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ABSTRACT 
Due to their impact on emotional health, mental functioning, productivity and quality of life, depression and mental 
fatigue have become public health problems. Early diagnosis and early intervention are important to the successful 
treatment of these conditions. Thanks to the recent developments in Artificial Intelligence (AI), Computer Vision 
(CV), Affective Computing and Explainable Artificial Intelligence (XAI), automatic systems have been developed 
that are able to analyze behavioral signs associated with psychological conditions. This review provides an overview 
and detailed analysis of recent research on facial expression recognition, facial micro-expression analysis, monitoring 
of eye dynamics, depression detection, mental fatigue assessment, multimodal learning and explainable AI. The 
literature is systematically organized according to application area, data sets, methodology and performance. 
Comparative, dataset, technology and technique-wise analysis is carried out to find out the trend, strengths and 
limitations of the existing research. The results show that deep learning-based architectures like CNN, LSTM, CNN-
LSTM hybrid, GNN, and transformer models can achieve a significant boost in behavioral analysis performance 
compared to single-modality models, and multimodal models tend to perform better than their single-modality 
counterparts. The use of techniques such as SHAP, Grad-CAM, and Integrated Gradients further enhances the 
transparency and trustworthiness of AI models. Previous research tends to focus on the detection of depression or 
fatigue separately, but not together with say, facial micro-expressions, eye dynamics, and explainability. Considering 
the deficiencies in the literature, an Explainable Temporal Vision Framework is proposed to simultaneously detect 
silent depression and mental fatigue using facial micro-expressions and eye behavior. The review highlights new 
challenges, future research directions and possible avenues to develop reliable, scalable and clinically viable mental 
health monitoring systems. 
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Dynamics Analysis, Explainable Artificial Intelligence (XAI), Multimodal Mental Health Monitoring. 
How to cite this article: Todkar RS, Patil JB, Bhopale SD, Patil ST. Explainable AI for Silent Depression and 
Mental Fatigue Detection: A Comprehensive Review of Facial Micro-Expressions, Eye Dynamics, and Multimodal 
Behavioral Analysis. Int J Drug Deliv Technol. 2026;16(57s): 844-858. DOI: 10.25258/ijddt.16.57s.89 
Source of support: Nil. 
Conflict of interest: None. 
 
 
1. Introduction 

Mental health disorders are a significant 
concern in the world today, and depression and mental 
fatigue are a significant factor in emotional health, 
cognition, productivity and quality of life. Depression 
is defined as a persistent sadness, loss of interest, 
emotional instability, and lowered cognitive 
functioning, while mental fatigue involves cognitive 
exhaustion, diminished attention, impaired decision 
making and decreased task performance [4], [36]. 
Traditional assessment methods like clinical 
interviews and self-report questionnaires are 
subjective, time-consuming, and rely on the patient's 
willingness to report emotional problems [4] and are 

not suitable for early detection and intervention. 
Therefore, there is a growing need for objective, 
automatic and non-invasive systems that can 
continuously monitor mental health conditions [21], 
[32]. 

The development of AI, Computer Vision 
(CV) and Affective Computing (AC) has allowed for 
the development of intelligent systems for behavioural 
analysis. There is huge attention on emotion 
recognition using facial expression, and the 
performance of deep learning models has been greatly 
improved [1], [13], [15], [22]. But hidden emotions 
may be more evident from the micro-expressions that 
appear on the face, which are good indicators of stress, 
depression and emotional suppression [19, 24, 35]. 
Likewise, eye dynamics have been found to be well 
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correlated with cognitive workload, stress, and mental 
fatigue, such as blink rate, gaze behavior, eye closure 
duration, pupil movement, and saccadic eye 
movements [20, 29, 30, 34]. 

There have been a few studies that focus on 
machine learning and deep learning approaches for 
detecting depression, monitoring fatigue, recognising 
emotions, and multimodal mental health assessment. 
Facial behaviour analysis-based methods have shown 
good results for detecting depression [18, 21, 33] and 
eye tracking and blink-based approaches have been 
successful for detecting fatigue [2, 20, 29, 30]. In 
addition, multimodal systems combining facial, 
physiological and behavioural data have been shown 
to perform better than unimodal systems [8], [14], 
[31], [32]. In the healthcare sector, Explanatory AI 
(XAI) methods like SHAP and Integrated Gradients 
have also enhanced transparency and trustworthiness 
[17, 21, 23, 25]. 

