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Abstract—Facial expression recognition is essential for a
variety of applications, including marketing, commerce,
security systems, and psychotherapy. The two primary
categories of facial expressions are macro-expression and
micro-expression. When comparing macro-expression, it
can be difficult to recognize micro-expression in real time
because it typically happens in high stakes scenarios. So, in
this work, auto-detection of facial micro-expressions was
proposed by using a Binomial Dropout Convolution Neural
Network (BDCNN) classifier technique. Initially, the input
video collected from the publicly available source is
converted into frames and the keyframes are generated by
using the Distance Deviation-based Rood Pattern Search
(DDRPS) algorithm. Then, the keyframes are preprocessed
to reduce the significance of illumination, face detection,
landmark points on the face, and motion magnification.
Afterward, the important features are extracted from the
preprocessed frames. Finally, the BDCNN classifier was
used to recognize the micro-expression. The average
accuracy and F-Measure values obtained on the
Spontaneous Actions and Micro-Movements (SAMM)
dataset are 0.9758 and 0.9247; also, for the Spontaneous
Micro-expression Corpus (SMIC) dataset, the values are
0.8989 and 0.8536, similarly, for the Chinese Academy of
Sciences Micro-Expression (CASME) 1II dataset, the
accuracy and F-Measures are 0.9784 and 0.9509. The
proposed classifier is compared to state-of-art methods to
prove its superiority.

Keywords—micro expression, Distance Deviation based
Rood Pattern Search (DDRPS) algorithm, Edge Preserving
Homomorphic Filter (EPHF), YOLOv3, Linear Active
Appearance Model (LAAM), Linear based Eulerian Video
Magnification (LEVM), Binomial Dropout Convolutional
Neural Network (BDCNN)

I. INTRODUCTION

Emotions are considered the most important part of
human life, and they directly affect physical and cerebral
activities. Facial Expressions (FE) are a form of non-
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verbal communication that conveys an individual’s
emotional state to the observer. FE’s are divided into ‘2’
categories: macro-expressions and Micro-Expressions
(ME) [1]. Macro-expressions are the basic emotions that
can be recognized by the naked eye [2] and typically last
between 0.5 and 4 Seconds [3]. The six main categories
of macro-expressions are anger, fear, disgust, sadness,
happiness, and surprise [4]. In contrast, macro-
expressions are quick, low-intensity facial expressions
that typically arise when people intentionally or
unintentionally try to disguise their actual feelings [5].
ME typically only affects a few areas of the face and lasts
between 1/5 and 1/25 of a second [6]. The main
differences between macro-expressions and micro-
expressions lie in their intensity and duration [7]. In
essence, Micro-Expressions (ME) often reveal the true
emotions a person may try to suppress or hide [8]. Micro-
Expression (ME) recognition has many practical real-
world applications, including clinical diagnosis,
education, and security [9].

Micro-expression recognition can be broadly divided
into two basic categories. One focuses on obtaining data
from a facial video clip by extracting the micro-
expression features. The second method is micro-
expression classification, which builds a classifier similar
to a support vector, decision tree, and k-nearest
neighbor [10]. Facial features are retrieved for micro-
expressions by using methods like Local Binary Pattern
(LBP), Histogram of Oriented Gradients (HOG), and
Histogram of Image Gradient Orientation (HIGO) [11].
Recognition of micro-expression involves a few steps.
They are as follows:

(1) The input image is taken from the video.

(2) Applying pre-processing operations for optimal
display.

(3) Facial landmark detection.

(4) Applying cropping and resizing of the image.

(5) Selection of the frame [12].
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The available micro-expression datasets are small and
collected into two groups: stimulated and spontaneous.
The stimulated micro-expression datasets include
University of South Florida-High Definition (USF-HD)
and Polikovsky, while the spontaneous micro-expression
datasets include Spontaneous Micro-expression Corpus
(SMIC), Chinese Academy of Sciences Micro-Expression
(CASME), CASME 1I, and Spontaneous Actions and
Micro-Movements (SAMM). Spontaneous datasets are
used more frequently than the stimulated datasets because
they are very close to real conditions [13].

In the early stage, artificial recognition tools like Facial
Action Coding System (FACS) [14] and Micro
Expression Training Tool (METT) are used to identify
facial expressions; due to their expensive cost and low
accuracy they have become far away from the practical
field. To overcome this, deep learning techniques are
employed in Micro-expression to estimate the optimal
flow in the facial image [15], and video sequences [16]
from three different categories like onset, offset and apex
are taken [17]. Though deep learning techniques have a
lot of advantages in ME, it has limitations like
insufficiency of training data, spotting, and recognition of
naturally occurring challenges like the blinking of an eye,
and movement of hair will also affect ME
identification [18]. Another drawback like the choice of
feature in ME is also a difficult task because of the broad
classification of ME in feature recognition [19]. In order
to overcome these drawbacks, an approach is proposed to
recognize the micro-expressions accurately using the
Binomial Dropout Convolutional Neural Network
(BDCNN) classifier.

II.  OBIJECTIVES

To use micro-expressions as reliable predictors of true
emotional states that would allow for the detection of
repressed or hidden feelings for lie detection, diagnostic
analysis, and psychological evaluation. The Binomial
Dropout Convolutional Neural Network (BDCNN)
classifier was used to detect facial micro-expressions
which can generalize better and mitigate overfitting. We
implemented a custom deep learning model (BDCNN) to
detect small, rapid facial expressions that signify
emotional expression.

A. Contributions

The following are the main contributions of this work.

