaluation in our paper will be
released as soon as possible. We hope our work can advance
the micro-expression analysis research by inspiring more
researchers to focus on the CDMER problem. In the future,
we will insist to collect more well-performing DA methods
and micro-expression features for updating the evaluation
results in our project page.
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