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Abstract. Micro-expression (ME) is one of particular facial expressions, which can expose someone’s genuine
emotions. For this reason, developing a reliable micro-expression recognition (MER) technique has potential
value in lots of applications, e.g., lie detection. In this paper, we propose a novel deep learning method called
three-stream convolutional neural network (TSCNN) to deal with the MER problem. The basic idea of TSCNN
is to learn ME-discriminative features by fusing the spatial, temporal and facial local region cues of the micro-
expression video clips. Following this idea, we design a static-spatial stream, dynamic-temporal stream, and
local-spatial stream module for TSCNN, respectively to try learning and integrating these three important
information to recognize micro-expressions. To evaluate the performance of the proposed TSCNN, extensive
experiments are conducted on two public available micro-expression databases, i.e., CASME II and SAMM.
Experimental results showed that compared with state-of-the-art MER methods, our TSCNN has a more
satisfactory performance in dealing with MER.

Keywords: Micro-expression recognition · Three-stream convolutional neural network · Deep learning.

1 Introduction

Micro-expression (ME) is a very short-lived and uncontrollable facial expression which occurs when people try to
hide their genuine emotions. In 1966, Haggard and Isaacs [7] first discovered ME in their research of psychotherapy
self-mechanism. Subsequently, Ekman et al. [5] observed ME again during watching a video of a conversation
between a psychiatrist and a patient with depression, in which the patient tried to suppress her negative emotions
with a smile to convince the doctor that she no longer had a suicidal tendency. ME is an important non-verbal
signal of human hidden emotions that effectively reveal one’s true psychological state. It is considered to be a key
clue to identify lies and dangers, and plays an important role in understanding human deception. For this reason,
accurately recognizing MEs can be applied to lots of application fields such as criminal investigation, security and
medical treatment. However, compared with the ordinary facial expression, MEs have a very short duration (Yan et
al. [23] showed that ME lasts only between 1

25 s and 1
3 s). Moreover, the muscle movements of MEs often occur in a

small facial local region and have extremely low-intensity [23]. For this reason, Ekman et al. [4] developed the Micro-
Expression Training Tool (METT) to teach people how to recognize MEs. But even METT-trained people can only
achieve a recognition rate of around 40%, which is far from the basic requirements in the practical applications [6].
Therefore, it is urgent to develop accurate and reliable automatic MER techniques to help people better understand
the MEs.

In past several years, researchers from computer vision and affective computing communities have been devoted
to investigating MER and proposed lots of representative methods [10,13,16,19,21,25,27,28]. For example, Pfister
et al. [16] first proposed to use local binary pattern from three orthogonal planes (LBP-TOP) [24] to describe MEs.
Following LBP-TOP, many spatio-temporal descriptors have been developed for serving as ME features, e.g., LBP
with six intersection points (LBP-SIP) [19], histograms of oriented gradients-TOP (HOG-TOP) [10], and histogram
of image gradient orientation-TOP (HIGO-TOP) [10]. Another mainstream direction is making use of the optical
flow (OF) field to design the features for describing MEs. In the work of [21], Xu et al. proposed a novel OF
feature called facial dynamics map (FDM) to describe the ME movement pattern. Liu et al. [13] extracted the
main direction in the ME image sequence and further calculated the average OF features in the divided facial local
regions to serve as the ME features called main directional mean optical flow (MDMO). Recently, deep learning
methods have also been studied in MER. Kim et al. [9] designed a neural network consisting of convolutional neural
networks (CNNs) and recurrent neural networks (RNNs) structures to model the spatio-temporal information from
the ME video clips to describe MEs. In the work of [20], Xia et al. proposed a spatio-temporal extension of RNNs to
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Fig. 1. The overall structure of the proposed TSCNN for MER.

jointly learn from the spatial and temporal cues of the ME samples to recognize MEs and achieved state-of-the-art
results on the ME benchmark databases.

Inspired by the success of the deep learning methods in MER, in this work we propose a novel deep neural
network based MER method called three-stream CNN (TSCNN). TSCNN absorbs the basic idea of two-stream
CNN [17], which has gained promising performance in action recognition tasks. It consists of three major modules.
The first one is static-spatial stream CNN. This module is designed for modeling the global spatial information of ME
samples. The second one is dynamic-temporal stream module, which aims at extracting the temporal discriminative
information from ME video clips through a OF CNN. The design of the last module is motivated by the works
of [13,18,26], in which the facial local information has been proved to have contributions to distinguishing different
MEs. Under this consideration, we make use of a CNN to learn features from the facial local region sequence to
serve as the local-spatial stream module for TSCNN. Through this CNN structure with different channels, we have
achieved outstanding results for the MER task.

