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Abstract
Microexpressions cannot be observed easily due to their short duration and small-expression range. These properties pose
considerable challenges for the recognition of microexpressions. Thus, video motion magnification techniques help us to see
small motions previously invisible to the naked eye. This study aimed to enhance the microexpression features with the help
of motion amplification technology. Also, a motion magnification multi-feature relation network (MMFRN) combining video
motion amplification and two feature relation modules was proposed. The spatial feature is enlarged while completing the
spatial feature extraction, which is used for classification. In addition, we transferred Resnet50 network to extract the global
features and improve feature comprehensiveness. The magnification of the features is controlled through hyperparameter
amplification factor α. The effects of different magnification factors on the results are compared, and the best is selected.
The experiments have verified that the enlarged network can resolve the misclassification problem caused by the one-to-one
correspondence between microexpressions and facial action coding units. On CASME II datasets, MMFRN outperforms the
traditional recognition methods and other neural networks.

Keywords Micro-expression · Motion amplification · Relation module · Resnet · Transfer learning

Introduction

Microexpressions are smallmovements of human facialmus-
cles that usually occur when someone deliberately conceals
or suppresses their true feelings. Compared to macroex-
pressions, microexpressions are of short duration, have a
small-expression amplitude, and are difficult to observe.
A microexpression usually occurs for 1/25 to 1/5 s [1];
therefore, it is difficult to capture, even for well-trained pro-
fessionals.

The study by Ekman and Friesen [2] has shown that
microexpressions are expressions that occur quickly and are
unconscious for people. When people are trying to suppress
their current emotions, their true emotions could be expressed
through microexpressions. Thus, an accurate judgment of
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microexpressions is significant in the fields of public secu-
rity, polygraph detection, and mental health.

In 2009, Shreve et al. [3] first presented amicroexpression
recognition technique based on optical flow, which detected
the optical flow in key regions of face such as chin, cheek,
and forehead in image sequence, and used central difference
method to recognize microexpressions. In 2014, Gautam
Krishna et al. [4] proposed amethod usingEuler video ampli-
fication technology to amplify microexpression features, and
then extract Histogram of Oriented Gradients (HOG) fea-
tures of enlarged images for microexpression recognition.
In 2016, Kim et al. [5] put forward a model combining
Convolution Neural Network (CNN) and Long Short-Term
Memory (LSTM) to classify microexpressions. The spa-
tial and temporal characteristics of microexpressions were
used, which improved the classification performance com-
pared with the traditional methods. This work has inspired
many researchers, and many subsequent methods [6] have
been improved on the basis of CNN combined with LSTM
network structure. In 2019, Li et al. [7] applied the 3D flow-
based CNN model to extract deeply learned features that are
able to characterize fine motion flow arising from minute
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facial movements, and finally achieved a good performance
of 59.11% accuracy. In 2021, Wu et al. [8] used the tempo-
ral sampling deformation (TSD) to normalize the temporal
lengths and conserve time-domain information for microex-
pression sequences and optimized a three-stream combining
2D and 3D convolutional neural network (TSNN) to classify
the expressions as well, which achieved 75.49% accuracy
and 61.42% F1-score.

Video motion magnification techniques can help people
to observe the imperceptible movements by magnifying the
small changes in the videos, such as those of vibrating air-
plane wings or buildings swaying under the influence of
the wind [9]. Currently, there are two mainstream theo-
ries of motion amplification technology: Lagrange theory
based on the prediction of motion behavior and Euler theory
based on the frequency and time domains. In recent years,
motion amplification algorithms have been developed based
on Euler’s theory. In 2018, Oh et al. [9] proposed a deep
learning-based motion amplification network to replace the
manual filter that was designed before convolutional neural
network prevailing. This study achieved high-quality magni-
fication in tests. We expect to use the motion amplification
algorithm to enlarge the microexpression features and facil-
itate the recognition and classification of microexpressions.
On the other hand, based on the neural network video magni-
fication algorithm, we performed feature amplification while
performing feature extraction instead of using video magni-
fication as a preprocessing step.