However, there are still some challenges to be 
addressed. Most of the existing studies are limited to 
the detection of depression or the assessment of 
fatigue separately, and few studies have been 
conducted on the joint analysis of depression and 
fatigue. The study of facial micro-expressions and eye 
dynamics is generally done independently, limiting the 
full understanding of behavior [19], [24], [30], [35]. 
Moreover, many deep learning models are 
inexplicable [23, 25] and multimodal systems often 
rely on specific sensors which restricts their 
deployment in the real world [8, 14, 31, 32]. Hence, 
this review aims to systematically analyze the recent 
advances in facial behaviour analysis, eye dynamics 
monitoring, multimodal learning, and explainable AI, 
and to pinpoint the key research gaps to address the 
demand for an integrated approach to early detection 
of silent depression and mental fatigue. 

 
2. Literature Review 
In recent years, AI and Computer Vision technologies 
have made a substantial leap in the field of automated 
mental health assessment, with behavioral analysis 
playing a crucial role. Facial expressions, facial micro-
expressions, eye dynamics, multimodal learning, and 
explainable AI for detecting depression, emotional 
states, and mental fatigue are explored. This section 
reviews the literature and discusses the advantages and 
disadvantages of the approaches that are currently 
available. 
A. Computer Vision Based Mental Health Analysis 
Facial expressions and micro-expressions have been 
used in several studies to recognize emotions and 
assess mental health. Muniasamy et al. [1] presented a 
CNN-LSTM model for emotion recognition in real-
time while Liu et al. [3] compared the different deep 
learning architectures and found that the VGG16 

model performed best. Sharma et al. [19] further 
enhanced micro-expression recognition by 
introducing facial action units, attention mechanisms, 
graph networks and motion magnification techniques. 
Zhang et al. [46] also added facial motion and shape to 
enhance micro-expression recognition, while Ren et 
al. [55] and Wu et al. [57] introduced facial motion and 
shape, respectively. Furthermore, Surek et al. [5] and 
Shana and Christopher [11] showed the usefulness of 
deep learning-based behaviors analysis of video 
sequences. Although some studies demonstrated 
promising results, the majority of studies concentrated 
primarily on the facial behavior and did not 
incorporate eye dynamics, fatigue assessment, and 
explainable AI. 
 
B. Detection of depression from facial videos and 
behavioural features 
Facial videos have been studied extensively for 
depression diagnosis. Rumahorbo et al. [18] proposed 
an RNN model to estimate the severity of depression 
based on the temporal features of the face. 
Mahayossanunt et al. [21] designed an explainable 
LSTM model with attention mechanisms and 
Integrated Gradients and Pan et al. [52] developed 
STA-DRN for learning depression-related facial 
dynamics. Lage Cañellas et al. [33] used ResNet-50 
based facial texture analysis and emphasized the need 
for pre-processing. These techniques have been 
promising, but the use of eye fatigue indicators and 
multimodal behavioral cues is not fully integrated. 
 
C. The Detection of Eye Movement and Mental 
Fatigue. 
The eye dynamics has been proven to be effective in 
the non-invasive assessment of mental fatigue. Eye-
tracking and facial video were adopted by Hamoud et 
al. [2] for fatigue detection and Kuwahara et al. [20] 
introduced the Eye Aspect Ratio Mapping framework 
for blink-based fatigue estimation. Yamada et al. [30] 
used eye-tracking data and automated feature selection 
to achieve high fatigue detection accuracy. Psyllos et 
al. [42] and Kremer et al. [51] also showed that 
fixation patterns, pupil dilation, blink rate and 
PERCLOS could be used for workload estimation, and 
Marquart et al. [44] showed that pupil dilation could 
be used for workload estimation. Most studies, 
however, do not incorporate eye behavior into 
depression-related indicators and facial micro-
expressions. 
 
D. Multimodal Emotion Recognition Based on EEG 
and Eye Signals. 
In order to enhance the ability of emotion recognition, 
researchers have turned to a multimodal approach that 
incorporates both physiological and behavioral 
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signals. To capture the multimodal information of 
EEG and eye movement, Fu et al. [14, 62] proposed a 
Multimodal Feature Fusion Neural Network with 
attention mechanism. In order to incorporate multi-
band EEG features and spatio-temporal attention 
mechanisms, Fang et al. [60] developed a multi-band 
EEG features based spatio-temporal attention 
mechanism (MB-MSTFNet). Hosseini et al. [8] 
created the EmpathicSchool dataset of synchronized 
facial and physiological data, and Song et al. [32] 
developed a personalized multimodal mental health 
monitoring framework. Multimodal fusion has been 
shown to enhance recognition but most of the methods 
rely on physiological sensors and offer only limited 
explainability. 
 