A Distance Deviation-based Rood Pattern Search
(DDRPS) algorithm is proposed for the motion
estimation in the frames.

e An Edge Preserving Homomorphic Filter (EPHF)
technique is proposed for the removal of uneven
illumination, blurriness, and occlusion problems
in video frames.

e A method is developed for the face alignment

process, which supports a strong detection system.

e To decrease the computational complexity and to
enhance the classification accuracy, a BDCNN
classifier is used in this work.

The work is structured as follows: Section II contains a
literature review of some of the existing techniques,
Section III deals with the proposed technique; Section IV
describes the result and discussion of the proposed
methodology and Section V ends with the conclusion of
the proposed framework.

B. Literature Survey

Li et al. [20] developed a multi-scale Joint Feature
Module (JFM) network for identifying micro-expressions
based on optical flow images to increase accuracy. In this
implementation process, firstly, the apex frame and
onset—frame were used to generate an optimal flow image
that reflected the subtle facial motion information, and it
was fed to a multi-scale JFM combined backbone
network for extraction of the features. Then finally, the
output was combined by using a fusion network that
predicted the expression according to its strategy. In
addition to this, the joint feature module combined
features from various layers are used to identify the
micro-expression features with various amplitudes. The
developed system attained high performance in terms of
Unweighted F1-Score (UF1) and Unweighted Average
Recall (UAR). Even though it had obtained good results,
it had a limitation in the calculation of optical flow image,
which takes place in the onset and apex frame.

Wang et al. [21] recommended addressing the issue of
lacking discriminative spatiotemporal characteristics; it
was suggested using a Dual-stream Spatio-Temporal
Attention Network (DSTAN). The Spatio-Temporal
Appearance Network (STAN) and the spatiotemporal
motion network served as the foundation for the
spatiotemporal networks in DSTAN (STMN). To extract
the spatial information, a multi-scale kernel spatial
attention and a global dual-pool channel attention were
introduced. The temporal models of STAN and STMN
were then updated with the retrieved characteristics.
Finally, feature concatenated-Support Vector Machine
(SVM) was used to merge the STAN-A and STMN-A
attention. The constructed DSTAN networks were used to
increase the accuracy of the output. The method’s main
flaw was that it used SVM, which underperformed when
the amount of training data samples exceeded the number
of data points in the micro-expression features.

Banerjee et al. [22] recommended a mixed feature
learning approach for Micro Expression Recognition
(MER) to acquire the best accurate categorization. The
five main steps of this work are as follows:

1. Pre-processing.

2. Detection of the face.

3. Facial landmark extraction.

4. Feature extraction.

5. Micro Expression (ME) spotting or recognition.

Initially, the video was taken as input and then
converted as frames. Next, for pre-processing operations,
Grey-Scale (GS) was implemented. After pre-processing,
the Viola-Jones Algorithm (VJA) was used to detect the
faces of the frames. Weight matrix-based Temporal
Accumulated Optical Flow and Improved LBP features
(WTAOF-ILPB) were also introduced for extraction. The
Levy Flight-based Shuffled Shepherd Optimization
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Algorithm was then given the facial picture features that
had been retrieved from them. Finally, a Radial Basis
Function Neural Network (RBFNN) was employed for
the classification of MER. Despite its many benefits, it is
extremely challenging to distinguish due to the small
variations in micro-expressions and the incomplete and
unbalanced dataset.

Li et al [23] recommended a video-based micro-
expression recognition. It was developed by using the 3D
flow-based Convolutional Neural Network model. In this
method, they designed a ‘12’-layered architecture, which
consists of inputs from 3 grayscale frame sequences. In
addition to this, a 3D convolution kernel was introduced
to extract spatiotemporal feature data. A Dropout fine-
tuning regularization technique was added to reduce the
overfitting problem and complex adaptation on training
data in neural networks. However, obtaining adequate
recognition results was extremely challenging because of
the scarcity of training data.

Verma et al. [24] invented a Lateral Accretive Hybrid
Network (LEARNet) to record the minute details of a
face expression. In this implemented technique, firstly,
generated dynamic images from a micro-expression
sequence were captured in one frame. The LEARNet
architecture was also used to handle dynamic pictures for
training and inference. The prominent characteristics
from the expressive areas that were recorded in the
previous layers were learned using a hybrid and
decoupled learning feature technique. An acceleration
layer was included to merge the response of two facial
expressions. From experimental results, it was evidenced
that the LEARNet had achieved better accuracy rates.
The drawback of the system was the usage of different
types of layers for dynamic imaging increased the
complexity of the hybrid network

Gan et al. [25] came up with Optical Flow Features
from Apex frame Network (OFF-Apex Net) were
developed to identify face micro-expressions. It was
obvious from the name that it blended handcrafted
features (such as components derived from optical flow)
and a completely data-driven design (i.e., convolutional
neural network). In this method, the onset and apex
frames were used to compute the horizontal and vertical
optical flow features. After that, a neural network was fed
with the characteristics to emphasize the important
expression data. The output result obtained proved that it
had good performance in the recognition of f-measure
and accuracy. Though it had a lot of benefits, the usage of
Convolution Neural Network (CNN) created a lot of
problems like over-fitting, exploding gradient, and class
imbalance.

Wang et al. [26] to overcome the limited detection
accuracy of emotional facial-behavior, a residual network
and a novel attention mechanism dubbed micro-attention
were applied. Analyzing and pre-processing the database
description was done in this. The network was then given
the ability to concentrate on the face regions exhibiting
micro-expression by integrating novel micro-attention
units into each residual block. To reduce the over-fitting
issue, a transfer learning strategy was used to train the
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network. To demonstrate the potency of the implemented
attention units in capturing the underlying face emotion, a
high-level feature visualized map was used. The major
negative of this technique was that the usage of transfer
learning was the problem of the negative transfer of data.