Relation network appeared in the field of object detection
first. Influenced by the attention model in natural language
processing, object detection utilizes the correlation between
objects in the image or the image context to optimize the
detection effect. In 2018, Hu et al. [10] presented an object
relationmodule to describe the relative geometry and appear-
ance feature between the objects, which were appended as
attention to the original features for regression and classi-
fication. This module realized the end-to-end training and
also improved the detection effect. Thus, applying the rela-
tion module to extract the relative geometry and appearance
feature between the microexpression frames improves the
classification accuracy.

The present study proposes a motion magnification multi-
feature relation network (MMFRN) based on a combination
of motion amplification networks and two feature rela-
tion modules. MMFRN combines motion amplification and
multi-feature relation module to amplify small facial move-
ments and extract inter-frame global and local relation for
microexpression recognition. Finally, the evaluations and
experiments on CASME II datasets revealed that MMFRN
is superior to the traditional recognition methods and other
neural networks.

The contribution of our work can be summarized in three
aspects. First, we innovatively introduced motion magni-
fication networks to amplify the microexpression features,
which is conducive to subsequent recognition and classifica-
tion. In magnification module, the enlarged difference shape
features are no longer superimposed on the original image,
but are directly used for recognition, which greatly reduced
the artifacts generated by the environmental background in
the amplification process and improved the accuracy of sub-
sequent recognition. The magnification of the features is
controlled through hyperparameter amplification factor α.
The effects of different magnification factors on the results
are compared, and the best is selected. The results showed
that the magnification network improves the misclassifi-
cation problem caused by the one-to-one correspondence
between microexpressions and facial coding units when the
magnification is appropriate.

Second,wedesigned amotionmagnificationmulti-feature
relation network (MMFRN) combining video motion ampli-
fication, a global feature extraction module, and two feature
relation modules. The network applies amplification mod-
ule to amplify the features of microexpressions, and then
classifies them according to the relation between the global
and local features of microexpressions. Compared with other
methods, the proposed network achieves the state-of-the-art
results.

Third, according to the requirements of Facial Micro-
expression Grand Challenge 2019 (MEGC2019) [11], we
used CASME II dataset to identify microexpressions in sur-
prise, positive and negative categories. The experimental
results indicate that the proposed network has a high recog-
nition effect on the newly divided dataset three categories’
experiment. Besides, we explored the influence of the apex
frame in input, and introduced the SSIM parameters to illus-
trate the similarity of the two frames in terms of brightness,
contrast, and structure. We calculated the SSIM parameters
of each frame and the first frame, and then selected the dif-
ferent frames with the lowest SSIM parameter as input. The
experimental results demonstrated that SSIMmethod to filter
the input can replace the apex frame as the input.

Materials andmethods

The used dataset and the proposed network structure are
described. As mentioned above, microexpressions involve
small human facial movements that are hidden deliberately
and cannot be recognized or observed easily. In this instance,
we apply motion video magnification technology to mag-
nify small motions for easy observation and feature relation
extraction in subsequent algorithms.

123



Complex & Intelligent Systems (2022) 8:3363–3376 3365

Dataset

The Fu Xiaolan team proposed three datasets, CASME,
CAS (ME) [12], and CASME II [13], in 2011, 2013, and
2014, respectively. The CASME II dataset used a 200 fps
high-speed camera to collect 255 microexpressions from 26
volunteers under good lighting conditions. The dataset was
marked with a microexpression start frame, a microexpres-
sion end frame, and a frame with the strongest microex-
pression manifestation for each microexpression. The facial
motion coding system associates facial muscle movements
with facial expressions. An expression can be created by
multiple facial muscle actions. In the CASME II dataset,
researchers labeled the facial muscle movements for each
sample. Although samples can be represented by a com-
bination of facial action unit codes, the dataset still has a
small number of samples that cannot be accurately deter-
mined by action units (AU), and this situation is classified
under “Others,” as shown in Table 1. No one-to-one corre-
spondence is observed between the expressions and facial
coding. A facial AU appears in multiple expressions, such as
AU4 and AU12; an expression is also represented by a com-
bination of multiple action units. This gives rise to several
challenges for the classification of microexpressions. There-
fore, facial AUs should be classified instead of expressions.
However, it is difficult for nonpsychological researchers to
judge themeaning of an expression based on the combination
of facialAUs, andhence,wechose to classify the expressions.