E. Eye Tracking and Human Computer Interaction 
Systems 
There have been multiple studies to integrate eye 
tracking with facial expression in intelligent 
interaction systems. Sun and Cai [10] presented a 
multimodal eye-control system based on gaze 
intention analysis and facial expression recognition. 
Menekse Dalveren and Cagiltay [45] used eye-
tracking to assess the cognitive workload during 
neurosurgical simulation training, and Sampei et al. 
[34] designed a wearable eye-monitoring system to 
estimate fatigue. Furthermore, Tan et al. [58] and Ma 
et al. [59] introduced multimodal deep learning 
architectures for healthcare and behaviour pattern 
recognition, respectively. But the focus of these 
systems is mainly on interaction and workload 
analysis, not mental health monitoring. 
 
F. Explainable Artificial Intelligence for Mental 
Health Applications 
In healthcare, Explainable AI plays a significant role 
in enhancing transparency and trust. Mahayossanunt 
et al. [21] used Integrated Gradients to interpret 
depression predictions based on facial behaviours. 
Atlam et al. [23] and Monteiro et al. [17] showed that 
SHAP can be used to interpret machine learning and 
deep learning models.Atlam et al. [23] and Monteiro 
et al. [17] proved the effectiveness of SHAP for 
interpreting machine learning and deep learning 
models.Atlam et al. [23] and Monteiro et al. [17] 
proved that SHAP can be used to interpret machine 
learning and deep learning models. Joyce et al. [25] 
emphasized explainability in psychiatric AI by 
introducing the TIFU framework, and Leong et al. [56] 
pointed out the importance of transparency and 
interpretability in healthcare decision support systems. 
Although these developments have been made, 
explainable AI is still not explored much in video-
based depression and fatigue detection. 
 

G. Survey and Review Studies 
There are a number of review studies that have 
compiled progress in the field of mental health 
monitoring and behavioral analysis. Ghafarfaraji et al. 
[4] summarized facial and micro-expression 
recognition techniques for mental disorder diagnosis 
and Shuai et al. [6] and Li et al. [24] and Zhao et al. 
[35] reviewed the micro-expression datasets, 
technologies and deep learning approaches. Poojari et 
al. [4] discussed the use of AI in mental healthcare and 
Kunasegaran et al. [36] and Sharma et al. [39] 
reviewed mental fatigue assessment and sensing 
technologies. All of these studies highlighted the 
issues of small data sets, weak generalization, lack of 
explainability, and lack of integration of facial and eye 
behavior analysis. Overall, the current research 
indicates a movement towards deep learning, 
multimodal learning, and explainable AI, but there are 
challenges with integration, data availability, and 
deployment in the real world that need to be addressed. 
Overall, the literature shows a clear trend towards deep 
learning, multimodal learning and mental health 
monitoring systems based on explainable AI. 
Although major strides have been made, integration, 
data availability, explainability and deployment issues 
are not resolved. Thus, a thorough comparative study 
is required to establish the trends in current research, 
limitations of existing work and future directions for 
the development of reliable and scalable systems for 
the detection of silent depression and mental fatigue. 
 
3. Comparative Analysis of Existing Studies 
The comparative analysis shows that there are 
considerable improvements in emotion recognition, 
depression detection, mental fatigue assessment, 
multimodal learning, and explainable AI. 
Recognitions accuracy has significantly improved in 
different domains using deep learning models like 
CNNs, LSTMs, GRUs, Graph Convolutional 
Networks, and Transformers. Rumahorbo et al. [18] 
and Mahayossanunt et al. [21] showed that facial 
behavioral features are effective for the detection of 
depression. Lage Cañellas et al. [33] proved facial 
behavioral features for depression detection. Likewise, 
eye dynamics-based fatigue assessment methods, such 
as blink rate, gaze patterns, and eye movements, were 
found to be high performing, with some studies 
reporting an accuracy of over 90% [20], [29], [30]. 
Table 1 provides a comparative analysis of 
representative studies that have been conducted within 
the following categories: Depression detection, 
Fatigue assessment, Multimodal learning, and 
Explainable AI. 

Table 1. Comparative Analysis of Existing Studies 
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R
ef
. 

