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AFFECTIVE COMPUTING AND COMMUNICATIONS RESEARCH, TECHNOLOGIES, MANAGEMENT, AND APPLICATIONS

Catching Elusive Depression via
Facial Micro-Expression Recognition

The authors propose to diagnose
concealed depression by using
facial micro-expressions to detect
and recognize underlying true
emotions.

Digital Object Identifier:
10.1109/MCOM.001.2300003

Xiaohui Chen and Tie Luo

ABSTRACT

Depression is a common mental health dis-
order that can cause consequential symptoms
with continuously depressed mood that leads to
emotional distress. One category of depression is
Concealed Depression, where patients intentional-
ly or unintentionally hide their genuine emotions
through exterior optimism, thereby complicating
and delaying diagnosis and treatment and leading
to unexpected suicides. In this article, we propose
to diagnose concealed depression by using facial
micro-expressions (FMEs) to detect and recognize
underlying true emotions. However, the extremely
low intensity and subtle nature of FMEs make their
recognition a tough task. We propose a facial land-
mark-based Region-of-Interest (ROI) approach to
address the challenge, and describe a low-cost and
privacy-preserving solution that enables self-diag-
nosis using portable mobile devices in a personal
setting (e.g., at home). We present results and find-
ings that validate our method, and discuss other
technical challenges and future directions in apply-
ing such techniques to real clinical settings.

INTRODUCTION

Depression, also known as major depressive dis-
order or major depression, has been one of the
most common mental health disorders both in the
United States and globally. It is characterized by
persistent sadness and a lack of interest or plea-
sure in previously rewarding or enjoyable activi-
ties, and is a leading cause of disability around the
world and contributes greatly to the global bur-
den of disease [1]. According to the statistics from
National Institute of Mental Health (NIMH), in
2020, approximately 21 million or 8% of all Amer-
ican adults (18+) were diagnosed with at least one
major depressive episode and 14.8 million (6%)
had severe impairments [2]. What is equally alarm-
ing is that only 65% of these adults and less than
42% of adolescent patients received treatment [2].

Concealed Depression is one of the major and
most frequently occurring depressive disorders
nowadays. It is an atypical form of depression
where patients intentionally or unintentionally
hide their symptoms under exterior optimistic and
cheerful behaviors and emotions. Although it can
significantly impact patients’ quality of living, few
patients seek clinical help and, in fact, there is
no effective clinical solution to date to diagnose
this problem. As a result, this often leads to more
cases of delayed or no treatment as compared

to major depression, and even suicides eventu-

ally. General screening of depression based on

patient-administered scoring reports (e.g., CES-D,

Zung SDS) is not recommended for asymptomat-

ic cases such as concealed depression due to its

subjectivity and lack of scientific proof.

The major challenge in diagnosing concealed
depression is that it is extremely subtle to detect
and recognize while at the same time patients
are not willing to reveal or not even aware of it.
In this article, we propose to diagnose this mental
disorder by recognizing facial micro-expressions
(FMEs). An FME is a very subtle and low-intensi-
ty change in facial expression, and typically lasts
only 1/25 to 1/2 seconds [3]. It has never been
explored for diagnosing concealed depression,
where special challenges exist since the exterior
and underlying true emotions are contradictory.

Specifically, this article makes the following
contributions:

+ This work would create awareness among
researchers and practitioners of an over-
looked mental disorder, Concealed Depres-
sion, due to its increasingly worrying
penetration and consequences. We also
identify the major challenges that hinder the
diagnosis and treatment of this disorder.

+ We make the first attempt to address this
problem using facial micro-expression
(FME) recognition as a plausible solution.
We propose a novel facial-landmark-based
Region-of-Interest (ROI) approach to this
FME recognition task. Combined with local
feature extraction and machine learning, our
approach reveals the strength of correlations
between various human emotions and differ-
ent facial regions (individual and combined).

+ Our study suggests the potential of a priva-
cy-preserving self-diagnosing method to treat
concealed depression, as well as a more
viable way to create open datasets for FME
analysis and research. We also point out cur-
rent limitations and possible future research
directions on this subject.