2 Proposed Method

2.1 TSCNN for MER

To enable the readers to better understand the proposed three-stream convolutional neural network (TSCNN), we
draw a picture in Fig. 1 to depict its detailed structure and also show how it deals with micro-expression recognition
(MER) tasks. As Fig. 1 shows, it is clear to see that the proposed TSCNN consists of three-stream CNNs sharing
the same weights, i.e., the static-spatial stream, the local-spatial stream, and the dynamic-temporal stream, which
aims at learning discriminative features for recognizing micro-expressions (ME) from three different cues in ME
video clips.

First, we prepare a static-spatial stream CNN for TSCNN to perform spatial feature learning on a key ME
frame. Note that the key ME frame here can be any one selected from the original ME video clip. However, some
of recent ME works [11,12] showed that the apex frame contains more ME-aware information and hence we suggest
to use the apex frame as the key ME frame for TSCNN.

Second, we also design a local-spatial stream CNN for TSCNN to perform local-spatial feature learning. To
achieve this goal, we use a k × k spatial grid to divide the key ME frame into several facial blocks and then stack
them up to obtain a facial block sequence to serve as the input of local-spatial stream CNN, where the stacking
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(a) Blocking (b) Stacking

Fig. 2. The stacking manner for the facial blocks of key ME frame.

detail is shown in Fig. 2. The main reason of adding the local-spatial stream CNN is mainly inspired by recent
findings in [13,18,26]. Their works have proved that the facial local region information has indeed contributions to
distinguishing different MEs.

Finally, following the work of two-stream CNN [17], a dynamic-temporal stream CNN is also included in TSCNN
to learn the temporal features from ME clips to deal with MER, where optical flow (OF) field images extracted
between the key frame and onset/offset ones are fed to the network such that the temporal discriminative features
can be learned. We will show how to prepare the OF images serving as the input of dynamic-temporal stream CNN
in Section 2.2.

As described above, three different stream CNNs in TSCNN have the same structure and share the same weights
except for the channel number in their input layers. In this paper, we construct this CNN by using five convolutional
layers and three pooling layers, where the stacking sequence of these layers are shown in Fig. 1. For convolutional
operations, the kernel size is set as 5 × 5 and the step size is 1. Zero padding is used to keep the feature map
size unchanged after convolution. We use 64 convolution kernels in the first three convolutional layers and 128
convolution kernels in the others. For three pooling operations, the first one uses a max-pooling with the window
size of 5 × 5 and the remaining two are both the average-pooling with the window size of 3 × 3. All the step
size of the pooling operations are set to 2. Following the last pooling layer, we flatten the feature maps of three
different stream CNNs to a vector form (Dense 1 layer) respectively and then merge them into a super feature
vector (Dense layer#2). Note that in our TSCNN, parametric rectified linear Unit (PReLU) [8] is chosen as the
activation function. Finally, we transform the super feature vector in Dense layer#2 to the one having the same
dimension (Softmax layer) with the ME class number in MER tasks.

Cross entropy is used to calculate the loss function of TSCNN, which can be defined as:

L = − 1

N

N∑
n=1

Y∑
j=1

τ (yn, j) × logPn,j , (1)

where N denotes the number of the training samples, Y is the number of emotion types, yn is the label of nth
training sample and Pn,j represents the value of the prediction that the nth training sample is predicted to be the
jth class. We use the backpropagation algorithm to minimize the loss function of TSCNN. The training optimizer
is the stochastic gradient descent (SGD) algorithm with Nesterov Momentum.

2.2 Preparing OF images for dynamic-temporal stream CNN

In this section, we describe the process of extracting an optical flow field image to serve as the input of dynamic-
temporal stream. Given the input clip, we select the on/set frame and the key fame as the same as we used in
Section 2.1, calculate two sets of optical flow fields between onset frame Fon and key frame Fkey, between key frame
Fkey and offset frame Foff . Each set contains two optical flow fields of horizontal and vertical that respectively
performs the movement of pixels in x and y direction. Thus, the two sets of optical flow fields can completely
represent the movement of ME face from occurrence to peak and then from peak to termination. The function
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flow(F1, F2) takes two matrices as inputs and outputs a horizontal optical flow field X and a vertical optical flow
field Y , ie:

X1, Y1 = flow (Fon, Fkey) (2)

X2, Y2 = flow (Fkey, Foff ) (3)

For the four optical flow field matrices we use min-max normalization:

Hnorm =
Horg − min (Horg)

max (Horg) − min (Horg)
, (4)

where Horg and Hnorm are respectively the matrix before and after normalization. By linearly transforming the
original matrix, all elements fall into the [0, 1] interval. For each ME clip we get four optical flow fields and then
stack them to obtain an n× n 4-channel image, which is the input of dynamic-temporal stream.