Y
ea
r 

Appli
cation 

Dataset Metho
dology 

Performa
nce / 
Limitatio
ns 

[1
] 

20
26 

Emoti
on 
Recog
nition 

FER-
2013, 
AffectNe
t, RAF-
DB 

Attenti
on 
CNN-
LSTM 

High 
accuracy; 
No 
depressio
n/fatigue 
analysis 

[2
] 

20
25 

Menta
l 
Fatigu
e 
Detec
tion 

Eye 
Tracking 
Dataset 

TabNe
t + 
Vision 
Model 

82% 
Accuracy
; No 
micro-
expressio
n 
analysis 

[1
8] 

20
25 

Depre
ssion 
Detec
tion 

Facial 
Video 
Intervie
ws 

RNN, 
LSTM
, GRU 

MAE=5.
04, 
RMSE=6
.03; No 
explainab
ility 

[1
9] 

20
24 

Menta
l 
Healt
h 
Asses
sment 

CASME 
II, 
SAMM 

CNN 
+ AU 
Analys
is 

92.99% 
Accuracy
; No eye 
dynamics 

[2
0] 

20
22 

Eye 
Fatigu
e 
Detec
tion 

Blink 
Video 
Dataset 

EAR
M 

High 
accuracy; 
No 
depressio
n 
assessme
nt 

[2
1] 

20
23 

Expla
inable 
Depre
ssion 
Detec
tion 

Intervie
w 
Videos 

LSTM 
+ 
Integra
ted 
Gradie
nts 

91.67% 
Accuracy
; No 
micro-
expressio
n 
analysis 

[1
4] 

20
23 

Multi
modal 
Emoti
on 
Recog
nition 

SEED-
IV 

MFFN
N + 
Attenti
on 
Fusion 

87.32% 
Accuracy
; 
Requires 
EEG 

[2
9] 

20
23 

Fatigu
e 
Detec
tion 

Operator 
Dataset 

TICC 
+ 
KNN 

91.83% 
Accuracy
; No 
emotiona
l analysis 

[3
0] 

20
18 

Menta
l 
Fatigu
e 
Detec
tion 

Eye 
Tracking 
Dataset 

Featur
e 
Selecti
on + 
ML 

91.0% 
Accuracy
; No 
multimod
al info 

[3
1] 

20
23 

Menta
l 
Fatigu
e 
Detec
tion 

Physiolo
gical 
Signals 

Rando
m 
Forest 

96% 
Accuracy
; 
Requires 
sensors 

[3
2] 

20
24 

Menta
l 
Healt
h 
Monit
oring 

Multimo
dal 
Dataset 

Transf
ormer-
Based 
Learni
ng 

CCC=0.5
03; No 
micro-
expressio
ns 

[3
3] 

20
23 

Depre
ssion 
Recog
nition 

AVEC20
13/2014 

ResNe
t-50 

MSE=5.5
0; No 
explainab
ility 

[2
3] 

20
25 

Expla
inable 
Menta
l 
Healt
h 

Mental 
Health 
Dataset 

SHAP 
+ 
Ensem
ble 
Learni
ng 

100% 
Accuracy
; No 
visual 
analysis 

[3
5] 

20
23 

Micro
-
Expre
ssion 
Revie
w 

Multiple 
Datasets 

Survey Compreh
ensive 
review; 
No 
framewor
k 

[4
0] 

20
22 

Visua
l 
Fatigu
e 
Detec
tion 

VDT 
Dataset 

Blink 
Featur
e 
Analys
is 

Fatigue 
correlatio
n; No 
depressio
n 
analysis 

 
The comparative analysis reveals a growing trend in 
the use of multimodal learning and explainable AI for 
mental health monitoring. Most of the existing 
systems are based on physiological sensors and 
wearable devices, and multimodal approaches tend to 
perform better when they are able to combine 
complementary behavioral information, but are not 
easily deployable to large scales. Furthermore, most of 
the studies only consider the detection of depression 
or the assessment of mental fatigue separately, and 
very few studies combine facial micro-expressions, 
eye dynamics, and explainability in a comprehensive 
framework. These restrictions highlight the 
importance of developing an explainable multimodal 
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system that can detect silent depression and mental 
fatigue simultaneously by analysing non-invasive 
behavior. 
 
4. Research Trend Analysis 
4.1 Publication Trend Analysis 
Recent studies analysis shows that the research on the 
detection of depression, mental fatigue, facial micro-
expression recognition, and explainable artificial 
intelligence has been significantly increased.   

 
Fig. 1. Publication Trend of Studies(2021–2026). 

The number of published works as in fig. 1 has grown 
significantly between 2021 and 2026, as the research 
field of deep learning, computer vision, wearable 
sensing technologies, and mental healthcare 
applications has progressed. Previous research mainly 
centered on the traditional facial expression 
recognition and physiological signal analysis. Recent 
studies have focused on multimodal learning, temporal 
behavioural analysis, eye dynamics monitoring, and 
explainable AI techniques to enhance the accuracy and 
transparency of predictions. 
 