BACKGROUND

The universal definition of facial expressions can
be categorized into happiness, surprise, con-
tempt, disgust, sadness, anger and fear [4]. Facial
Action Coding System (FACS) [5] first introduced
by Carl-Herman Hjortsjo, is a coding system that
quantifies and measures different facial actions
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based on muscle movements. Researchers utilize
this tool for facial expression and emotion anno-
tation as it provides a standardized and objective
way of identifying and measuring specific mus-
cle movements. For example, in the process of
creating our chosen dataset CASME-II [6], facial
actions AU6 (Cheek Raiser) and AU12 (Lip Cor-
ner Puller) are treated as signs for happiness. In
[71, P. Ekman raised a profound question: can we
really rely on facial expressions to identify human
emotions? In other words, are facial expres-
sions subject to other potential factors that limit
their capability in describing human emotions?
According to Ekman’s paper [7], facial expres-
sions can be misleading in interpreting emotions.
For example, a person could intentionally show
a facial expression that is generally interpreted
as a particular emotion while they in fact do not
have that emotion. Conversely, people who are
facially inactive may not wear any facial expres-
sion (either intentionally or unintentionally) while
they in fact are experiencing an emotion.

Unlike facial expressions which are “macro-ex-
pressions,” a micro-expression can reveal genuine
human emotions as it is a spontaneous expression
of feelings even if one tries to hide or repress his/
her true emotion. Micro-expressions were first
discovered by Haggard and Isaacs in 1966 from
scanning motion pictures during psychotherapy
hours, and later re-discovered by Ekman and Frei-
sen in 1969 from a filmed interview of a student
who was trying to hide her suicidal intention. We
contend that FME represents a unique and prom-
ising approach to diagnosing concealed depres-
sion because FME is a biological spontaneous
process that can hardly be faked for the vast
majority of people, regardless of their cultural and
linguistic backgrounds. This is another compelling
reason that motivated our study.

Literature Review. Different depression detec-
tion techniques were proposed such as sentiment
analysis, facial expression analysis, and combina-
tion of chatbots and emotional Al, as reviewed
by [8]. Recent advances in micro-expression anal-
ysis have shown effectiveness in various fields
including business negotiation, national security
and criminal justice [3]. Traditional approaches
rely on engineered features that describe chang-
es between video frames using (mainly SVM-
based) linear or nonlinear models (not both) with
preprocessing (e.g., linear interpolation, optical
flow) to recognize FMEs, achieving an overall
model accuracy between 45.9-70.3% on CASME-
Il dataset [9]. Recently, deep learning based
approaches were exploited [9, 10]. For example,
Lee et al. [11] proposed a CNN based recogni-
tion system that combines real-time analysis on
speech-dependent questionnaire response and
facial images to predict depression. Other studies
also explored sequential models such as RCNN
and CNN-LSTM. However, our work made the
first attempt in relating MER with an overlooked
mental disorder “concealed depression” where
depression is much harder to recognize. In addi-
tion, unlike existing approaches which primarily
focus on image frames of whole faces, our work
investigates different facial regions and combina-
tion of upper and lower facial ROls that brings
both lower computation cost and privacy protec-
tion. Moreover, our study does not just address

model performance but also take into account
model efficiency and deployment considerations
towards more practical adoption (e.g., self-diag-
nosing apps).

RECOGNITION OF MICRO-EXPRESSIONS

Depression can be seen as an emotional state. Early
psychological research [12] discovered character-
istics of patients with hidden depression from var-
ious case studies that soft signs of mood disorder
such as pessimism and low self-esteem contribute
to depression recognition, and denying behaviors
may also be important indicators to depression
with the purpose of hiding internal fear. Majority
of the cases show a strong correlation between
underlying depression and (usually negative) emo-
tional activities. Interestingly, a later study [13] dis-
covered more sensitive neurobiological response
to disgust facial expressions in patients with depres-
sion, revealing an overlooked but noteworthy con-
nection between disgust emotion and depression.