The dataset contains seven microexpressions: happiness,
disgust, fear, sadness, surprise, repression, and others. Since
the amount of fear and sadness is small in CASME II, these
expressions were manually removed in several studies [14].
However, in this study, we continued this approach. After
removing fear and sadness, 246 instances of the remaining
five expressions were recorded (happiness, disgust, surprise,
repression, and others). Finally, we selected the data of a total
of 246 microexpressions from the five categories in CASME
II as the evaluation dataset.

However, the amount of data between the five categories is
not balanced. The specific data are shown in Table 1. Others
comprise 40.2% of the data, and surprise comprises only
10.1%. This data imbalance increases the bias of network
learning.

MMFRN structure

TheMMFRNwe proposed is composed of three parts: a spa-
tial feature amplification network, a global feature extraction
module, and a multi-feature relation module. As shown in
Fig. 1, the magnification module is a spatial feature ampli-
fication network, Resnet50 is a global feature extraction
network, and the relation module is a multi-feature relation

network. These three networks are connected through con-
catenation functions. After the relation network, the Flatten
layer is added, and finally, softmax is applied to recognize
the microexpressions.

Micro-expression motion magnification

The definition of motion magnification was followed of the
study by Wu et al. [15] and Wadhwa et al. [16]. Each frame
of a video containing motion can be represented by Eq. (1)

I (x , y, t) = f (M(x , y) + δ(x , y, t)), (1)

where (x , y) represents the pixel coordinates in the image.
M(x , y) represents the pixel space in the image that is not
related to time, and δ(x , y, t) represents the pixel space in
the image sequence that changes with time. f () represents
the Fourier function.

After motion magnification, the enlarged image can be
expressed by Eq. (2)

Ĩ (x , y, t) = f (M(x , y) + α · δ(x , y, t)), (2)

where α is the amplification factor.
The movement offset of two similar moments can be cal-

culated by Eq. (3)

�h(x , y, t) = h(x , y, t) − h(x , y, t ′), (3)

where h(x , y, t) represents the displacement function of the
target at (x , y) with time t.

Equation (3) shows that �h(x , y, t) represents the devi-
ation of the displacement between the two time points. The
magnification of the motion amplitude is also the magnifi-
cation of the displacement deviation between the two time
points, such that the motion amplification can be expressed
by Eq. (4)

h̃(x , y, t) = h(x , y, t) + β · �h(x , y, t), (4)

where β is the amplification factor.
The facial expression images were collected continuously

to form an image sequence, and each frame reflects the facial
expression change. Therefore, any two frames in the image
sequence could be used to represent the changes in facial
expression at two moments. Then, Eq. (3) is applied to esti-
mate the difference in the two images at different moments,
as shown in Eq. (5)

�h(x , y, t) ≈ δ(x , y, t). (5)
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Table 1 CASME II face coding
expression and distribution Happiness Disgust Surprise Repression Others Sum

Action units 1, 6, 7, 12,
14, 15

2, 4, 5, 6, 7,
9, 10

1, 2, 12, 14,
25, 26, 38

12, 14, 15,
17

4, 6, 7, 12,
14, 15,
17, 38

Class codes 0 1 2 3 4

Number/percent 32/13.0% 63/25.6% 25/10.1% 27/10.9% 99/40.2% 246

Fig. 1 MMFRN structure

According to Eqs. (4) and (5), the small motion in the cap-
tured image sequence can be enlarged by Eq. (6) as follows:

h̃(x , y, t) = f (M(x , y) + α · δ(x , y, t)). (6)

The facial movements represented by the facial expres-
sions corresponding to the microexpressions show that the
facial features play a critical role in expressions. For exam-
ple, a clear change in the common facial action AU4 is the
reduction of eyebrows, and a clear change in AU12 is the rise
of the corners of the mouth. In the image, the shape of the
facial features is more prominent than the texture features.
Thus, we speculated that the shape features are more impor-
tant than the texture features in microexpression recognition.
This phenomenon is also displayed by the output image of
the network encoder module during training (Fig. 2).

Although their duration is short, the microexpressions
captured by a high-speed camera can still last for dozens of
frames. These images can be considered as having time con-
tinuity. A microexpression does not change suddenly within
its duration, and therefore, after extracting and enlarging the

spatial features of a single frame image, the relation network
can be used to extract the relative geometry and appearance
relations of the enlarged features.