4.2 Taxonomy of Existing Studies 
The reviewed studies can be grouped into six main 
areas: facial expression analysis, facial micro-
expression recognition, depression detection, eye 
dynamics based fatigue assessment, multimodal 
mental health monitoring and explainable artificial 
intelligence. The taxonomy of the existing studies on 
depression detection and mental fatigue assessment 
can be seen in Figure 2. 

 
Fig. 2. Taxonomy of Existing Studies in Mental 

Health Monitoring 
As can be seen in fig. 2, the majority of previous 
research has concentrated on a single modality, facial 

expressions, facial micro-expressions or eye 
dynamics. A variety of deep learning models, such as 
Convolutional Neural Networks (CNNs), Recurrent 
Neural Networks (RNNs), Long Short-Term Memory 
(LSTM) networks, and attention-based models, are 
currently employed in emotion recognition, 
depression detection, and fatigue assessment. There 
has been a growing number of studies in recent years 
that use multimodal approaches involving facial 
behavior, eye movements, physiological signals and 
speech features to enhance performance. There are 
many, however, that require specialized sensors and 
are not explainable. Thus, further research is needed 
on the explanation of multimodal systems that 
collectively process facial micro-expressions and eye 
movements for accurate and reliable assessment of 
mental health. 
 
5. Dataset and Technology Analysis 
5.1 Dataset Analysis 
Datasets are essential for development and evaluation 
of the automated depression detection, mental fatigue 
assessment, emotion recognition, and facial micro-
expression analysis systems. The performance and 
generalization ability of machine learning and deep 
learning models are directly affected by the quality, 
size, diversity and modality of the datasets. The 
reviewed studies utilize a variety of benchmark 
datasets ranging from facial image datasets to 
multimodal datasets containing video, eye-tracking, 
and physiological signals. Table 2 presents the most 
common datasets in the literature. 

Table 2. Dataset Analysis 
Dataset Yea

r 
Applicati
on 

Sampl
es 

Modality 

CASME 
II 

201
4 

Micro-
Expressio
n 
Recogniti
on 

247 Video 

SAMM 201
8 

Micro-
Expressio
n 
Recogniti
on 

159 Video 

FER2013 201
3 

Emotion 
Recogniti
on 

35,887 Image 

AffectNe
t 

201
7 

Emotion 
Recogniti
on 

1M+ Image 

AVEC20
13 

201
3 

Depressio
n 
Detection 

150+ Video 

Mental Health Monitoring Systems

Facial 
Behavior 
Analysis

Facial 
Express

ion 
Recogni

tion

Facial 
Micro-
Express

ion 
Recogni

tion

Depression Detection Systems

Facial 
Video 

Analysi
s

Behavi
oral 

Feature 
Analysi

s

Tempor
al 

Learnin
g 

Models

RNN / 
LSTM / 

GRU 
Approa

ches

Eye Dynamics-
Based Fatigue 

Detection

Blink 
Rate 

Analysi
s

Eye 
Aspect 
Ratio 
(EAR)

Multimodal 
Mental Health 

Monitoring

Facial + 
Eye 

Inform
ation

Eye + 
Physiol
ogical 
Signals
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SEED-
IV 

201
8 

Emotion 
Recogniti
on 

EEG + 
Eye 
Signal
s 

Multimo
dal 

According to the dataset analysis, CASME II 
and SAMM are the most popular datasets for facial 
micro-expression recognition, and FER2013 and 
AffectNet are the popular datasets for emotion 
recognition. AVEC is broadly used for detecting 
depression, while SEED-IV is used for multimodal 
emotion analysis. The datasets have enabled a vast 
amount of research on behavioral and mental health, 
but many suffer from small sample sizes, class 
imbalance, and lack of multimodal annotations. 
Moreover, most of the available datasets only deal 
with single tasks but not with integrated data of 
depression, mental fatigue, facial micro-expressions 
and eye dynamics. The restrictions demonstrate the 
need for larger and more extensive multimodal data 
for future systems of mental health assessment. 

Traditional machine learning methods have 
given way to sophisticated deep learning and 
explainable AI systems in the world of mental health 
monitoring technologies. Recent studies are 
increasingly using CNNs, LSTMs, GRUs, Graph 
Neural Networks and Transformer-based models to 
decipher facial behaviour, eye movement and 
emotional patterns. CNNs are very useful for 
extracting spatial features, and recurrent models for 
temporal behavioral changes. Recently, Transformers 
and GNNs have shown great power in capturing 
complex relationships and long-range dependencies. 
Furthermore, explainable AI methods like SHAP, 
Grad-CAM, and Integrated Gradients are being 
incorporated to enhance transparency and trust in 
models for clinical use. The most significant 
technologies, their applications, benefits, and 
drawbacks are summarized in Table 3 for the more 
recent mental health monitoring studies. 

