Microexpression to Macroexpression: Facial Expression Magnification
by Single Input
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Abstract— Microexpressions are expressions that people in-
advertently express, and therefore often represent a person’s
true emotion. However, because it has a low intensity and
a short duration, it is hard to be recognized correctly. In
this paper, we propose a deep learning magnification method
to generate macroexpressions from a single microexpression
image. In the first stage, we extract the expression information
from a single microexpression image. Then, We combine the
idea of cyclegan and optical flow consistency to model the
extracted expression features as the optical flow field between
the neutral face and microexpressions. To extract a reliable
optical flow field from the expression information, we design
an optical flow refiner. In the second stage, we adopt an encoder-
decoder network and let it learn to magnify the optical flow.
Finally, the magnified optical flow guided the microexpression
images to generate macroexpression images. We compare our
single input based network with current two-frames-input based
networks. The results show that our method performs better,
even in wild images. We fed our magnified images directly
into a simple ResNetl8 network for recognition, achieving a
competitive score under the MEGC2019 standard, compared
with recent complex recognition networks.

I. INTRODUCTION

In daily life, in addition to macroexpressions(ordinary
facial expressions), there is a special type of expression
called "microexpressions" (MEs). In the physical sense,
microexpressions have a movement trend corresponding to
macroexpressions, but this trend is very weak. ME was
first discovered by Haggard and Isaacsl [1] in 1966 during
a psychotherapy session. Microexpressions usually uncon-
sciously occur and only when an emotion is present, so it
often is the most real emotions. Due to its reliability, the
analysis of ME has broad application prospects [2], [3], [4]
and can be applied in research, psychology, medical treat-
ment, law enforcement, business negotiation and other fields.
However, microexpressions are more difficult to recognize
than macroexpressions. The duration of microexpressions is
extremely short, and the amplitude is very low [5], [6]. In
a psychological experiment, Frank et al. [7] reported that
even after training, a person has only 45% accuracy in this
5-group classification recognition task. Therefore, a method
for microexpression recognition based on computer vision
and pattern analysis techniques [8] with high accuracy is
urgently required.
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Fig. 1. The left top is the current two-frame-input based magnification
method, which requires onset and apex frames. The left down is the proposed
single input-based magnification method, which generates the onset in the
network. The right is magnified samples in six basic facial expressions based
on the proposed method. The image in orange border represents the input,
the image in the red border represents the output.

To tackle the problem of low amplitude, a common ap-
proach is to enhance the facial features via a method [9], [10].
Tae-Hyun Oh et al. [11] proposed learning-based video mo-
tion magnification (LVMM), and Lei et al. [12], [13] proved
that the method based on deep learning was conducive to
recognition. However, this model relies on the setting of the
magnification factor, it is susceptible to face distortion caused
by overmagnification. In this case, Song et al. [14] proposed
a method recognizing microexpressions as macroexpressions
by the Teacher-student Framework Network (MEMM) to
magnify the microexpressions. It was evaluated for the first
time on wild samples in this field and achieved ideal results.
Although MEMM no longer relies on factors, it still needs
two aligned inputs: the onset frame and the apex frame.
Because the onset frame and apex frame of the face are
not easily aligned in the wild samples, the two-frame-input
based method limits the application prospect. To address
these issues, we propose the first deep learning method for
microexpression magnification using a single image. Specific
contributions are as follows:

o We propose the first deep learning method to generate
macroexpressions from a single microexpression image.
Inspired by cyclegan [15], we first extract a reliable
facial optical flow field from a single image. Then, we
design a magnification network to magnify the optical
flow, which is used for macroexpression generation.

o To accurately extract the subtle facial features of mi-
croexpressions, we design an optical flow refiner.

e« We compare the proposed single input based method
with the previous method that takes two frames as input.
The results show that our method can obtain an ideal
magnification effect on both microexpression datasets
and wild samples. According to the MEGC2019 [16]
standard, we received a competitive score compared
with recent complex recognition networks.
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Fig. 2. The relationship between microexpression sequence and macroex-
pression sequence