Mainstream microexpression datasets use high-speed
cameras (200 fps) to collect samples; this ensures the col-
lection of changes in the microexpressions. However, due to
the tiny changes in facialmovements of themicroexpressions
and the high-speed camera having a short frame acquisition
time (5 ms), the differences in the image between adjacent
frames, i.e., the motion offset, �h, is small, as shown in
Fig. 3a, which is not conducive to subsequent feature extrac-
tion and amplification.

To increase the motion offset �h, we used the microex-
pression start frame (onset frame), microexpression end
frame (offset frame),microexpressionmaximumframe (apex
frame), and the middle frame (mid-frame) between the
microexpression start frame and the microexpression maxi-
mum frame with the microexpression labeled in the dataset.
A total of four frames were arranged in chronological order,
wherein themicroexpressions occur as the input ofMMFRN.
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Fig. 2 Encoder output image

Onset Frame Onset Frame+1 Onset Frame+2 Onset Frame+3

(a) Image difference between adjacent frames

Onset Frame Mid Frame Apex Frame Offset Frame

(b) Network input with four frames of image difference

Fig. 3 Comparison of microexpression image difference. a Image difference between adjacent frames. b Network input with four frames of image
difference

The inter-frame motion offset Δh input from the network is
shown in Fig. 3b.

We magnified the image lossless by five times and used
grid lines to show the tiny differences in the eyebrows of the
four frames, as shown in Fig. 3b. The mesh is an enlargement
of the eyebrows. It can be observed from Fig. 3b that the
eyebrows in the apex frame exceeded the bottom grid line,
while the other frames did not. In addition, the proportion

of black pixels in the fourth row and column of the apex
frame is the largest, which is significantly higher than that
of other frames. For the sunken area above the eyebrow, the
sunken location of the largest frame exists more obvious in
the second row and column of the grid, while others do not
occupy a large proportion in this grid.

The spatial feature amplification network is designed
based on deep learning which takes the feature extraction
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Fig. 4 Spatial feature
amplification network structure.
a Magnification overall
framework. b Encoder module.
c Res.Blk. d Manipulator
module. e Decoder module

and feature amplification functions into account. It is also
composed of three modules, as shown in Fig. 4a. However,
due to its different tasks, this network has made some dele-
tions and modifications in specific modules compared to the
deep learning amplification network. In the original network,
the encoder and decoder implemented end-to-end network
inputs and outputs of arbitrary dimensions for the fully con-
volutional network. A residual network was used to ensure
the quality of the output image. However, in the classification
task, it is not necessary to ensure that the output and input
dimensions are consistent; therefore, the decodermodulewas
redesigned.

The encoder demonstrated that it could decompose the
texture and shape features of the image in the network. In

the foregoing analysis, shape features are more important
for facial expression analysis than texture features, and so
only the shape part of the encoder module is used. Simul-
taneously, to reduce the feature dimension and increase the
number of features, the convolutional layer before the two
residual layers is modified to a step size of 2, and the con-
volutional kernel is set to 64. The specific network structure
is shown in Fig. 4b. Conv < c > _k < k > _s < s > denotes
a convolutional layer of c channels, k × k kernel size, and
stride s. The internal structure of Res.Blk. is shown in Fig. 4c.
The channel, kernel, and stride of the convolutional layer in
Res.Blk. are consistent with the parameters of the previous
layer.
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The manipulator module is the core module for feature
amplification. It also makes specific modifications based on
the deep learningmotion amplification network. The specific
network structure is shown in Fig. 4d. For the detection and
recognition of microexpressions, the changes in the expres-
sions are under intensive focus; therefore, in the manipulator
module, the motion is no longer superimposed on the origi-
nal image aftermagnification. In addition, because the output
dimension of the encoder module changes, the convolutional
kernel dimensions of all convolutional layers in the manipu-
lator are adjusted to 64.

The decoder module has been redesigned to match the
input of the relation network. Then, two convolutional layers
with a size of 3× 3 are used to reduce overfitting and increase
the nonlinearity of the network. To further reduce the feature
size and increase the number of features, the unified step size
of the convolutional layer is set to 2, and the convolutional
kernel dimensions of the two convolutional layers are 128 and
256, respectively. The specific network structure is shown
in Fig. 4e. To meet the input of the relation network, the
concatenation function is connected after flattening.