Table 3. Technology Analysis 
Catego
ry 

Techni
ques 
Used 

Applica
tion 
Area 

Advant
ages 

Limitatio
ns 

Traditi
onal 
Machi
ne 
Learni
ng 

Rando
m 
Forest, 
SVM, 
KNN 

Fatigue 
Detecti
on, 
Classifi
cation 

Fast 
trainin
g and 
interpr
etable 

Limited 
feature 
learning 
capability 

CNN-
Based 
Model
s 

VGG1
6, 
VGG1
9, 
ResNet
50, 
Dense

Facial 
Express
ion 
Recogn
ition 

Strong 
spatial 
feature 
extracti
on 

Limited 
temporal 
understan
ding 

Net, 
Efficie
ntNet 

Recurr
ent 
Model
s 

RNN, 
LSTM, 
GRU 

Depress
ion 
Detecti
on, 
Sequen
ce 
Analysi
s 

Tempo
ral 
pattern 
learnin
g 

Higher 
computat
ional 
complexi
ty 

Hybrid 
Deep 
Learni
ng 

CNN-
LSTM, 
CNN-
GRU 

Emotio
n and 
Behavi
oral 
Analysi
s 

Spatial 
and 
tempor
al 
learnin
g 

Increased 
model 
complexi
ty 

Graph 
Neural 
Netwo
rks 

GCN, 
Graph 
Attenti
on 
Netwo
rks 

Facial 
Landm
ark 
Analysi
s 

Captur
es 
facial 
relatio
nships 
effecti
vely 

Complex 
architectu
re 

Attenti
on-
Based 
Model
s 

Self-
Attenti
on, 
Attenti
on-
CNN-
LSTM 

Emotio
n 
Recogn
ition 

Focuse
s on 
import
ant 
regions 

Computat
ionally 
expensiv
e 

Transf
ormer 
Model
s 

Vision 
Transf
ormer 
(ViT), 
Video 
Transf
ormer 

Mental 
Health 
Monito
ring 

Long-
range 
depend
ency 
learnin
g 

Requires 
large 
datasets 

Multi
modal 
Fusion 
Model
s 

MFFN
N, 
Attenti
on 
Fusion 
Netwo
rks 

Emotio
n and 
Mental 
Health 
Analysi
s 

Improv
ed 
robustn
ess and 
accura
cy 

Data 
synchroni
zation 
challenge
s 

Explai
nable 
AI 
Metho
ds 

SHAP, 
Grad-
CAM, 
Integra
ted 
Gradie
nts 

Model 
Interpre
tation 

Improv
es 
transpa
rency 
and 
trust 

Addition
al 
computat
ional 
overhead 
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The field has progressed from classic machine 
learning to explainable multimodal architectures of 
deep learning, as illustrated in Fig. 3. 

 
Fig. 3. Technology Evolution Timeline 

The technology analysis reveals a clear trend towards 
deep learning and multimodal approaches, a contrast 
with traditional machine learning methods. Previous 
approaches like Random Forest, SVM, and KNN were 
based on manually engineered features and lacked the 
capacity to represent intricate behavioral patterns. 
CNNs were used to enhance facial behavior analysis 
by using automatic facial feature extraction, whereas 
the LSTMs and GRUs were used to learn temporal 
behavior. Recently, Transformers, Graph Neural 
Networks and multimodal fusion methods have been 
used to further boost performance using a variety of 
behavioral cues. In addition, Explainable AI 
techniques are increasingly being adopted to improve 
transparency and clinical trust in mental health 
monitoring systems. The main results are CNN is the 
most popular architecture for facial behavior analysis 
and LSTM and GRU models are good at learning the 
temporal behavior pattern. Recent developments in 
sequence modeling are based on transformer 
architectures. Moreover, multimodal fusion 
techniques tend to outperform single-modality 
techniques, and Explainable AI has emerged as a 
critical feature in healthcare applications to ensure 
transparency and trustworthiness. Future systems are 
expected to combine multimodal learning with 
explainable Transformer-based architectures for more 
accurate and trustworthy mental health assessment. 
 