II. RELATED WORK

A. Microexpression

Research on microexpression is urgent because it shows
the true emotions of humans. To date, many recognition
methods have been proposed. Zhou et al. [17] proposed
a dual-inception model to tackle the Cross-DB challenge
of the MEGC 2019 [16]. Wang et al. [18] proposed a
novel attention mechanism called microattention to help
the network focus on facial areas of interest to recognize
microexpressions. A dual-stream deep learning network was
designed by Nie et al. [19] to perform multiple tasks of
gender recognition and microexpression recognition. Zhou
et al. [20] proposes a novel Feature Refinement (FR) with
expression-specific feature learning and fusion for micro-
expression recognition. Zhang el at. [21] propose a novel
spatio-temporal transformer architecture for microexpression
recognition. Zhai el at. [22] propose a novel framework
Feature Representation Learning with adaptive Displacement
Generation and Transformer fusion (FRL-DGT).

B. Microexpression Magnification

In addition to the research on recognition methods, mi-
croexpression magnification also improves the recognition
rate. Park et al. [23] magnified the motion vector obtained
based on the feature point tracking method and subsequently
extracted features for recognition. Park et al. [24] proposed
an adaptive magnification method based on time features.
Many amplification tasks are improved based on the linear
Euler-based video magnification algorithm (EVM) [9] and
phase-based video magnification method [10]. Lei et al.
[12] used magnification method LVMM [11] based on deep
transfer learning for the first time, which has not specifically
applied to microexpression magnification. Then, Song et al.
[14] proposed a teacher-student framework for microexpres-
sion magnification, and the effect was achieved in the wild
sample test.

III. METHODS

A. Problem Formulation

In the previous magnification methods based on deep
learning [11], [14], the features between two given frames
are extracted; then, magnification is performed. Unlike their

methods, our goal is to magnify the expression with only
one microexpression image.

According to the theory in [14], microexpressions have a
very similar movement of corresponding macroexpressions
under the same emotion label. In other words, the microex-
pression variation can be seen as a part of macroexpression
variation. As shown in Fig. 2, in macroexpression sequence,
the sequence between the onset frame and the middle frame
is taken as the microexpression sequence, and the middle
frame is regarded as the apex frame of the microexpression
sequence.

Refer to the above research, we also turn microexpression
magnification task into generation task from the middle
frame to the apex frame. But different from them, we get
the neutral face (the onset frame in Fig. 2) by decreasing the
expression information from the microexpression image (the
middle frame in Fig. 2). As shown in (1):

Onset = Middle — Exp,,,set—smid (1)

Further, if the microexpression image gets more expression
information, it becomes a macroexpression image (apex
frame in Fig. 2). As shown in (2):

Apex = Middle + Exp,,;q_apex @

In (1), the expression information Exp,,,set_smiq 1S €ON-
tained in the microexpression image M iddle. Therefore, how
to accurately extract reliable expression information from
microexpression images and decrease these information is
the first problem we want to solve.

Onset = Deexpression(Middle) 3)

In (2), in order to get the macroexpression image Apex, we
need to focus on the expression information Exp,,;q_,apes-
Since macroexpression is a continuous motion variation,
Exp,pset—smiq 10 (1) can be regarded as the previous
part of Exp,,;qqpess hOW to infer Exp, ;i qpe, from
Ezp,set—smiq 1 the second problem we need to solve:

Expmiddle—)apew = Mag(Expo7Lset—>mid) (4)

Based on (2) and (4), we get:

Apex = Middle + Mag(Exponset—)mid) (5)

From (1), we know that Exp,,seiymia = Middle —
Onset. If we combine (3) and (5), we can generate the
corresponding macroexpression image from a given single
microexpression image:

Apexr = Middle+

6
Mag(Middle — Deexpression(Middle)) ©
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B. Network Framework

To solve the two main problems, we split our network into
two stages, which are end-to-end. In stage 1 (stage 1 in Fig.
3), we employ encoder-decoder architectures E;, and D,
to extract expression information from a single microexpres-
sion image. This process is defined as Ex-expression:

Ex-expression: Ex-expression is defined as modeling the
expression information R..,, which is extracted from a
single microexpression image Input and expressed as optical
flow flowy,,.

To ensure that the extracted optical flow is reliable and
effective enough, inspired by cyclegan [15], we apply an
encoder-decoder network loop including De-expression and
Re-expression processes.

De-expression: De-expression is defined as removing
expression information R.;, (R.;p is expressed as optical
flow flowy,,) from the single microexpression image input
Input. It outputs the corresponding neutral face image
Onset ge.