Li et al. [27] proposed a deep local holistic network for
micro-expression recognition. For extracting rich and
local information from Region of Interests (ROIs)
associated with micro-expression, Hybrid Convolutional
Recurrent Neural Network (HCRNN) is used. Here used
Relation-Preserving Recurrent Neural Network (RPRNN)
to extract holistic and sparse features from sparse images,
and also uses RPCA to extract sparse micro-expression
information from original images based on the sparse
characteristic of micro-expression. The performance of
MER is improved by the Deep Local-Holistic Network,
which is fused by HCRNN and RPRNN to capture local
holistic, sparse abundant micro-expression information,
and this work obtained 60.31% recognition accuracy.

Pan et al. [28] to recognize micro-expressions, provide
a multi-scale fusion visual attention network model that
combines the local attention weights of the multiple-scale
feature maps of the eliminating identification attributes
network. By understanding the mapping relationship
from the apex to the onset frame in micro-expression
video sequences, a mix of un-supervised and transfer
learning is utilized to address the issue of the tiny ME
dataset and lessen the influence of identity traits. After
that, by concentrating on multi-scale local attention
weights, the local detail characteristics are extracted.
Lastly, by combining high weight local and global criteria,
micro-expressions are categorized and influence
individual qualities on local ROI localization. This work
obtained fusing accuracy is 79.45 and F1-Score is 0.7816
respectively.

Tang et al. [29] suggested a facial micro-expression
recognition technique, based on a CNN-transformer
hybrid model. Use a hybrid model of CNN and
transformer to extract facial hierarchical features as
inputs into a deep model. The area of the facial micro-
expression image is segmented in parallel, and then the
image is smoothed through thresholding to extract the
feature vectors of the facial micro-expressions. These
feature vectors are then fed into a CNN-transformer
hybrid model to achieve recognition of the facial micro-
expressions. They achieved higher mean recognition
accuracy-up to 98%.

Paul et al. [30] shows a modern frontier of robotic
capsicum harvesting while also providing YOLOv8s and
YOLOvS8s-seg models with detection capabilities,
peduncle segmentation, and growth stage classification.
The models had great mean Average Precision (mAP)
scores and since localization was done using the
RealSense D455 camera, it produced 94.1% bloom
counting accuracy; additionally, the Android application
provided a robust performance and ties into smart
agricultural automation.

Facial micro-expression detection has become an
important area of study in affective computing because it
captures real, involuntary emotional expression. Prior
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work has shown the performance of deep-learning models,
particularly Convolutional Neural Networks (CNNs), in
detecting small facial movements. However, there are
still known limitations we face when using CNNs for
facial expressions such as the relatively small datasets of
images, high intra-class similarity, short duration of
expressions, and issues with overfitting to training. While
there have been recent examples of methods that
implement binomial dropout and a custom architecture
(BDCNN) to improve generalization and accuracy, more
robust models are necessary that have been tested in real-
life settings. These limitations serve as the basis from
which we develop optimized architectures to capture the

variability inherent in micro-expressions while improving
recognition performance within practical applications.

III. PROPOSED MICRO-EXPRESSION RECOGNITION
SYSTEM

In this work, automatic recognition of micro-
expressions was proposed by using a Binomial Dropout
Convolutional Neural Network (BDCNN) classifier
technique. The proposed method undergoes the following
steps such as the conversion of video into frames, motion
estimation, preprocessing, feature extraction, and
classification. Fig. 1 shows the suggested technique’s
blockdiagram.

Convert into Frames

L
\ EPHF

LEVM Expression '
| ' '

Face Detection Face Alignment
Input Video Yolo V3 ' [EAART
jl g INlumination Motion |}
» | Control Magnification = "
[Recognized Micro

o b

lMotion Estimationf] e : . 3
! i | ! " - !
! DDRPS . ! | . .
1 | : KLT LPB-TOP | |
,,,,,,,,,,,,,,,, f 1 1 :

' POC BI-WOOF BDCNN |

Fig. 1. Block diagram for the suggested technique.

A.  Input Video

In this work, the input videos used for the micro-
expression recognition system are collected from the
publicly available source. Before the recognition process,
the input video is first converted into frames for further
processing. Let the input video be denoted as (/,4), which
is converted into frames f{/,q) is given by in Eq. (1).

F(L)=[ /(1) /s (L )s i (La)sos £ (L) | (1)

where, f,(I,4) represents the n” number of frames.

B. Motion Estimation

Motion estimate is the procedure of determining the
reference frame’s best match for the current frame’s
macro-block. In this work, after the conversion of video
into frames f,(/,4), motion estimation was done by using
the Distance Deviation-based Rood Pattern Search
(DDRPS) algorithm to generate keyframes. DDRPS
primarily addresses the extraction of fine-scale (or micro)
motion patterns to best identify micro-expressions.
BDCNN allows for strong feature learning using dynamic
regularization. Taken together, they yield a hybrid
framework that employs both extracted motion features
and deep learning capabilities for pattern recognition. The
Rood Pattern Search (RPS) algorithm is made up of
symmetrical search patterns known as rood shape or cross
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shape. The Adaptive Rood Pattern (ARP) and the Unity
Rood Pattern (URP) are two distinct stages of search that
differ primarily in the separation of the search points. The
ARP reduces the influence of the neighbor macroblock
that has less correlation with the current macroblock in
the process of motion vector prediction. To avoid
unnecessary computation, Distance Deviation (DD) is
calculated instead of the mean absolute difference. Hence,
the proposed method is named DDRPS. Distance
Deviation (DD) can be used to enhance sensitivity;
especially relevant when looking for subtle motion like
micro-expressions.