Multi-feature relation module

The magnification module removes the texture features of
microexpressions and only extracts the shape features for
amplification. To reduce the dimension of the features and
increase the number of features, the strides of many layers
were set to 2, which led to the loss of many global fea-
tures. To improve the comprehensive features, we transferred
Resnet50 to extract the microexpressions global feature to
assist in the recognition. After the magnification and global
feature extraction, the global feature and the magnified
changing shape feature were fed into the relation module,
respectively, to extract the relations of global and local fea-
tures between themicroexpression frames, finally combining
the two relations to classification.

The feature relation module refers to the object relation
module proposed byHu et al.[10]. First, theweight of relative
geometry and appearance feature between the mth microex-
pression frame and the current nth frame was calculated, as
shown in Eqs. (7) and (8). The computation of ωmn

G requires
the calculation of the relative geometrical features of two
frames and then embedding the four-dimensional relative
geometry features into higher dimensions to obtain the fea-
tures εG( f mG , f nG). Then, the embedded feature was dotted
with WG to obtain the weight of scalar ωmn

G . If the weight is
< 0, then assign 0. In the equation, f A and fG represent the
appearance feature and relative geometry, and ωmn

A and ωmn
G

are weights, respectively. WK , WQ , WG, WV are transfor-
mation matrix, fR(n) is the output of local relation module,
Nr is the number of the local relation module, and dk is the
feature dimension

ωmn
A = dot

(
WK f mA , WQ f nA

)

√
dk

(7)

ωmn
G = max

{
0, WG · εG

(
fmG , fnG

)}
. (8)

The total weight combines the weights of these two fea-
tures, which are then normalized as Eq. (9)

ωmn = ωmn
G · exp(ωmn

A )
∑

kω
kn
G · exp(ωkn

A )
(9)

According to the total weight of themth relative to the nth
frame, the output of every local relation module was calcu-
lated using Eq. (10)

fR(n) =
∑

m

ωmn · (
WV · f mA

)
. (10)

Then, all the local relation module features were concated
and superimposed on thenth frame’s original feature to output
the new features, which have the same number of channels
as before (Eq. 11)

f nA = f nA + Concat
[
f 1R(n), . . . , f Nr

R (n)
]
, for all n (11)

The structure of the feature relation module is shown in
Fig. 5.

The flattened layer is added to the relation model to
transform the relation features into one-dimensional vec-
tors. These vectors of global and local feature relations are
concated, and the output of the concatenate function is nor-
malized by the softmax function to obtain the final prediction
vector.

General network configuration

The MMFRN network is implemented in tensorflow-gpu =
2.2.0, python = 3.6, cuda = 10.0, and cudnn = 7.4. Next,
we use Adam[17] as the optimizer to minimize the softmax
cross-entropy loss function with batch size 4. A learning rate
of 0.00001was set at decay of 0.000001.Moreover, the learn-
ing rate was tuned to be smaller than the typical rates because
of the subtleness of amicroexpression, which poses difficulty
for learning [14]. Specific settings are shown in Table 2.

Owing to the small dataset, the training epoch is set to
50, and as mentioned above, CASME II dataset contains 246
microexpressions, and the batch size is set to 4. Therefore, 62
steps are required to complete each epoch. We set the epoch
to 50 and trained about 3000 steps. However, in the actual
training process, the loss function decreases rapidly. To avoid
meaningless training steps, the network is set to end training
in advance when the average loss function of total training
steps is < 0.05. The loss-of-function is illustrated in Fig. 6.

123



3370 Complex & Intelligent Systems (2022) 8:3363–3376

Fig. 5 Feature relation module
structure [10]

Table 2 Experimental environment and settings

Environments Loss function Optimizer Learning
rate

Decay Epoch Batch
size

Tensorflow-gpu = 2.2.0, python = 3.6,
cuda = 10.0, and cudnn = 7.4

The cross-entropy loss function Adam 0.00001 0.000001 50 4

Fig. 6 Loss function convergence

Results

Experiments

CASME II-provided cropped video frames were used as the
network input. To match the network’s size requirements for
input images, all images were resized to 256 × 256. For
machine learning problems and classification tasks on highly
skewed databases (such as CASME II), the accuracy rate was
an inadequate measure of the effectiveness of a classifier
despite its popularity in the literature [18].