Re-expression: Re-expression is defined as adding the
neutral face image Omnsetye with expression information
Rezp (Regp is expressed as optical flow flow,,,). It outputs
the corresponding microexpression image Middleye.

In stage 2 (stage 2 of Fig. 3), to obtain the magnified
expression features, we feed the optical flow of stage 1 into
an encoder-decoder network M f;,,,. This process is called
Mag-flow:

Mag-flow: Mag-flow is defined as learning the magni-
fied optical flow flow,. ¢ using the extracted optical flow
f lowbw‘

Finally, to successfully obtain the macroexpression image
from the magnified optical flow, we introduce an encoder-
decoder network Mag-expression.

Mag-expression: Mag-expression is defined by magnify-
ing the input Input to generate the macroexpression im-
age Output(Apex,.) by fusing the magnified optical flow

mag
flowy,,”.

C. Extracting Reliable Expression Features from a Single
Image
Based on the motivation in subsec:3.1, in this subsection,

we will introduce how to extract reliable expression features
from a single microexpression image. As shown in stage 1

Re-expression

= = = = = =

Onset g,

1
w flowpo?

Mag-expression

Middley, Middle,, Apex,,

bw: backward

fw: forward

mag: magnification
ori: dataset image
ge: generated image

Mag-flow Stage 2

General framework of the proposed approach. The details of module R, are shown in Fig. 3.
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Fig. 4. Module Ry in Fig. 3.

in Fig. 3, we take the microexpression image as the input.
We first employ an encoder network F.,, that can extract
low-dimensional expression information from a single image
Repp:

Re:vp = Eezp(InPUt) (7)

Next, we adopt a decoder network D.;, to model the
expression feature RR.,, as differential features between
microexpression face and neutral expression face.

Diffeat = Dea:p(Rewp) ®)

(7) and (8) represent Ex-expression. Due to the large
error of coordinate information contained in the feature map
Dif poqr € RT*W>XW it cannot meet the requirements
of our task. To further refine the differential features and
generate the optical flow, we design a pipeline to integrate
Dif pear € REXWXW refer to [25]. This pipeline is shown
in Fig. 4 and (9), mainly using soft-argmax. The visualization
of refiner is shown in Fig. 5.

T(Diffeat)

flowgy = T(p(T (exp( )

Here, ¢() is soft — argmax, and T'(-) is the transpose
and reshape operation. Finally, we obtain the refined forward
(Middle — Onset) optical flow flowg, € R¥>**** Based
on the consistency of forward and backward optical flow
[26], [27], which means that a pixel traversing flow vector
forward and then backward should arrive at the same position
[28], we can obtain the backward (Onset — Middle)
optical flow flowy, € R**¥*F from the forward optical
flow flowy,, by a warping function.

9

flowpy, = —w(flowsy, flowsy) (10)

We use bilinear interpolation to implement the warping
operation w(-) as in [29].



Obviously, we cannot have a true optical flow for reliable
training; we refer to the idea of cyclegan [15]. We design
periodic loops from microexpression faces Input to neutral
faces Onsetye and subsequently to microexpression faces
Middlege by combining flow ., and flowp.

To generate the target face image Onsety. from Input €
R3XnXn_ e first obtain coarse-to-fine feature maps Feat
of the input face image at different scales from the conv2_1
and conv3_1 layers of the VGGI19 network pretrained on
ImageNet [30]. Based on the given forward optical flow
flowy,,, we simply use the bilinear interpolation method
ds(-) to obtain ds(flowys,) which has the same size as
Feat. Then, ds(flowy,,) is used to warp the corresponding
feature map Feat and decoder Ge,, is used to generate
the neutral face image Onsety.. The De-expression can be
implemented as follows:

Onsetge = Gegp(w(Feat, ds(flowyy))) (11)

Additionally, we believe that by warping the correspond-
ing feature maps Feat using ds(flows, ) and feeding the
result into decoder Gz, We can reconstruct the microex-
pression image Middleg. from the neutral expression image
Onsetye. This process is called Re-expression:

Middlege = Gegp(w(Feat, ds(flowpy))) (12)