At first, the rood pattern with adjustable arm length has
been adopted for each macroblock using its predicted
motion behavior. Using the motion vectors of the
neighboring blocks, the present block’s motion vector is
predicted. For MV prediction, a set of four neighboring
blocks was used. The chosen set of neighboring blocks is
referred to as the Region of Interest (ROI). The size of
the rood pattern () can be determined by Eq. (2).

MY, (v0)) @)

x= max(‘mvpm, (he)

s

where, mv,,,(hc) and mv,,(vc) represents the horizontal

and vertical components of the predicted motion vector
respectively.
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A sixth point is added to the four-armed root patterns,
which is the same as the predicted MV. Then, the
Distance Deviation (DD) is computed for all points,
which is given in Eq. (3).

DDZJEXf@me—f@meY

n

(€)

where, f([,) represents the mean of input frames,

(7.¥)
minimum DD point from the prior phase is selected as the
centre of the URP, and all of its points are examined.

The process is repeated until the keyframes are
generated. The keyframes K (a,b) are expressed as in

Eq. (4).

represents the position of the block. The

Preprocessing is the initial step taken to enhance the
frames before they are used by the classifier. In this work,
the quality of frames has been improved with the steps
such as illumination control, face detection, face
alignment, and motion magnification.

1) Illumination control

At first, the uneven illumination, light intensity blur,
and occlusion problem of the key frames K{a, b) are
controlled by using Edge Preserving Homomorphic Filter
(EPHF). A technique based on an illumination-
reflectance image model is called a homomorphic filter.
The illumination component belongs to low-frequency
components while the reflectance component belongs to
high-frequency components. The objective of the
Homomorphic Filter (HF) is to reduce the significance of
illumination by reducing the low-frequency components
of an image. The normal HF introduces other illumination
artifacts on the edges of the foreground. So, the edge-
preserving function is multiplied with the frequency

Kf (a,b) = ':Kfl’Kf2’Kf3’“7KfQ:| 4 domain to preserve the edges of the images. Hence, the
proposed method is named EPHF. The architecture of
where, K ,, represents the 0" number of keyframes. EPHF is shown in Fig. 2.
C. Preprocessing
Logarithm Fouricr Ldg&- Inverse Fourive
I‘I.rl‘.a,.h..-ED Tramsform Transform “irc:r:(:é,} Transform Exponential Eclatb)

Fig. 2. Architecture of Edge Preserving Homomorphic Filter (EPHF).

According to this method, a key frame K(a, b) can be
expressed as the multiplication of the illumination
component /(a, b) and reflectance component R(a, b),
which is expressed as in Eq. (5).

K, (a,b) = 1(a,b)R(a,b) (5)

For HF to be effective, linear separations for two
components are required. In order to separate these two
components, natural logarithmic transform is used on
both sides of Eq. (5) which is given in Eq. (6).

InK , (a,b) =InI(a,b)+1n R(a,b) (6)

After the logarithmic transform, the image needs to
transform the spatial domain into the frequency domain,
which helps to change the brightness by separating high-
frequency components from low-frequency components.
This can be done by using the Fourier transform, which is
expressed as in Egs. (7) and (8).

F{nK,(a,b)} = F{InI(a,b)} + F {InR(a.b)} (7)

Kf(x’y):F}(x’y)—i_FR(x:y) (8)

where, Fi(x, y) represents the Fourier transform
ofIn/(a,b), Fy(x,y) and InR(a,b) . K,(x,y) represents
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the frequency domain frame.

Then, the frames are multiplied with the edge-
preserving function to preserve the edge of an image,
which corresponds to convolution operation in the spatial
domain. The filtered frame in the frequency domain is
given in Eqs. (9) and (10).

B, (x,y) =K, (x,y)e(x,y) )

B, (x,y) =e(x,»)F,(x,y)+e(x, ) Fp(x,y) (10

where, B, (x,y) represents the filtered image in the

frequency domain and e(x,y) represents the edge-

preserving function, which is used to sharpen the edge of
the frame that is expressed as in Eq. (11).

(=y)?
a

where, a represents the scale parameter.

Next, the filtered image in the spatial domain is
obtained by taking the inverse Fourier transform. Thereby,
the Eq. (10) can be written as in Egs. (12) and (13).

e(x,y)=e an

B, (a.b)=F"{B,(x.y)| (12)



Journal of Image and Graphics, Vol. 13, No. 5, 2025

By (a,b) =F " {e(x, y)F, (x, ) +e(x, y) Fp (x, )}

Finally, the desired enhanced frame E (a,b) is
obtained by taking the exponential of B, (a,b), which is
given in Egs. (14) and (15).

E,(a,b)=exp{B,(a,b)| (14)
E(a,b) = I(a,b) R(a,b) (15)
Sx8 Grids
Input Image i
.m == |||
P .
| | 1’4
| VLY

(13)

Each Bounding
Box

where, } (a,b) and IAQ(a,b) are the illumination and

reflectance components of the output image.

2) Face detection

Next, using YOLOvV3, the face in the improved frame
was found. A convolutional neural network called
YOLOV3 is made up of two fully connected layers, four
maximum pooling layers, and twenty-four convolution
layers. To determine the bounding box and categorize the
target inside the box, it makes use of all the image’s
features. Fig. 3 depicts the YOLOV3 architecture.

Face Detected Qutput

.y

A e

Cu; Gy

Cwds Cht
Confidence Score: C

P()

Fig. 3. Architecture of YOLOV3.

Initially, the frame E/(a, b) is divided into a grid. If the
face falls in one of the grids in the frame, the grid is
responsible for predicting the face. Each grid will forecast
three bounding boxes, each of which contains five
parameters and the likelihood that each category will
occur. The following Egqs. (16)—(19) provides the
bounding box coordinates prediction method.