The accuracy cannot consider the classification perfor-
mance of the method for each category. A small number
of categories have a much smaller impact on accuracy than

a larger number of categories. In other words, accuracy is
affectedby theweight of the number of categories. In addition
to using accuracy as the evaluation standard for themodel, the
Macro-F1-score and unweighted-average-recall (UAR)were
also used as the evaluation standards for the model [19]. The
evaluation bias due to imbalanced datasets is avoided.

Precision (Precision) reflects the proportion of all types
of data in each category that is correctly predicted. Recall
(Recall) reflects the proportion of correctly predicted data in
all the categories of data predicted for the specific category.
UAR calculates the recall rate for each category separately
and then averages them by category. The unweighted rep-
resentative average was not related to the number of each
category but only the number of categories. The F1-score is
a parameter that reflects the performance of themodel by two
indicators of comprehensive precision and recall, as shown in
formula (12), where P represents precision and R represents
recall

F1 = 2 × P ∗ R

P + R
(12)

The Macro-F1 score calculates the F1 score value of each
category separately and an unweighted average. As shown in
Eq. (13), N is the number of categories

Macro − F1 =
∑N

i=1F1i
N

(13)
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Table 3 Performance of the proposed methods vs. other methods of
microexpression recognition

Methods F1-Score UAR Accuracy/WAR

LBP-TOP [20] 0.2941 0.3094 0.4595

LBP-SIP [21] 0.4480 N/A 0.4656

Adaptive MM +
LBP-TOP [19]

N/A N/A 0.5191

FDM [22] 0.4053 N/A 0.4593

EVM + HIGO [24] N/A N/A 0.6721

CNN-LSTM [25] N/A N/A 0.6098

ELRCN-TE [6] 0.5000 0.4396 0.5244

3D-FCNN[7] N/A N/A 0.5911

Residual Network
with Attention[26]

0.5390 N/A 0.6590

TSNN-IF [8] 0.6142 0.6000 0.7549

MMSTMN-1 0.4950 0.4880 0.5104

MMSTMN-80 0.6328 0.6240 0.6351

To avoid deviations caused by different subjects, the per-
formance of the network was tested using leave-one-subject-
out (LOSO) cross-validation. Table 3 shows a comparison of
the results of different methods. In addition to using accu-
racy as the evaluation standard for the model, the Macro-F1
score andUARare also used as the evaluation standard for the
model [19]. The evaluation errors due to imbalanced datasets
are avoided.

At the amplification factor α = 1, when the network is not
amplified, the MMFRN method has advantages over some
methods and is superior to LBP-TOP [20], LBP-SIP [21],
and FDMmethods [22]. This shows thatMMFRNcan extract
and classify the microexpression-related features. When the
amplification factor α is set to 80, the result of MMFRN is
improved significantly compared to when it is not amplified.
Also, compared to other methods, MMFRN has achieved
better results on the Macro-F1 score and UAR.

Table 4 compares the network results of multiple mag-
nification factors by changing the magnification factor α,
followed by the analysis of the effect of different magni-
fications on the feature magnification, which would affect
the MMFRN method. Thus, an optimal magnification fac-
tor should be selected. The results of multiple magnification
factors are shown in Table 4. The histogram is shown in
Fig. 7. When the magnification factor α = 1, the feature
is not magnified, and the result is used as a baseline value.
Table 4 illustrates that when the magnification factor α =
80, the results of the three indicators of Macro-F1 score,
UAR, and accuracy are optimal and better than the baseline
value. Figure 7manifests that not all other values with amag-
nification factor > 1 are better than the baseline results. For
example, when α = 70, all three indicators are lower than the

Table 4 Comparison of results between various magnification factors

α Macro -F1-score UAR Accuracy

1 0.494987 0.488 0.510406

10 0.523321 0.500 0.539782

20 0.541637 0.525 0.553265

30 0.560432 0.550 0.588373

40 0.542631 0.529 0.559413

50 0.556983 0.536 0.563183

60 0.591470 0.580 0.615691

70 0.480804 0.472 0.508130

80 0.632770 0.624 0.635122

90 0.505728 0.493 0.522448

100 0.544846 0.54 0.566911

baseline values.Acomparisonof the results betweenmultiple
magnifications indicates that magnification is not positively
correlated with the results. Thus, selecting an appropriate
magnification factor improves the final classification result.