In this article, we propose a method that dis-
covers inference patterns between facial micro-ex-
pressions and human emotions for detecting
concealed depression from facial image sequenc-
es. We aim to achieve two goals. First, to detect
true emotions from FMEs as they are spontaneous
and involuntary physiological reaction. Second,
to determine whether there are depressive signs
through recognition of negative emotions. We
utilize a pixel-wise feature extraction method in
a three-dimensional fashion on both whole face
area and facial feature landmark areas, and there-
by obtain information on both local texture change
as well as temporal pattern in image sequences
for different facial areas. In addition, we explore
correlation between different facial regions and
human emotions, for which we particularly exam-
ine the feasibility of recognizing negative emotions
through only local facial areas (e.g., eyebrow) rath-
er than whole faces. Note that this has a significant
implication on privacy protection: our study shows
that it is possible to diagnose concealed depres-
sion without revealing a person’s identity.

FACIAL ROI EXTRACTION USING LANDMARKS

We use image sequences extracted from videos to
detect miniature facial movements. In a video clip,
each frame sequence has its onset, apex and off-
set frames annotated as well as its observed facial
action units (e.g, upper lid raiser. We observe that
facial actions can play an important role in emotion
recognition. Hence in this study, we divided each
facial image into five region-of-interests (ROls):
eyebrow, eye, middle, lip and bottom, where mid-
dle ROI consists of the cheek and nose area, and
bottom ROI consists of the jaw and chin area. In
order to extract these facial ROls for micro-expres-
sion recognition, we employed facial landmark
detection which allows us to locate different facial
components. To this end, we first obtain different
face landmark locations using Python dlib face
landmark detection model based on Histogram of
Oriented Gradients (HoGs), and then determine
the upper and lower boundaries of each ROL.

For each frame sequence in a video clip, we
want to extract 5 ROls for each frame. Despite
changes between frames, we note that facial land-
mark locations remain invariant across frames.
As all the frames in a sequence have the same

We utilize a pixel-wise
feature extraction method in
a three-dimensional fashion

on both whole face area
and facial feature landmark

areas, and thereby obtain
information on both local

texture change as well as
temporal pattern in image
sequences for different
facial areas.
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Given the low-level histo-
gram features extracted from
each image sequence, we
use both linear and nonlinear
machine learning algorithms
to train our micro-expression
recognizer (classifier). For
linear models, we use Linear

SUM and Logistic Regression

classifiers; for non-linear
models, we use Random For-
est and K-Nearest-Neighbor
(KNN) classifiers.

size, we can therefore exploit the facial land-
marks from the onset (beginning) frame, which
is used as a “registration” image, and use those
landmarks as reference points to further extract
ROls in subsequent frames up to the offset (stop)
frame. Thus, for each image sequence, we con-
struct five sub-sequences using the five extracted
facial ROls. Then, we pass each sub-sequence of
images to our feature extraction phase separately,
described next.

FEATURE EXTRACTION

In our pilot study, we used single apex frame from
each image sequence to extract useful spatial
features. The apex frame, as the name suggests,
contains the most information in a facial event or
action during a short time duration. We employed
basic Local Binary Pattern (LBP) [14] which is
an efficient texture feature descriptor that has
been widely used in tasks such as facial expres-
sion recognition. Its computational simplicity and
robustness in describing local spatial patterns and
grayscale-level changes has made it popular in
this field. In LBP, with predefined radius and num-
ber of neighboring pixels, we can obtain the bina-
ry pattern of each central pixel in an image by
thresholding all of its neighboring pixels. Given a
radius of 1, we can then obtain a binary pattern
through comparison between intensity value of
central pixel and each of its 8 neighboring pixels
— 1 if the neighboring pixel is greater than the
central pixel, otherwise 0. Then, by converting
from binary to decimal, we obtain a number to
represent the central pixel. Thus, by repeating the
above procedure for every pixel in an image, we
obtain a histogram of the image by counting the
occurrence of each possible decimal value.

However, with LBP we were only able to
achieve 43% accuracy in classifying all the emo-
tions. We identified that the reason was that spa-
tial features itself is only effective for detecting
emotions that can be recognized from obvious
facial expressions (e.g., eyebrow raise and eye
opening is a clear indicator of surprise). In con-
trast, micro-expressions have much lower intensity
and are much more subtle, thereby rendering LBP
much less effective.