D. Cyclic consistency of facial expressions

As mentioned above, to successfully extract expression
information from a single image, we further model the
extracted expression information as the optical flow field
between neutral expressions and microexpressions. Then,
based on the optical flow consistency [26], [27], we obtain
Input+ flows,, — De-expression — Onset g+ flowy, —
Re-expression — Middleg.. In this step, the groundtruth

can be used to train the optical flow, and we should have:
Middle = Middlege
(13)
Onset = Onset e

To make the expression information extracted from a
single image sufficiently reliable, we introduce a total of
three losses to evaluate the reconstruction error. First, the
first loss is the L1 loss. We will calculate the loss between
the generated image and the true image:

Ly = | Middle — Middleg. | + (14)
| Onset — Onset gy |

Then, we introduce perceptual loss [31] using the pre-
trained VGG19 network. As shown in (13):

Ly = 3" | Ni(Middle) — Ny(Middle,.) | +
ni:l {15)
Z | N;(Onset) — N;(Onsetge) |
i=1
Among them, the channel features are extracted from the

specific VGG-19 layer, where the conv2_1, conv3_1 and
conv4_1 layers are used here. To ensure the quality of the

generated images, we also introduce SSIM loss [32]. It is
represented by the weighting and product of three elements
of luminance (1), contrast (c) and structure (s) of two images,
which takes into account human visual perception:
SSIM((E, y) = [l(xu y)oc ’ C(.’E, y)ﬁ : S(LL', y)’y]
(2papy + C1)(204y + C2)

(13 + g+ C1)(0F + 03 + C)
{t is the mean, o is the variance, o, is the covariance, and
a, 5 and ~y are generally taken as 1. C; and Cy are constants
to avoid the instability problem when the denominator is 0.

Based on (13) and (16), we have:

Ly = SSIM(Middle, Middlegye )+
SSIM (Onset, Onsetge)

E. Mag-expression

(16)

7)

Based on the aforementioned facial motion cycle consis-
tency, we extract reliable expression features from a single
microexpression face image. To generate macroexpression
images from a single microexpression image, we must mag-
nify the extracted expression features. As shown in stage 2
in Fig. 3, the backward optical flow flowy,, in stage 1 is fed
into a network M., with an encoder-decoder structure to
learn to magnify the backward (Middle, — Apex,) optical
flow. This process is called Mag-flow:

Jlowy ™ = Mo ( flowpy)

bw

(18)

We obtain the macroexpression image Apez,. by using
flowy*? to warp the pixels of Input based on warping

function w(-):

Apex o = Gegp(w(Feat, ds(flow,,,”))

bw

(19)

The process of magnifying an expression from a microex-
pression image to a macroexpression image is called Mag-
expression. Ideally, the resulting magnified image Apez,,

should look identical to the apex image Apez,,.;:

Apex = Apex . (20)

We apply the three aforementioned losses to calculate
the reconstruction error between ground truth image and
generated image:

L = ax | Apex — Apex, | +
bx Y | Ni(Apex) — Ni(Apex,.)+

i=1

¢ x SSIM (Apex, Apex,,)

2L

IV. EXPERIMENTS
A. Train details and application

1) Train: In our experiment, we used databases MMI
[33], [34] and CK+ [35] to train our model. There are a total
of 766 sequence samples. In MMI, the expression sequence
of each sample was from the neutral expression to the peak
expression and subsequently to the neutral expression. We
selected the middle three frames of each sample sequence



No Refiner

Use Refiner

happiness

ER 3

[¥] s

surprise

surprise

E

Backword
Flow Flow Face

Neutral  Forword
face Flow

Input Neutral
Face face

Forword  Backword Magnification Magnification
Fi Flow Flow

Fig. 5.

il . -

Results of no refiner and using a refiner.

- ”"”.‘ - .

TETETETE
B = W
TRLEEC

- S & A
Magnifcation Magnifcation | Magnifcation Magnifcation | Magnifcation Magnifcation | Magnifcation Magnifcation | Magnifcation Magnifcation | Magnifcation Magnifcation
Flow ‘ace B ce Flow Flow Fi

12x12

16x16

Fig. 6. Ablation experiments on the size of the optical flow.

as the peak expression and only reserved the part from the
neutral expression to the peak expression. The sequence of
samples in CK+ was the neutral expression to the peak
expression, so no additional processing was required. For all
macroexpression datasets, we aligned facial images in each
sample and output 112 x 112 images.