¢, =v(p)+g, (16)
¢, =y7(p)+8, a7)
Coy =S,.67 (18)
c,, =s,€e" (19)

where, y represents the sigmoid activation function, c,, ¢,
cwa, and ¢y are the center coordinates and dimension of
the bounding box obtained from prediction, P, Py, Pwi
and Py, are the prediction output of the model, g, and g,
are the grid cell coordinates and s,q, s are the size of
bounding box before prediction.

Next, using the Intersection Over Union (IOU)
function, the required box is selected. IOU is the
proportion of the intersection and union of the ground
truth box and the bounding box, which is given in
Eq. (20).

TOoU = Bgt n Bbb

Bgr U B, (20)
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where, B, represents the ground truth box and By
represents the bounding box.

The confidence score C indicates the likelihood that
the target defect is present in the bounding box as well as
instances in which the bounding box and the ground truth
coincide, which is given in Egs. (21) and (22).

C=P@)*10U(gt) 1)
The output Y4 9 of YOLOV3 is given by:
Se P()=1
Yo =1 (22)
ﬁndet) P(t) = 0

where, P(f) indicates if a target is present in the current
grid’s bounding box, f,, and f,,, represent the

detection and not detection of face. The method’s loss
function is divided into four sections, including the
classification error, the confidence error, the bounding
box’s centre error, and its width and height errors. Sum
variance is used to calculate the bounding box’s centre
error, width error, and height error, which is given in
Eq. (23).

m m ~ 2
loss =2 (Y0 ~Yip0) (23)
p=16=1
where, )A’(M) represents the estimated frames, (f,60)

depicts the height and width of the bounding box, and m
represents the number of frames.
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3) Face alignment

After the detection of the face in the frames f4.), the
landmark points on the face were detected by using the
Linear Active Appearance Model (LAAM). Active
Appearance Models (AAM) are linear models of the
shape and the texture of an object. While the texture
refers to the amount of pixels, which is often expressed
by intensities or colors, the shape is a vector produced by
concatenating the position elements of the designated
landmarks. Normal AAM has the limitation of less
number of samples per class. So, Linear Discriminant
Analysis (LDA) is used for alignment. LDA is used to
find a proper way to represent the face vector space of the
original dataset.

At first, the shape of the detected face faer) is modeled
based on the labeled landmark. Let the shape S as a

vector containing ¢ landmarks coordinates are given in
Eq. (24).

S ) =[q1,q2,q3,..,q¢} (24)

Then, LDA is used to normalize the shapes and project
them onto the created shape subspace, which is given in
Eq. (25).

S = u(S)+ Ly, (S)e5, (25)

where, u(S) denotes the mean of shape, S, represents the
shape parameter in the shape subspace, and Lp4(S) is the
matrix consisting of a set of ortho normal base vectors by
using LDA.

The linear discriminant analysis is given by in Eq. (26).

T
Nl Pl

Ay

Jiaen” W ey

(26)

‘DA

where [ o denotes the linear transformation that maps

fiaeny- Then Ay, and A, are the inter-class and intra-class
scatter matrix. Afterward, the images are warped to mean
shape based on the corresponding points to produce
shape-free patches.

Next, the texture in the frame is generated by applying
scaling ¢ and offset J which is given in Eq. (27).

(T,-5e1) o7
&

T =
where, T; represents the intensity of texture.
Then, the texture is ultimately projected onto the
texture subspace based on LDA that is expressed as in
Eq. (28).

T = i(T)+ Ly, (T)eT, (28)

where, u(T) represents the mean of texture, Lp4(7) is the
matrix consisting of a set of orthonormal base vectors by
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using LDA and 7, represents the texture parameter in the
texture subspace.

Finally, the correlation between the shape and the
texture is used to generate a combined appearance model,
which is analyzed by LDA. Thereby, the shape and
texture can be described as in Egs. (29) and (30).

S=u(S)+MeA (29)

T=puT)+M, 04 (30)
where, A4 is the appearance parameter vector that controls
both the shape and the texture, while M, and My are the
matrices that describe the mode of variation derived from
the training set.

Finally, the output obtained from the face alignment
step is a video(¥) that is given as input to the further
process.

4) Motion magnification

After face alignment, the Eulerian Video
Magnification (EVM) is used to magnify subtle motions
in the video(¥) by enhancing motion differences. It can
make subtle movements and adjustments in video visible
and louder. EVM makes the real motion more obvious
and allows us to see movements that are hidden from the
human eye. EVM techniques are divided into two types:
linear-based EVM and phase-based EVM. The linear-
based EVM is concentrated in this work for motion
magnification. Motion in video is proportional to the
intensity variation over the first-order expansion of the
Taylor series in LEVM. To reveal hidden information, a
video sequence 1is considered as input, spatial
decomposition is used, and frames are filtered by a
temporal filter.

The intensity can be expressed as a function of
displacement o(¢m) such that:

X, (r,tm) = H (r +6(tm)) (31)

where X, (r,tm) denotes the intensity of the original
video frame at a certain position » and time tm.

The video frame is approximated on the basis of first-
order Taylor’s series. The displaced frame H (7 +(tm))

in first-order Taylor’s series is given in the Eq. (32).

) OH (r)
or

X, (r,tm) = H(r)+6(tm (32)

Then, the temporal filtering is performed on each
spatial frequency band by performing a band pass filter to
X, (r,tm) for extracting the frequency band of interest.

The output of the temporal band pass filtering
U(r,tm) process is given in Eq. (33).

U(r,tm) = 6(tm) OH(r)
r

(33)
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where, U(r,tm) is amplified by the amplification factor A

and added back to the original frame.
The resultant frame is given by in Egs. (34)—(36).