Therefore, we take into account an addition-
al dimension that represents temporal features
within each sequence of frames. To this end, we
use Local Binary Pattern on Three Orthogonal
Planes (LBP-TOP) proposed by [15], to extract
spatial-temporal features from image sequences
(videos). In LBP-TOP, we need to perform LBP
operation on each of the XY, XT and YT planes,
where T stands for the time axis, via which we
obtain three histogram features and then concat-
enate them to form the final image feature map.
A histogram is a type of feature descriptor rep-
resenting distribution of all possible pixel values
in an image. LBP-TOP brings feature description
from two-dimensional to three-dimensional space
and enhances image analysis that heavily depend
on temporal pattern extraction.

In our study, we partition each image sequence
using a 5x5 or 10x 10 grid and then extract fea-
tures using LBP-TOP. A 5x5 partition divides each
image in a sequence into a grid of 5x5 blocks,
each of size (height/5, width/5). Then, after
extracting LBP-TOP features from each of the

25 blocks, we convert the features into a histo-
gram for each block as follows. Since each pixel
(except for those at the boundary of an image) in
a block has 256 possible BP patterns ranging from
0 to 255, where 255 corresponds to the binary
pattern 11111111 (assuming 8 neighboring pix-
els), we count the occurrence of each of the 256
values to construct a 256-bin histogram. As these
need to be done for each of the XY, XT and YT
planes, we end up with 19200 features (flattened)
for each sequence (the images sequence along
the T dimension was superimposed to construct
each histogram, and the 25 histograms are then
concatenated). The above applies similarly to the
10x10 partition, which leads to 76800 features.
After that, we perform normalization in view of
the large variance in feature values.

ALGORITHMS

Through the feature extraction process, we
obtained histogram-like features based on value
occurrences. Given the low-level histogram fea-
tures extracted from each image sequence, we
use both linear and nonlinear machine learning
algorithms to train our micro-expression recog-
nizer (classifier). For linear models, we use Linear
SVM and Logistic Regression classifiers; for non-lin-
ear models, we use Random Forest and K-Near-
est-Neighbor (KNN) classifiers. We choose them
for the following reasons. SVM is well-known for its
ability to solve both linear and nonlinear problems
by finding an optimal hyperplane to distinguish
between different classes with sophisticated data
transformation. Linear kernel SVM is especially use-
ful when dealing with a large feature set, which in
our case, has 19,200 and 76,800 features. Logis-
tic regression is powerful in analyzing correlation
between dependent and independent variables. In
our case, we have categorical emotion classes to
which a logistic regression classifier can apply; also,
its probabilistic nature and fair resistance to over-
fitting make it a good candidate as well. Random
forest is an ensemble learning model that builds
upon decision trees and uses different sampling
strategies to reach a final decision. It is efficient in
producing classification results for large datasets
and capable of dealing with imbalanced datasets.
KNN as a simple non-parametric learning model
uses a distance measure between points in a space
to determine similarity. Although it can be com-
putationally costly, the output can sometimes be
very accurate and reliable by virtue of its natural,
distance-based similarity measures.

EXPERIMENTS

DATASET

One of the biggest challenges in facial micro-ex-
pression recognition tasks is the limitation of
available databases. There are mainly two types
of micro-expression databases: posed and sponta-
neous. For posed micro-expression collection, par-
ticipants are asked to express various emotions for
given tasks. On the other hand, in spontaneous
micro-expression collection, participants are asked
to hide their feelings and show neutral face, while
in the meantime, emotion-inducing movies are
played in front of participants and videos are
recorded. This method is to ensure a success-
ful induction of spontaneous micro-expressions.

32
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LBP-TOP feature extraction

Onset Apex Offset
frame index 11 12 94 150 151
L J
hg
sequence of frames
grayscale

Concatenation

_— >

facial ROI
extraction

eyebrow region

eye region

middle region

lip region

bottom region

FIGURE 1. Our preprocessing pipeline for an example video frame sequence. Division factoris 5 for illustration.

Clearly, spontaneous databases mirror the real
scenarios more closely and would serve detec-
tion and recognition of hidden genuine emotions
better. Therefore, in this article, we use a sponta-
neous micro-expression database, CASME-II [6]
(accessing the dataset requires a license agree-
ment which we have signed with the authors).
This dataset contains two types of micro-ex-
pressions: those when the subjects are not self-
aware and those when they intend to suppress
their facial movements. There are 255 micro-ex-
pression video clips in total of 26 participants,
which were preprocessed, cropped, and labeled
with seven estimated emotions and their corre-
sponding sample sizes: happy(32), surprise(28),
disgust(63), sad(4), fear(2), repression(27), and
others(99). The emotions are estimated by using
not only participants’ self-report but also facial
action units as well as the emotional content of
each video that was played. The video recordings
were collected using a 200 fps high-speed camera
with additional illumination assistance to enhance
capturing the facial area of each subject.