TABLE I
COMPARISON OF F'ID | ON DIFFERENT DATASETS.

Microexpression .
CASME I | SAMM | SMIC | | 53 D abase | The wild samples
LVMM3 20.995 31.480 | 58.498 32.805 34.602
MEMM 19.986 16.404 16.866 14.081 32.342
Ours 14.725 19911 | 13.930 12.002 27.052

Throughout the training process, we used the onset frame,
middle frame, and apex frame of each sample sequence.
When the sample sequence frame number was k& > 9, the
onset frame was the first frame, one random frame from the
third to the penultimate was taken as the middle frame, and
the last frame was the apex frame. When the number of
sample sequence frames was k < 9, the onset frame was the
first frame, the k/2 frame was the middle frame, and the last
frame was the apex frame.

In stage 1 of training, we trained Eeyp, Deyp and Gegp
with epochs set to 15. In stage 2, we trained My, and
Gmag» and the epoch was set to 40. We used the Adam [36]
optimizer to train our network, with bachsize set to 16 and
learning rate 1le — 5 for all training sessions.

We used CASME 1I [37], SAMM [38] and SMIC [39]
microexpression datasets to apply microexpression magni-
fication to our trained models. In total, 442 samples from
three databases were included in the application. We used
the apex frame of each sample sequence as the input and
output a magnified image. We used the wild samples that
were used by Song et al. [14] for testing. Again, we cropped
and aligned all samples and output 112x112 images.
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Fig. 7. Comparison with previous methods on the microexpression datasets.
The first two samples are from CASME II, the middle fuel samples are from
SAMM, and the last two samples are from SMIC.

TABLE II
COMPARING WITH RECENT COMPLEX RECOGNITION MODELS UNDER
MEGC 2019 STANDARD.

Methods SAMM SAMM SMmic SMmic CASME Il CASME 11 FULL FULL

UF1 UAR UF1 UAR UF1 UAR UF1 UAR

LBP-TOP [40] (2007) 0.3954 0.4102 0.2000 0.5280 0.7026 0.7429 0.5882 0.5785
Bi-WOOF [41] (2018) 0.5211 0.5139 0.5727 0.5829 0.7805 0.8026 0.6296 0.6227
OFF-ApexNet [42] (2019) 0.5409 0.5392 0.6817 0.6695 0.8764 0.8681 0.7196 0.7096
CapsuleNet [43] (2019) 0.6209 0.5989 0.5820 0.5877 0.7068 0.7018, 0.6520 0.6506
Dual-Inception [17] (2019) 0.5868 0.5663 0.6645 0.6726 0.8621 0.8560 0.7322 0.7278
STST-Net [44] (2019) 0.6588 0.6810 0.6801 0.7013 0.8382 0.8686 0.7353 0.7605
EMR [18] (2020) 0.7754 0.7152 0.7461 0.7530 0.8293 0.8209 0.7885 0.7824
LFM-based [45] (2020) 0.6700 0.6000 0.7200 0.7100 0.8700 0.8400 0.7700 0.7500
GEME [19] (2021) 0.6868 0.6541 0.6288 0.6570 0.8401 0.8508 0.7395 0.7500
FAUF [13] (2021) 0.7751 [0.7890] 0.7192 0.7215 0.8798 0.8710 0.7914 0.7933

FR [20] (2022) 0.7372 0.7155 0.7011 0.7083 0.8915 0.8873 0.7838 0.7832
SLSTT-LSTM [21] (2022) 0.7150 0.6430 0.7400 0.7200 0.9010 0.8850 [0.8160] 0.7900
ME-PLAN [46] (2022) 0.7358 0.7687 N/A N/A 0.8941 0.8962 0.7979 0.8041
FRL-DGT [22] (2023) 0.7720 0.7580  [0.7430]  [0.7490] 10.91901 [0.9030] 0.8120  [0.8110]
LVMM3 [11] +ResNet50 (2018) 0.7130 0.6551 0.6735 0.6782 0.8241 0.8065 0.7493 0.7225
MEMN [47]+ResNet50 (2022) N/A N/A N/A N/A N/A N/A 0.7590 0.7450
MEMM4 [14] +ResNet50 (2022) | [0.8100]  0.7753 0.7326 0.7305 0.9367 0.9279 0.8240 0.8060
Ours+ResNet I8 0.8221 0.8146 0.7349 0.7447 0.8610 0.8746 0.8045 0.8153