We select the onset frame F21, the key frame F54 and the offset frame F76 in the CASME-II database sub01/EP04 02.avi,
calculate and visualize the horizontal and vertical optical flow field and then crop the face area to show our result,
as shown in Fig 3. The emotion label of this sample is anger with the FACS label AU4, which means eyebrows
action. Through the obtained image of the optical flow field, we can visually observe the muscle movements of the
eyebrows during the process from the occurrence to the disappearance of the angry micro-expression.

(a) onset frameF21 (b) key frameF54 (c) offset frameF76

(d) X1 (e) Y1 (f) X2 (g) Y2

Fig. 3. The Example of Preparing Optical Flow Images

3 Experiment

3.1 Experiment Setting

In this section, we conduct extensive MER experiments to evaluate the proposed TSCNN method. Two widely-used
spontaneous ME databases are used in the evaluation experiments. One is CASME II, which is collected by Yan et
al. [22] from the Institute of Psychology, Chinese Academy of Sciences. CASME II contains 247 ME samples from
26 subjects. Each ME sample in CASME II is assigned one of five expression labels including Disgust, Happiness,
Repression, Surprise and Others. SAMM was collected by Davison et al. [3] from Manchester City University,
UK consisting of 159 ME samples from 29 subjects. These samples are divided into 8 MEs. Note that since the
sample number of several MEs in SAMM is extremely small, we pick the ME samples whose number is larger than
10 to conduct the experiments. They are Anger (57), Contempt (12), Happiness (26), Surprise (15) and Others
(26), where the number in the brackets is the sample number of corresponding MEs. As to the experiment protocol
and performance metrics, leave-one-subject-out (LOSO) is adopted to calculate the recognition accuracy and mean
F1-score to report the performance of our MER method.
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Table 1. Results of TSCNN and State-of-the-art Methods For MER on CASME-II

Method Accuracy Mean F1-Score

LBP-TOP [16] 43.78 0.3337

EVM+HIGO [10] 67.21 N/A

FDM [21] 41.96 0.4700

HOOF [2] 76.60 0.5500

CNN-LSTM [9] 60.98 N/A

Spatiotemporal STLBP-IP + KGSL [26] 65.18 0.6254

TSCNN 80.97 0.8070

Table 2. Results of TSCNN and State-of-the-art Methods For MER on SAMM

Method Accuracy Mean F1-Score

LBP-TOP [24] 34.56 0.3456

LBP-SIP [19] 36.03 0.3133

HOG-TOP [10] 36.03 0.3403

HIGO-TOP [10] 41.18 0.3920

LPQ-TOP [14] 38.97 0.2468

TSCNN 71.76 0.6942

3.2 Implementation

We set input image size of CNN in TSCNN as 48 × 48 and the facial block number in local-spatial stream is set to
3. The learning rate is set to 10−3 in the experiment because of the learning difficulties caused by the subtlety of
ME, and the weight attenuation is 10−5, the correction factor is 0.9. Overfitting is prevented by using dropout on
all dense layers and expanding the sample size to 10 times original, that is, 2470 samples in CASME-II and 1360
samples in SAMM, by flipping horizontally and rotating 5/10 clockwise and counterclockwise.

We pre-train the static-spatial stream on the large facial expression database FER2013 [1], and use the saved
weights for initialization, while the local-spatial stream and dynamic-temporal stream are randomly initialized.
We use mini-batch with batch-size of 128, and early stopping with a maximum setting of 200 epochs for network
training. Basically, when the val loss stops improving, the training for each fold will stop.

3.3 Experimental Results

In Table 1 and Table 2, we show the performance of TSCNN in MER task and compare it with several recent
state-of-the-art methods under the LOSO protocol, from which we can see that our TSCNN reached an accuracy of
80.97% and mean F1-score of 0.8040 on CASME-II, 71.76% and 0.6942 on SAMM. It is obviously that our method
has a significant improvement in recognition result compared to the previous methods, that is, an improvement of
4.37% and 7.74% on accuracy compared with the best previous method [2], and of 19.99% and 15.57% on accuracy
compared with the best deep learning method [9, 15]. Our results show that in the MER task, although limited by
the insufficiency of ME training samples, the recognition effect of our TSCNN is not inferior to the image feature
extraction method adopted by most previous researchers. With the perfection of ME database, MER method based
on deep learning will have great potential.