PREPROCESSING

Figure 1 depicts our preprocessing workflow.
Image pre-processing is a common practice in
computer vision to benefit feature extraction,
where typical techniques include denoising,
graying, enhancement, registration, normaliza-
tion, etc. However, in this study, we chose not
to apply denoising and enhancement and similar
processes as they tend to lose very fine and sub-
tle image details which, however, are essential to
FME recognition. On the other hand, in consider-
ation of the relatively small size of the available
dataset, we grouped disgust, fear, and sadness
into a new category named Negative emotions,
and relabeled happiness as Positive emotion; Sur-
prise and Others remain unchanged which are
the other two categories. Negative emotions are
considered as our target class in the study. For
each subject, we extracted every frame sequence

that corresponds to an FME event, from onset to
apex to offset, after which we converted all RGB
images into grayscale.

SETup

In our experiment, we considered the five facial

ROIs (eyebrow, eye, middle, lip and bottom) to

extract features with two block division factors 5

and 10, which correspond to a flattened feature

size of 19200 and 76800, respectively. To explore

potentially more effective options, we also com-

bined facial ROIs which eventually leads to nine

facial areas:

. Whole face

. Eyebrow ROI

. Eye ROI

. Middle RO, consisting of nose and cheek

. Lip RO

. Bottom RO, consisting of jaw and chin

. Eyebrow+Eye ROI

. Eyebrow+Lip ROI

. Eyebrow+Eye+Lip ROI

For each combination of ROls, we concatenated

their features. After extracting the features, we fed

them into each of the four classification models:

Linear SVM, Random Forest, KNN and Logistic

Regression. We also performed hyperparameter

tuning for each model using grid search to opti-

mize their performance, and applied stratified sam-

pling on our dataset due to its imbalanced nature.
We use both accuracy and one-vs-all ROC

AUC as our performance metrics, as well as con-

fusion matrix to examine specific class labels.

ROC curve allows us to visualize the degree of

separability of a model in distinguishing between

different classes, where a curve that leans more

towards the top left corner indicates better perfor-

mance with a higher AUC score.

RESULTS AND DISCUSSION

Our problem is a multi-class classification problem
with a large feature space. We investigate which
linear or nonlinear classifiers perform well, and

O ONOOUTLA W =

In our experiment, we
considered the five facial
ROIs (eyebrow, eye, middle,
lip and bottom) to extract
features with two block divi-
sion factors 5 and 10, which

correspond to a flattened

feature size of 19200 and
76800, respectively.
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Model Whole Face | Eyebrow Eye Middle Lip Bottom bro?*e--Eye br(fv)\r’ilip bme};—e +Lip AxS?:cy
avg. CC (5x5) 5.68s 1.1s 0.56s 1.53s 0.96s 0.79s 1.86s 2.35s 3.28s

avg. CC (10x10) 5.44s 0.84s 0.31s 1.31s 0.79s 0.56s 1.43s 1.95s 2.57s

LSVM5x5 62.75% 60.78% 62.75% | 56.86% | 56.86% | 60.78% 66.67% 66.67% 70.59% 62.75%
RF5x5 62.75% 68.63% 58.82% | 60.78% | 62.75% | 56.86% 66.67% 70.59% 70.59% -
KNN5x5 64.71% 60.78% 63.07% | 58.82% | 60.78% | 54.90% 60.78% 66.67% 64.71% 61.69%
LR5x5 60.78% 62.75% 62.75% | 54.90% | 58.82% | 56.86% 64.71% 60.78% 64.71% 60.78%
LSVM10x10 64.71% 60.78% 52.93% | 58.82% | 60.78% | 49.02% 62.75% 68.63% 66.67% 60.57%
RF10x10 66.67% 64.71% 56.86% | 58.82% | 60.78% | 58.82% 64.71% 68.63% 60.78% 62.31%
KNN10x10 62.75% 64.71% 52.94% | 5490% | 58.82% | 56.86% 58.82% 56.86% 58.82% 58.39%
LR10x10 66.67% 58.82% 58.82% | 50.98% | 56.86% | 49.02% 62.75% 68.63% 68.63% 60.13%
Mean Accuracy 63.97% 62.75% 58.62% | 56.86% | 59.56% | 55.39% 63.48% 65.93% 65.69%