B. Ablative analysis

1) Optical flow refiner: In Fig. 5, we show the interme-
diate results (including the generated neutral face, forward
optical flow, backward optical flow, and magnified optical
flow) and the final magnified results of our model; the case of
using the refiner is shown on the right, and the case without
using the refiner is shown on the left. In Fig. 5, without
the refiner, our method cannot extract an effective optical
flow field from a single picture. In addition, the generated
images will be distorted, and the magnification effect is not
satisfactory. After using the refiner, the optical flow output
by the model can effectively map the facial motion with
coordinates. The generated neutral faces and magnified faces
show no distortion, and the magnified effect is significantly
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improved. Therefore, we can prove that our designed refiner
is effective.

2) Size of the optical flow field: In the previous subsec-
tion, we set the optical flow field to a size of 16x16. Since
facial expression is a very subtle feature, to find the best
size of the optical flow field for our network, we conducted
a series of ablation studies on the size of the optical flow
field. We compared them in three sizes: 8x8, 12x12 and
16x16. Fig. 6 is a demonstration of some samples (they
are from the microexpression database CASME II, SAMM,
SMIC and wild samples). From the magnification effect, the
optical flow at three scales can capture the characteristics
of the key parts. Overall, we found that the network with
a size of 8x8 had the best performance, and it could focus
more features on inconspicuous areas such as the eyebrow
in the second sample, the eyebrow in the sixth sample, and
the mouth in the final sample. Therefore, we choose 8x8 as
the size of our optical flow field.

C. Comparison with previous methods

1) Comparison of the microexpression datasets: We test
our method against LVMM [11] and MEMM [14] on the
CASME 1I [37], SAMM [38] and SMIC [39] microexpres-
sion databases. Both LVMM and MEMM take two frames
as input, while LVMM musty set the magnification factor.
LVMM has been effectively applied for preprocessing in
recent microexpression recognition studies [12], [13]. They
use LVMM to capture small movements between two frames
and amplify them by a corresponding factor (magnification
factor). We set the magnification factor to 3 according to
the discussion of a previous paper [12], [13]. MEMM is the
latest work and the first work that focuses on magnifying
microexpressions; it can achieve a good result without fac-
tors. As shown in Fig. 7, the results show that our method
can achieve the best results among all methods, even when
we use a single frame input.

2) Comparison of wild samples: Datasets in laboratory
environments tend to have faces directly facing the camera
and constant lighting conditions. However, in wild samples, it
is often impossible to ensure that the face is frontal in images,
and there are various lighting environments. Therefore, the
performance in wild samples is more challenging. To further
demonstrate our method, we tested it using wild samples. In
Fig. 8, the results show that our method can achieve a better
magnification effect than the other two methods.

3) Comparison of image quality : In this section, we
evaluated the quality of the generated images. We measured
the distance between two data distributions using FID [48],
which is commonly used to investigate whether a generated
dataset is natural. As shown in Table I, our method performs
the best.

D. Cascade testing

To examine our approach, we introduced the idea of
cascading in the testing process. Fig. 7 and Fig. 8 display
the effect of cascade testing of our method on the mixed
dataset of microexpressions and samples in the wild. The
magnification is enhanced when the number of cascades
increases. Within three cascaded magnifications (Mag3), our
method can magnify microexpression images to satisfactory
results.

E. Evaluation criteria

To further demonstrate our approach, we input images
into Resnetl8 to perform microexpression recognition. As
shown in Table II We conducted a convincing experimental
evaluation using the composite database evaluation (CDE) of
MEGC 2019 [16], where Unweighted Fl-score (UF1) and
unweighted average recall (UAR) were used to evaluate the
results. We simply feed the enlarged image to the ResNet18
network, and the results show that our method exceeds the
previous recognition work. The previous amplification meth-
ods used double frames as input, and our method obtained
enough competitive scores even on the basis of single frame
as input.

F. Conclusion

In this paper, we proposed a deep learning method to
generate macroexpression images from a single microexpres-
sion image. We tested both microexpression datasets and
wild samples and compared the test results with the current
methods. Our method can generate sufficiently desirable
macroexpression images even if we take a single image as the
input. Moreover, our method greatly improves the application
prospects of microexpression amplification tasks.
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