X (r,tm) = X, (r, tm) + AU (r, tm) (34)

)A(V (r,tm) = H(r)+(1+ﬁ)5(tm)% (35)
Therefore, the output of LEVM is given by:

X (r,tm) = H(r+(1+ 1)5(im)) (36)

From the output, if the motion occurred by means of
facial expression, the further process will be carried out
otherwise it will be ignored.

D. Feature Extraction

After preprocessing, the feature extraction process was
done to extract the important feature for classification
purposes. In this work, the features such as Local Binary
Pattern on Three-Orthogonal Planes (LBP-TOP), Bi-
Weighted Oriented Optical Flow (Bi-WOOF), Kanade
Lucas Tomasi (KLT), and Phase-Only Correlation (POC)

features are extracted from the frames (Z2) of ()A( v (r,tm))

for detecting the expression of the subtle motion in the
face. The features are explained below.

LBP-TOP: LBP-TOP is an operator used to describe
the local texture characteristic of the frame. The goal of
LBP-TOP is to compare the value of a frame’s central
pixel to the value of its neighboring pixel. Let the pixel &
with the intensity value w, radius (rad), and m
neighboring pixels. If the intensity value of a given pixel
is greater than the intensity value of the centre pixel, “1”
is assigned to the pixel; otherwise, “0” is assigned to the
pixel. The LBP-TOP L,, is given by in Eq. (37).

= mzf(vk(znq)—vk (Z))2° (37)

q=0

where, v, (°n,) represents the intensity value of q™
neighboring pixel in the frame (Z), v, (Z) represents the

intensity value of the center pixel, 7 represents the sign
function, and 27 denotes the weight that corresponds to
the neighboring pixel location.

BI-WOOF: BI-WOOF utilizes onset frames and apex
frames to perform emotion recognition. From the frames,
the orientation ¢ and magnitude @ of the flow vector

computed from the spotted apex frame and neutral
reference frame are calculated by using the Egs. (38)
and (39).

(3%)
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(A4 +B) (39)
where, A, B represents the flow vector from the frames z.
Then, the magnitude and optical strain values are used to

weigh the orientation values locally and globally to form
the Bi-WOOF features (Bi,,,, ) -

KLT: KLT is a typical sparse optical flow algorithm
used in feature tracking. It works by identifying good
feature points in the facial area in the first frame. These
feature points are tracked across all frames. The tracking
of the frame is dependent on the movement of the feature
centre in two successive frames, which are given by in
Egs. (40)—(42).

)A(V(z) = )A(V(z—l) +(p.—p.1) (40)
p. = Jp. (41)

If | ] >
P = /2 (42)

|f ,ll R

N A
where, Xy and Xp-1 represent the face area in two

adjacent frames; p, and p,_, represent the position

center of features in two consecutive frames respectively;
fp- and fp..; represent the feature points in current and
previous frames.

POC: POC is used to compare the similarity of two
frames’ blocks. The inverse 2D discrete Fourier
transformation is used in POC. The position and height of
the correlation peaks can be used to calculate the
translation and similarity between the two images. The
POC (P,) is given in Eqgs. (43) and (44).

Hence, the final extracted features F”(m) are given by:

A

1 if[Xy(;) = Xv(z-1)

0

P

oc (43)

otherwise

= Lyp+Bi,y I P | (44)

(exr) woop ?

Then, the extracted features are given to the classifier
for classifying the micro expressions.

E. Classification

After feature extraction, the classification process was
done to classify the micro expression as Sadness,
Happiness, Depression, Disgust, Surprise, and Fear by
using the BDCNN Classifier. An artificial neural network
called a CNN is used to recognize images. An input layer,
an output layer, and a hidden layer with several
convolutional layers, pooling layers, fully connected
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layers, and normalization layers are the important layers
of a CNN. To overcome the overfitting problem in CNN,
dropout is used in a fully connected layer and the weight
matrix or kernel is calculated based on Binomial

Conv 1
Convolution
(5 x 5) kernel from
binomial distribution

Conv 2
Convolution
(5 x 5) kernel from
binomial distribution

Max-Pooling
2x2)

Max-Pooling

Distribution. Therefore, the network will be accurate even
in the absence of certain information. Hence, the
proposed method is named BDCNN. The architecture of
BDCNN is shown in Fig. 4.

fc 3 fc 4
Fully-Connected Fully-Connected
Neural Network  Neural Network
ReLU Activation

@2x2)

nl channels
(12 x12xnl)

nl channels
(24x24xnl)

Input
28x28x1)

ThA

47

B2

¥
y

RV
At

==

Flattened

n2 channels
(4x4xn2)

n2 channels
(8x8xmn2)

n3 units

Output

Fig. 4. Architecture of Binomial Dropout Convolutional Neural Network (BDCNN).

The steps of BDCNN are explained below:

At first, the extracted features Frn.; are given as input
to the convolution layer. The convolution layer is the
foundational component of CNN. It has a number of
filters, each of which convolves with the input to produce
an activation map. The convolution layer Cony, is
expressed as in Eq. (45).

Cony, =1 zan(ext)W (45)

iy B

where, i, represents the channel index, (i,/) is the

coordinates of extracted features Frn,, , 77( ) represents

the ReLU activation function, and W represents the
convolutional kernel, which is calculated based on the
binomial distribution. The binomial distribution
summarizes the number of trials, or observations, when
each trial has the same chance of achieving a specific
value. Thereby, the convolutional kernel is given by in

Eq. (46).
W :( jpvoub

where, u represents the number of trials, v represents the
number of successes desired, p represents the probability
of success in one trial, and o represents the failure in one
trial.