In Fig 4, we calculate the confusion matrix on these two databases in order to see the recognition effect of
TSCNN on each emotion label. For CASME-II database, the TSCNN achieved an encouraged recognition result
especially on Surprise and Others label, but still encountered a bottleneck on the repression label. For SAMM
database, the network did well on anger label, but still not performed well on the contempt and surprise label. This
result is in line with our expectations, because all the poorly performing labels have a small sample size and the
ME faces with these emotions showing a much smaller range of muscle movement, which may still be a stumbling
block to the deep learning method.

In the above experiment, we set the blocking mode of k = 3 for the local-spatial stream. To test whether the
blocking mode is optimal, we tried various blocking modes applied to TSCNN on CASME-II and SAMM. The
experiment results are shown in Table 3, where it is clear to see that what we used has the best results.
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Table 3. The effect of block mode on recognition results on CASME-II

k
CASME-II SAMM

Accuracy Mean F1-Score Accuracy Mean F1-Score

2 77.33 0.7706 63.46 0.5965

3 80.97 0.8070 71.76 0.6942

4 75.67 0.7529 62.13 0.5808

Table 4. Experiment Result of Various Network Structure on CASME-II & SAMM.

Network Structure
CASME-II SAMM

Accuracy Mean F1-Score Accuracy Mean F1-Score

SS 60.20 0.5919 49.27 0.4087

LS 50.36 0.4861 47.43 0.3827

DT 73.85 0.7288 70.88 0.6760

SS+LS 63.73 0.6160 50.44 0.4327

LS+DT 76.15 0.7551 59.63 0.5376

DT+SS 73.68 0.7344 66.77 0.6444

TSCNN 80.97 0.8070 71.76 0.6942

SS: static-spatial stream, LS: local-spatial stream, DT: dynamic-temporal stream

Furthermore, in order to analyze our network structure in depth and find the most prominent module, we
then compare the results between TSCNN with the network that only retains static-spatial&local-spatial, local-
space&dynamic-temporal, dynamic-temporal&static-spatial stream, and network that only retains a single stream.
The results on two databases are shown in Table 4, from which we can see that the TSCNN we propose in this work
has a significant improvement on the results compared with the single-stream or two-stream network, where the
biggest contribution to the improvement is the dynamic-temporal stream, which is also in line with our subjective
cognition, because the calculated image of the optical flow field can really make us observe the two-dimensional
projection of the movement of ME very intuitively and easily to distinguish ME categories.

4 Conclusion

In this paper, we focused on the micro-expression recognition(MER) task and proposed our three-stream convolu-
tional neural network (TSCNN), which mainly composed of static-spatial stream, dynamic-temporal stream, and
local-spatial stream. TSCNN learns ME-discriminative features by fusing the spatial, temporal and facial local
region cues of the micro-expression video clips. To evaluate the performance of our method, we conduct extensive
experiments on two public available ME databases, i.e., CASME-II and SAMM. Experimental results showed that
our TSCNN has promising performance in dealing with MER problem and outperforms most of existing state-of-
the-art methods. Although TSCNN has made a good result in MER, we think there are still several limitations in
our works, which are worth further investigating.

A reliable apex frame detection algorithm. We take apex frame as our key frame, whose location accuracy
determines the input quality of TSCNN. In the experiment, we use the index value that is given by the database,
but inevitably we will need to integrate the functionality of apex frame detection into our model, which leads to
another key issue in the field of MER, micro-expression spotting(MES). On the way to MER to practical applications,
the MES problem needs to be tackled by more researchers.

An efficient online optical flow calculation model. In our method, dynamic-temporal recognition stream plays a
key role, which dependents on the calculation of optical flow. But the calculation takes a long time consumption
and needs to be offline, which becomes a stumbling block to the application of this method to real-time recognition
of MEs. We will begin to study faster optical flow calculation methods in the future to facilitate our approach to
real-time identification.
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Disgust 0.77 0.04 0.00 0.00 0.19

Happiness 0.04 0.77 0.00 0.03 0.16

Repression 0.00 0.21 0.53 0.04 0.23

Surprise 0.00 0.00 0.00 0.90 0.10

Others 0.05 0.04 0.01 0.00 0.90

Disgust Happiness Repression Surprise Others

0.8

0
0.6

0
0.4

0
0.2

(a) CASME-II

Anger 0.98 0.00 0.00 0.01 0.00

Contempt 0.53 0.26 0.08 0.06 0.08

Happiness 0.20 0.03 0.52 0.09 0.15

Surprise 0.41 0.00 0.07 0.40 0.13

Others 0.08 0.08 0.05 0.06 0.72

Anger Contempt Happiness Surprise Others

0.8

0
0.6

0
0.4

0
0.2

(b) SAMM

Fig. 4. Confusion Matrix of TSCNN on CASME-II and SAMM.
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