6. Technique-wise Performance Analysis 

The analysed studies reveal a significant 
transition from conventional machine learning 
techniques to more sophisticated deep learning and 
multimodal approaches in mental health monitoring. 
The handcrafted features used by conventional 
techniques like KNN, Random Forest, and SVM were 
less effective at capturing complex behavioral 
patterns. However, CNNs showed better performance 
in facial expression and micro-expression recognition, 
and CNN-LSTM models showed better performance 
by learning spatial and temporal information [19], 

[46]. Recent research on depression detection 
experiments showed that RNNs, LSTMs and GRUs 
are effective in modeling temporal behavioral patterns 
[18, 21]. Likewise, eye dynamics-based approaches, 
such as blink rate, gaze behavior, EARM, and 
PERCLOS, have been shown to be accurate in mental 
fatigue assessment [20, 29, 30, 31]. More recent works 
have focused on the benefits of multimodal methods 
that integrate facial expression, eye-gaze, 
physiological data and speech [14], [32] which 
typically achieve better performance than unimodal 
methods. Furthermore, Explainable AI (XAI) methods 
like SHAP and Integrated Gradients are being 
increasingly used to enhance transparency and trust in 
health care systems [21], [23], [25]. Overall, 
multimodal learning, hybrid deep learning models, 
and explainable AI seem to offer the best potential 
avenues for future mental health assessment systems. 
Table 4 shows the comparison of the major approaches 
reported in the reviewed studies using a technique-
wise approach. 

Table 4. Performance Comparison of Different 
Techniques 

Techn
ique 

Stu
die
s 

Appli
cation 
Area 

Best 
Repor
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Perfor
manc
e 

Adva
ntages 

Limitati
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CNN [3], 
[19
], 
[22
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Expre
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Micro
-
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% 
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g 
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l 
featur
e 
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Limited 
tempora
l 
modelin
g 

RNN [18
] 

Depre
ssion 
Detec
tion 

RMS
E = 
6.03 

Captu
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patter
ns 
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ng 
gradient 
problem 

LST
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[1], 
[18
], 
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Emoti
on & 
Depre
ssion 
Detec
tion 

91.67
% 

Effect
ive 
seque
nce 
learni
ng 

Comput
ationall
y 
expensi
ve 
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ng 
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expressi
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LSTM 
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Emoti
on 
Analy
sis 

>90% Spatia
l + 
Temp
oral 
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ResN
et 
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Large 
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r 
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ng 

Data 
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Micro
-
expre
ssion 
Reco
gnitio
n 

High 
recog
nition 
rate 

Captu
res 
facial 
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ue 
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y 
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ls 

[23
] 
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inable 
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al 
Healt
h 

100%
* 

Highl
y 
interp
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e 

Dataset-
specific 

 
Figure 4 shows the development of machine learning 
techniques in mental health monitoring systems, with 
traditional machine learning methods giving way to 
deep learning, multimodal learning, Transformer-
based methods, and explainable AI frameworks. 

 
Fig. 4. Evolution of Techniques 

The analysis of the performances reveals a significant 
transition from traditional machine learning 
approaches to deep learning and transformer-based 
architectures. CNNs achieved better recognition of 
facial expression and micro-expression, and CNN-
LSTM, RNN, LSTM and GRU models performed 
better in temporal behavioral analysis for depression 
detection, respectively [18, 19, 21, 46]. Recently, 
Transformer-based models have been found to have 
great potential for modeling long-range dependency 
and multimodal interaction [32]. The multimodal 
approaches usually yield the best performance when 
combining facial behavior, eye dynamics and 
physiological signals, but are typically dependent on 
special hardware [14], [31], [32]. Furthermore, the use 
of Explainable AI methods, like SHAP and Integrated 
Gradients, is growing to enhance transparency and 
trustworthiness in mental health applications [21, 23, 
25]. 
 
7. Results and Discussion 
7.1 Overall Findings 
The review highlights advancements in mental health 
monitoring using AI technology. The use of deep 
learning models like CNNs, LSTMs, CNN-LSTM, 
GNNs, and Transformers has enhanced emotion, 
depression, and mental fatigue detection, with 
numerous studies achieving accuracies exceeding 
90%. 
 
7.2 Performance Comparison Discussion 
The sensor based approach is the most accurate but is 
only possible with specialist equipment, which is 
limiting for practical use. However, camera-based 
systems that utilize facial expressions, micro-
expressions and eye movements offer a more scalable 
and non-invasive solution for real-world applications. 
 
7.3 Dataset Analysis Discussion 
Some of the most popular databases for micro-
expression recognition are CASME II and SAMM, 
and for depression and emotion analysis are AVEC, 
FER2013, and AffectNet. But many of the datasets 
have small sample sizes, class imbalance and lack of 
combined depression and fatigue annotations. 
 