Followed by the convolution layer, a pooling layer that
is also known as down sampling is used to reduce the
complexity for further layers. It subsamples a small area
of the convolutional output as input to create a single
output. The output of the pooling layer is given in
Eq. (47).

z (46)
Vv

Pol,, =down (max (Con,y . )) 47
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where, down( ) denotes the down sampling that retains

the maximum value in the pooled area. After all the
convolution pooling layers, the output is converted into a
single long linear vector by using flattening. Next, to
overcome the over-fitting problem, the network uses the
dropout layer for training. The Dropout layer is a mask
that removes some neurons’ contributions to the next
layer while leaving all others alone.

Then, the flattened output (ff) is given as input to the

fully connected layer where the softmax function SF' is
used to produce classified output which is given by in
Eq. (48).

t
__exp(s) )
D exp(ft)
where, ( ff) represents the flattened output.
The Pseudo-code of BDCNN is as follows:

Input: Extracted Features F.
OQutput: Classified output
Begin
Initialize
iterations imax
Set Initial iteration i, = 1
While (i, < iymax) do
Assign weight values by binomial distribution

W= (Ejpvoufn
v

For every Fuex do
Compute convolution layer cony,
Compute pooling layer pol;,,
End For
Flatten the output
Compute dropout
Apply softmax function
_ e
> eowp(f)
End While
Return Classified output
End

extracted features Fe.), maximum
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Finally, the classifier recognizes the micro-expression
as sadness, happiness, depression, disgust, surprise, fear,
positive-negative, and others

IV. RESULT AND DISCUSSION

In this segment, the performance of the proposed
system is compared with other existing methods in terms
of performance metrics like sensitivity, specificity,
precision, recall, and F-Measure. The output results are
calculated by taking the average of different categories of
micro facial expressions like happiness, sad, disgust,
positive, and negative. Different types of data sources
namely CASME 11, SMIC, and SAMM are used for the
proposed micro facial expression recognition system, and
it is implemented in the working platform of MATLAB
(version R 2020a)

A. Dataset Description

In this, micro facial expression like happiness, sadness,
regression, and disgust, are taken from different data
sources namely CASME II, SMIC, and SAMM. This
SMIC dataset comprises 164 video sequences of facial
micro-expressions taken from 16 people while they were
in a frontal stance. These scenes are captured with a
standard visual camera in a controlled environment (VIS).
Generally, SMIC consists of 51 positive videos, 70
negative sequence videos, and 43 surprise sequence
videos. Likewise, the facial micro-expressions are
distributed for CASME 1I, which includes 63 video
sequences of disgust, 27 video sequences of regression,
32 video sequences of happiness, 25 video sequences of
surprise, 7 video sequences of sadness, 2 video sequences
of fear, and 100 video sequences for others. Finally,
SAMM consists of 159 samples of video sequences from
32 subjects and seven main classes like contempt, disgust,
fear, anger, sadness, happiness, and surprise.

B. Performance of the Proposed BDCNN in the Three
Different Datasets
Here, the results obtained by the proposed BDCNN

approach are discussed on the three datasets such as
CASME 11, SMIC, and SAMM datasets.

QL84

QAAR
QaAR

1) Evaluation of proposed BDCNN in CASME II
dataset

Here, the performance of the proposed BDCNN
algorithm for micro-expression on CASME 1II is
discussed. The sample image outputs obtained from the
proposed model when applied to the CASME 11 dataset
are given in Fig. 5 as follows.

The sample micro-expressions such as disgust,
happiness, fear, repression, surprise, sad, and other
expression frames are given as input to the proposed and
its corresponding output (Fig. 5).

The experimental output of the proposed BDCNN with
the expressions is obtained in terms of accuracy and F-
Measure.

Table I depicts the experimentally analyzed output
values of the proposed BDCNN approach on the
benchmark dataset. Accuracy was calculated to identify
how correctively a system recognizes the micro-
expression. The value of 1 means, that the expressions
were recognized without any error. Here, the proposed
model recognized the expressions of happiness, sadness,
repression, and fear without any error. Hence, it can be
concluded that the performance of the proposed model
works significantly on the CASME 1I dataset.

TABLE 1. EXPERIMENTAL OUTPUTS OBTAINED ON THE CASME II

DATASET
Expressions Accuracy F-Measure
Disgust 0.96226 0.92308
Happiness 1 1
Fear 1 1
Repression 1 1
Surprise 0.96226 0.83333
Sadness 1 1
Others 0.92453 0.9

1) Evaluation of suggested method on SAMM dataset
The frames obtained from the videos available in the
SAMM dataset are given to the suggested model for the
classification of micro-expressions such as anger,

contempt, disgust, fear, happiness, sadness, and surprise.
obtained

The output sample images after the

preprocessing are given in Fig. 6.

Fig. 5. (a) Sample Micro Expressions obtained from the videos of the CASME II dataset. (b) Output images of EPHF. (¢) YOLOvV3 output images.
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(1)
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Fig. 6. Input images from the SAMM dataset and its corresponding preprocessed outputs in the proposed model. (i) Sample input frames. (ii)
Illumination-controlled images. (iii) Detected face in the images.

The presentation of the suggested framework is
numerically analyzed in terms of accuracy, precision,
recall, and F-Measure for the various micro-expressions
available in the SAMM dataset.

The simulation output values of the proposed BDCNN
classifier are shown as the graphical representation in
Fig. 7. From Fig. 7, it is evident that the proposed model
recognizes the micro-expressions of disgust, fear, surprise,
and sadness without any discrimination. Even though,
some of the expressions failed to be recognized by the
proposed classifier. The average performance of the
model shows better performance on the SAMM dataset in
terms of accuracy and F-Measure, which is given in
Table II.

2)  Evaluation of dataset SMIC

Similar to the analyzes of the CASME and SAMM
datasets, the proposed model also used the SMIC dataset

(a)

(b)

jﬁ

to analyze the efficiency of the proposed ME model.
Thus, the output obtained after the preprocessing steps of
the incoming image frame is shown in Fig. 8.