To further analyze the impact of the magnification factor
on the results of each classification, the baseline (α = 1), the
best overall performance (α = 80), the worst overall perfor-
mance (α = 70), the attenuating performance (α = 100), and
randomly selected magnification (α = 30 and 60) draw six
confusion matrixes (Fig. 8). Figure 9 shows the plots of the
UAR of these six magnification factors for each class.

As shown in Fig. 8, the classification effects of category 2
(surprise) and category 4 (others) are significantly better than
that of the other three categories for each magnification fac-
tor, and the classification effect of category 3 (repression) is
significantly lower than the remaining four categories, except
for the baseline. TheMMFRN network is good at classifying
categories 2 and 4, but the classification effect of category 3
is poor.

The confusion matrix in Fig. 8 shows that in each ampli-
fication factor, most of the other classes are divided into
category 4 (others), especially category 1 (disgust) and cat-
egory 3 (repression). This finding could be ascribed to the
fact that the others category contains the largest proportion
of the dataset (40.2%).

Category 4 (others) in the CASME II dataset consists
mostly of the AU4 action in the face coding system; more-
over, AU4 appears in multiple expressions. In category 1
(disgust), only 3/63 categories do not contain action AU4.
As shown in Fig. 8, in the baseline result, 56% of category
1 data were classified as category 4, which exceeded its own
recall rate of 32%; after amplification, the above situation
was improved. When the magnification factor α = 60, the
recall rate of category 1 is increased to 60% and mistakenly
classified as category 4 and decreased to 33%.
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Fig. 7 Comparison of results of
different magnification factors

In categories 0, 2, and 3, the best performance is achieved
when the magnification factor α = 80; in category 1, the
best performance is achieved when the magnification factor
α = 60; in category 4, the performance is best when the
magnification factor α = 70. Thus, the comparison of the six
amplification factors did not reveal any single amplification
factorwith optimal performance in each category. Theoverall
result is optimal when the magnification factor is 80.

Compared to the results of category 3, the results of the
magnification factor α = 70 are lower than the baseline
results, indicating that the classification results after magni-
fying the feature are not better than the unmagnified results.
Thus, it is necessary to choose an appropriate amplification
factor. After using the appropriate magnification factor (α =
80), compared to the baseline results, five categories showed
a better performance; 20% improvement was achieved in cat-
egories 0 and 1. Compared to the other methods, the final
results obtained by means of the appropriate amplification
factors have obvious advantages.

Supplementary experiment

Three categories’ experiment

Facial Micro-expression Grand Challenge 2019
(MEGC2019) simplified the microexpressions into general
emotion categories, namely negative, positive, and surprise,
to adapt to different stimuli and environmental setups of
various datasets, which reduce ambiguity among the emo-
tion categories [23]. According to MEGC2019 competition
requirements, happiness in the CASME II dataset is divided
into positive category, while disgust and repression are
classified into negative category, and surprise is divided
into surprise category. Then, we tested the performance of

MMFRN on the newly divided CASME II dataset at the
optimal magnification factor. Table 5 reports our results
compared to other methods, revealing that MMFRN is much
better than the other four methods on the Macro-F1-score,
UAR, and accuracy. To reflect the classification more intu-
itively, we draw the confusion matrix of MMFRN, as shown
in Fig. 10, where categories 0, 1, and 2 represent surprise,
negative, and positive, respectively.

As can be seen from the confusion matrix in Fig. 10, on
the newly divided CASME II dataset, MMFRN has high
recognition accuracy for all three categories. In the surprise
category, accuracy is maintained as high. In both negative
and positive categories, recognition accuracy improves, espe-
cially in the negative category, and the accuracy is increased
by about 30%. This phenomenon could be attributed to the
fact that on the newly divided dataset, the negative emotion
category accounted for the largest proportion, and the bias
effect of other categories in the original CASME II dataset
was removed. In conclusion, the experimental results showed
that the MMFRN network has excellent performance on the
original CASME II dataset five categories experiment and
a high recognition effect on the newly divided dataset three
categories’ experiment.