TABLE 1. Comparison of classification accuracy among different models. Yellow cells indicate the best-accuracy ROI (horizontally) for each model, blue cells indicate the best-accuracy model (vertical-
ly) for each ROI, and pink cells indicate both horizontally and vertically the best performance combination. CC represents computational cost, calculated as the execution time for feature extraction

per sample.

which facial ROls or combination of ROls are the
most predictive of specific emotion classes.

The results are summarized in Table 1 where
each model has two versions depending on the
block division factor (5 or 10). First by looking
at the “Mean accuracy” for overall performance,
we see that the Eyebrow+Lip ROI has the highest
mean accuracy (65.93%) across all models, and
Random Forest performs the best across all facial
ROIls including whole face, with an accuracy of
64.27% when the division factor is 5. We attribute
this to RF’s strong ability of handling nonlinearity
which our problem heavily involves.

Next, by looking at the table vertically, we see
that for Whole Face, the best performers appear
at the higher division factor (i.e., 10). RF and LR
classifiers both achieve the highest accuracy and,
as the division factor increases, the largest per-
formance improvement (from 62.75% to 66.67%
for RF and from 60.78% to 66.67% for LR). The
possible reason is due to RF’s inherent feature
selection ability when the feature dimension is
high, and that LR can cope well with overfitting
by virtue of regularization (we use Ridge) when
the feature space is large. However, for other col-
umns that investigate ROls instead of whole face,
the lower division factor generally yields better
performance. This suggests that a moderate res-
olution of each block is preferable to produce
good detection results. Horizontally across the
table, it is apparent that combined ROls perform
better than individual ROls and even Whole Face.
In particular, the Eyebrow+Lip ROl is the best per-
former overall, with the highest accuracy achieved
(70.59%) along with RF5x5.

In summary, combining ROIs from both upper
and lower facial parts (e.g., eyebrow and lip) seems
to be a good choice and random forest with lower
division factor would fare well due to its nonlinear-
ity handling and feature selection capabilities. Our
study points out the potential viability of using just
the eyebrow+lip ROl in FME recognition, which
not only reduces computational cost due to the
much fewer input pixels as compared to whole
faces, but more importantly is also privacy-preserv-
ing. One of the biggest concerns in facial image

related applications is privacy, and our ROl-based
approach offers a potential solution. Specifically,
the ROI extraction procedure can be performed in
a private setting (e.g., at home with a mobile app
or in a private clinic), and only the ROls will be sent
out for diagnosis or research purposes (e.g., devel-
oping a dataset that contains ROl only instead of
full facial images, unlike the current practice). In
fact, using full facial images is the main reason why
the availability of FME datasets has been so limited,
and our ROl-based approach could contribute to
mitigating this issue.

From the ROC curve plots in Fig. 2, we can see
that eyebrow ROl compared to other facial ROls
generates uniformly good results for Negative
emotions across all models. We also noticed that
none of the facial ROIs can individually perform
well in detecting Positive emotion whereas com-
bination of ROIs offers better classification results.
This can be seen from our confusion matrix com-
parison results in Fig. 3. Our target class for con-
cealed depression detection is Negative emotion,
which subsumes sad, disgust and fear. As shown
in Fig. 2a, all our models have exhibited effective-
ness in distinguishing them from other emotion
classes. More specifically, we observed that the
eyebrow+lip ROl is effective on this. See Fig. 3b
where 12 out 14 Negative emotion cases are
correctly predicted. Interestingly, this finding also
hints toward the importance of considering both
upper and lower facial areas together, as the dis-
tinguishable muscle movements from these two
areas appear to contribute most to recognizing
both Negative and Positive emotions in a collab-
orative manner.