L2

1
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&
=
5 06 1
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0
& 3 1Y & L 25 . g
W & S
o 2 by
(P\ < Q{tﬂ % S
Micro Expressions
Accuracy Precision Recall F -Measure

Fig. 7. Experimental output values obtained on SAMM dataset.

Fig. 8. Experimental output images of the preprocessing techniques on the dataset SMIC. (a) Input micro expression frames. (b) Images after
illumination control by EPHF technique. (c) Images obtained on the output of YOLOV3.
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TABLE II. COMPARATIVE ANALYSIS OF THE SUGGESTED BDCNN CLASSIFIER WITH THE OTHER PREVAILING APPROACHES

CASME 11 SMIC SAMM
Methods
Acc (%) F-Score (%) Acc (%) F-Score (%) Acc (%) F-Score (%)

STM-Net [18] 84.84 84.80 78.66 79.73 81.13 74.36
OFF-ApexNet [25] 88.28 86.97 67.68 67.09 68.18 54.23

DSTAN [21] 75 73 77 78 - -

LFSSOA-RBFNN [22] 89.34 91.24 - - - -
ResNet with micro attention [26] 65.9 53.9 49.4 49.6 48.5 40.2
Proposed BDCNN 97.84 95.09 89.89 85.36 97.58 92.47

Here, the numerical analysis of the suggested BDCNN
classifier for the recognition of micro-expression is
performed on the SMIC dataset. The SMIC dataset
contains video files of micro expressions such as negative,
positive, and surprise reactions. The performance is
analyzed based on performance metrics such as Negative
Predictive =~ Value (NPV), Mathews Correlation
Coefficient (MCC), accuracy, precision, recall, F-
Measure, and sensitivity. The pictorial representation
based on the results obtained when experiments are
performed on the SMIC dataset is shown in Fig. 9.

Here, the efficiency of the suggested BDCNN
algorithm is analyzed based on various performance
measures. Although the proposed model wrongly predicts
a few of the emotions compared to the other existing
works, the performance of the suggested technique is
superior; it can be evident from Table II. Hence, it can be
said that the average performance of the proposed method
is also dominant in the recognition of micro expressions
on the SMIC dataset.

Specificity

5]
“
13
g
m

Recall

Precision

Accuracy

Performance Metrics

NPV

MCC

0 0.2 0.4 0.6 0.8
Values
Positive

Surprise Negative

Fig. 9. Analyzed results of the suggested method on the SMIC dataset.

C.  Comparative Analysis of the Suggested BDCNN

Here, the performance of the proposed Binomial
Dropout Convolutional Neural Network (BDCNN)
classifier is analyzed and compared with the state of the
arts approaches based on the accuracy and F-Measure
values obtained in the CASME II, SMIC, and SAMM
datasets.

Table II depicts the comparative analysis of the
suggested Micro-Expression recognition model with the
state of arts ME recognition models such as Single Scale
Multiscale-Network (STM-Net), Optical Flow Features
from Apex frame Network (OFF-ApexNet), Dualstream
Spatio Temporal Attention Network (DSTAN), Levy
Flight based Shufed Shepherd Optimization Algorithm-
Radial Basis Function Neural Network (LFSSOA-
RBFNN) and Resolution Network with micro attention.
Here, the recognition accuracy (Acc) values of the
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proposed method are 97.84% on the CASME 1I dataset,
89.89% on the SMIC dataset, and 97.58% on the SAMM
dataset, which are very much higher than the other
compared approaches. Also, the F-Measure value of the
proposed BDCNN algorithm on the SAMM dataset is
70.51% higher than the OFF-ApexNet and 24.35% higher
than the STM-Net. Similarly, the F-Measure values of the
proposed algorithm on the CASME II and SMIC datasets
are also higher when compared to other methods. This
means that the precision and recall values are also high
since the F-Measure is calculated by the combination of
precision and recall. From these observations, it can be
concluded that the suggested method is dominant over the
other methods in the recognition of Micro-Expressions.

V. CONCLUSION

Facial expressions can provide a great source of
information in our day-to-day social communication.
Basically, facial micro-expression is classified as macro
and micro facial expressions. In this, micro facial
expressions cannot be easily identified by humans,
extremely difficult to capture and analyze the micro-
expressions and their low intensity makes it hard to
distinguish from neutral expressions or noise. In order to
identify the Micro facial expression method, a modified
BDCNN is proposed. In this proposed method, Distance
Deviation Based Root Pattern algorithm and Edge
Preserving homomorphic filter are introduced for motion
estimation. Finally, based on the proposed technique, the
classifier produces the result, such as sadness, happiness,
disgust, surprise, and fear and the average of this is
analyzed by using the parameters like accuracy, recall,
specificity, F-Measure, precision, NPV, and MCC. The
obtained outcomes are accuracy (97.84%) for CASME 11,
which is higher when compared to the existing LFSSOA-
RBFNN algorithm, STM-Net, OFF-ApexNet, DSTAN,
and ResNet with micro attention. Likewise, the F-
Measure of the proposed system is 85.36 % for the SMIC
dataset, which is higher when compared to ResNet with
micro attention, DSTAN, OFF-ApexNet, and STM-Net.
Similarly, other metrics also vary for other datasets. This
shows that the proposed system has high performance
when compared with the existing method. However, there
are known limitations associated with the use of CNNs
for facial expression like the relatively small data set of
images, high intra-class similarity, short duration of
expressions, and the tendency to overfit to training. In the
future, modified systems neural networks are developed
to explore the relationship between facial muscle
movements (Action units) and human emotions.
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