SSIM experiment

To increase the microexpression changes between input
images, the apex frame was used as an input image of
MMFRN; also, the influence of the apex frame as input was
explored. The SSIM parameters illustrated the similarity of
the two images in terms of brightness, contrast, and struc-
ture. As shown in Eq. (14), (x , y) represents the two input
images,μ represents themean, σ represents the variance, and
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Fig. 8 Confusion matrix with
different magnifications. a α = 1.
b α = 30. c α = 60. d α = 70.
e α = 80. f α = 100

c avoids division by zero

SSIM(x , y) = (2μxμy + c1)(2σxy + c2)

(μ2
x + μ2

y + c1)(σ 2
x + σ 2

y + c2)
(14)

Herein, we used the microexpression data to calculate the
SSIM parameters of each frame and the first frame of the
image. The experimental results demonstrated that the differ-
ence frame with the lowest SSIM parameter is not consistent

with the apex frame. Hence, the difference frame was used
instead of the apex frame as input for theMMFRN. Then, we
calculated the distance between the difference frame and the
start and end frames. The middle frame between the greater
distance frame and the difference frame was selected as the
mid-frame. Therefore, the input of MMFRN becomes the
start frame, newmid-frame, difference frame, and end frame.

Table 6 shows the comparison between the inputs using
the apex and the difference frames. The results of the two
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Fig. 9 Comparison chart of each
type of recall with different
magnifications

Fig. 10 Confusion matrix of three categories experiments

Table 5 Comparison of results on three categories

Methods F1-Score UAR Accuracy/WAR

CapsuleNet2019
[27]

0.7068 0.7018 N/A

TSCNN2019 [28] 0.6913 0.6879 N/A

CBAMNet2020 [29] N/A N/A 0.6993

AU-ICGAN2020
[30]

0.3550 N/A 0.7120

MMFRN-80 0.7520 0.7530 0.7881

input methods were similar. Using the difference frame as
input when magnifying by 100 yielded a better UAR result

than the apex frame input. Therefore, the SSIM method to
filter the input can replace the apex frame as the input.

Discussion

As can be seen from Table 4, the classification result is
not positively correlated with the magnification factor. With
the increase in magnification factor, recognition accuracy
increases, followed by a decrease, except when the ampli-
fication factor is 70. This phenomenon could be attributed to
the increased magnification factor in an appropriate range;
subsequently, the microexpression features are well ampli-
fied with an improved classification effect. However, when
the amplification factor increases, the microexpression fea-
tures amplify the noise significantly, which interferes with
the classification.

As mentioned above, each type of microexpression has
multiple facial action units. For example, both happiness and
surprise categories contain AU12, which represents the vari-
ation of the corners of the mouth. In the surprise category,
the corners of the mouth are raised slightly, while in the hap-
piness category, these are raised markedly. However, when
the magnification factor is large, such as 100, the network
will magnify the extent to which the corners of the mouth
are raised, such that surprise may be misclassified as hap-
piness, and as a result, the network performance declines.
The confusion matrix illustrates this phenomenon (Fig. 8).
For example, when the magnification factor α is 1, 30, 60,
70, or 80, category 2 data (surprise) are hardly classified as
category 0 (happiness), but when the magnification factor α

= 100, 18% of category 2 data are misclassified as category
0, leading to a decline in classification.

The experiments demonstrated that the motion magnifica-
tion network improves the misclassification problem caused
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Table 6 Comparison of input results

Methods F1-score UAR Accuracy/WAR

MMFRN-1 0.4950 0.488 0.5104

MMFRN-80 0.6328 0.624 0.6351

MMFRN-100 0.5448 0.540 0.5669

MMFRN-SSIM-1 0.4834 0.493 0.5053

MMFRN-SSIM-80 0.6164 0.627 0.6185

MMFRN-SSIM-100 0.5729 0.639 0.5853

by the one-to-one correspondence betweenmicroexpressions
and facial coding unitswhen themagnification is appropriate.
The experimental comparison between multiple amplifica-
tion factors provides an overall optimal amplification factor
α. Simultaneously, the optimal amplification factors cor-
responding to the expressions of each category were not
consistent. If an optimal amplification coefficient for each
category is detected, the performance can be improved fur-
ther.

Thus, a large number of experiments need to be con-
ducted to find the optimal amplification factor for each type
of microexpression in the future. Hence, we design a classifi-
cation amplification network, which uses the corresponding
amplification factor to amplify each type of microexpres-
sion, such that the classification performance of the network
is improved significantly.
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