While FME analysis has yet to be adopted for
clinical diagnosis of depression due to technical
and ethical concerns, we believe more private or
personal applications such as at-home self-diagno-
sis and monitoring systems can significantly facili-
tate timely treatment. For example, a smart-home
system with a high-resolution camera can capture
user’s face at high frame rate and performs FME
analysis to detect and recognize user’s implicit
emotions locally. Since depression generally lasts
for a long term (from weeks to years), such a sys-
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Megative Emotion vs. the rest - eyebrow ROI Negative Emation vs. the rest - eye ROI Negative Emotion vs. the rest - lip ROl Negative Emotion vs. the rest - botiom ROI
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FIGURE 2. ROC Curves for different facial ROls in recognizing Negative emotions, Each AUC score (in legends) is averaged over all classes. Block division factor is 5.
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FIGURE 3. Comparison of confusion matrices with respect to different ROIs. Block division factor is 5.

tem can continuously monitor user’s emotions
to provide reliable feedback on her depression
status. Moreover, our experiment results have
shown that the combined eyebrow and lip region
is representative in FME analysis, and this finding
can be exploited in real system implementation to
further preserve user privacy.

The property of being lightweight and mak-
ing near real-time inference makes our model an
ideal candidate for deployment on edge devices
in self-diagnosis-like applications. Our preprocess-
ing pipeline and training are done offline. After
deployment, the costliest step in the workflow is
feature extraction. Our experiment was conducted
on a 64GB i7-12700H laptop. To extract LBP-TOP
features, we utilized numba.jit compilation to exe-
cute code in an accelerated CPU mode. To that
end, we have empirically shown (Table 1) that our
proposed facial ROl feature combinations (e.g.,
eyebrow+lip) instead of whole face are effective in
recognizing emotions from FMEs with only slight
increase in computational cost (e.g., eyebrow+lip
yields cost of 2.35s vs eye with least cost of 0.56s);
the corresponding feature extraction as well as
other preparatory steps on combined ROlIs for

each image sequence are computationally inex-
pensive and take only a few seconds. Moreover,
our model size is rather small (the best-performing
RF model consists of 25 trees among which even
the deepest tree is of depth 14 only), making it
feasible for edge deployment.

CONCLUSION AND FUTURE DIRECTIONS

Fast-paced life nowadays has brought forth
unprecedented social, occupational and emotion-
al pressure and challenges to people. Depression
as a result has been constantly on a worrying
rise, while unfortunately, many patients are either
unaware or not willing to seek professional aid. In
this article, we address an emerging and special
type of such mental disorder called concealed
depression, which is more challenging than gen-
eral depression because those patients even try
their best to hide their symptoms, letting alone
seeing doctors.

We identify facial micro-expressions (FMEs) as
a “decoder” of humans’ hidden emotions, and
propose a computer vision based approach to
recognize FMEs in order to reveal true feelings
or emotions and thereby diagnose concealed
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depression. Our novel approach consists of facial
landmark-based ROI extraction rather than con-
ventional whole face-based emotion detection —
our study reveals that eyebrow+lip ROI performs
the best in terms of the overall accuracy and has
strong capability of detecting Negative emotions,
and preserves patients’ privacy which has been a
long-standing barrier that prevents many people
from early diagnosis. Moreover, we employ spa-
tial-temporal feature extraction and lightweight
machine learning algorithms; thus, together with
our efficient ROl and feature extraction proce-
dures, our proposed approach can be deployed
on portable mobile devices and enable self-di-
agnosis by patients in a personal setting (e.g. at
home), which not only maximally protects priva-
cy but also would significant promote the rate of
early detection.

Looking ahead, there are still several challeng-
es (and opportunities) for making such techniques
into a real clinical application. First, we may need
a more pertinent taxonomy of specific emotions
that signal concealed depression. Second, large-
scale and correctly labeled FME databases (espe-
cially spontaneous ones) are in great need to
build effective Al models, but are unfortunately
not available due to privacy concerns. We are
therefore in hope that the introduction of our new
approach could contribute to solving this problem
due to its privacy-preserving and self-diagnosis-en-
abling properties, which would allow the public to
contribute data samples via a crowdsourcing man-
ner. Third, innovation in more effective feature
learning techniques and machine learning models
is also a promising research area toward improv-
ing the performance of depression diagnosis.
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