7.4 Technique Analysis Discussion 
The research has progressed from the traditional 
machine learning to deep learning and multimodal 
approaches. CNNs are well suited for spatial feature 
extraction, while LSTM, GRU, and Transformer 
models are capable of capturing temporal behavioral 
patterns. Most multimodal frameworks work better 
because they use several information sources. 
  
7.5 Explainability Discussion 

Traditiona
l ML

(KNN, RF, 
SVM)

CNN 
Models

CNN-
LSTM 

Models

Attention 
Networks

Transform
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SHAP, Grad-CAM, and Integrated Grad-Ints are 
examples of explainable AI techniques that enhance 
the transparency and trust within healthcare systems. 
But, they have not been widely used in the field of 
depression and mental fatigue detection, which limits 
their clinical acceptance. 
 
8. Research Challenges 
While AI-driven mental health monitoring has made 
significant strides recently, there are still several 
hurdles that need to be overcome to create systems that 
are reliable and clinically applicable. Some of the 
challenges are limited datasets, privacy concerns, 
explainability, real-time deployment, and model 
generalization. 
 
8.4 Real-Time Deployment 
Analysis of facial videos, eye movements, and 
behavioral patterns in real time demands a significant 
amount of computational resources. Lightweight and 
efficient models are needed for deployment on 
mobile and edge devices. 
 
8.5 Explainability and Clinical Trust 
Most deep learning models are black boxes, which 
can make their predictions hard to understand. While 
techniques like SHAP, Grad-CAM, and IG have 
enhanced the transparency of XAI, these methods are 
not widely used. 
 
8.6 Generalization and Robustness 
Models can be very successful on a set of data but not 
so successful when it comes to real life because 
lighting, camera quality, facial appearance and user 
demographics vary. 
 
8.7 Multimodal Integration Complexity 
The fusion of these different data sources is still 
difficult and can benefit the performance when facial 
behavior, eye dynamics, speech and physiological 
signals are combined. 
 
8.8 Clinical Validation 
Most systems are tested on research data sets and not 
on actual clinical data sets. Reliability and usefulness 
for large-scale clinical studies need to be established. 
 
To ensure reliable and real-world deployment, future 
mental health monitoring systems must tackle critical 
issues of data availability, privacy, explainability, 
scalability, and clinical validation. 
 
9. Research Gaps 
The literature surveyed shows that the field of facial 
expression recognition, micro-expression analysis, 
depression detection, eye tracking based fatigue 

assessment and multimodal emotion recognition has 
come a long way. Most of the existing studies 
however only consider a single modality and not 
combine facial micro-expressions and eye dynamics 
into a single framework. Most of the depression 
detection systems do not include mental fatigue 
assessment, and many multimodal systems require 
EEG signals or wearable sensors, which are not 
feasible in real-world applications. Moreover, 
explainable AI methods are not well studied in video-
based mental health tracking systems. Thus, it is 
necessary to have a non-invasive, explainable and 
multimodal approach to detect silent depression and 
mental fatigue from facial micro-expressions and eye 
dynamics. 
 
10. Proposed Conceptual Framework 
The proposed framework is introduced in this 
section.This section provides an overview of the 
proposed framework. 
In order to address the aforementioned research gaps, 
a novel Explainable Temporal Vision Framework is 
proposed for the simultaneous detection of silent 
depression and mental fatigue from facial micro-
expressions and eye dynamics as illustrated in Fig. 5. 
The framework offers a non-invasive, automatic, and 
explainable mental health assessment solution. It 
combines facial micro-expression analysis, eye 
behavior monitoring, temporal deep learning, 
multimodal feature fusion, and Explainable AI in a 
single architecture. Emotional and fatigue related 
features are extracted from facial video sequence, and 
depression and fatigue patterns are extracted from 
fused behavioral features. Lastly, Explainable AI 
methods produce clear and understandable forecasts 
for doctors and end-users.

 
Fig. 5. Proposed Conceptual Framework 

10.2 Video Acquisition and Preprocessing 
The proposed framework starts by capturing facial 
video sequences from a regular camera or webcam. 
The captured videos offer insights into behavioral 
patterns, such as facial expressions, eye movement, 
blink frequency, gaze patterns and subtle emotional 
cues. The framework is non-invasive, meaning that it 
does not require any special physiological monitoring 
device or wearable sensor. After acquisition, the video 
frames are preprocessed, including face detection, face 
alignment, illumination normalization, noise removal, 
and facial landmark localization. These operations 
help to ensure the accuracy of the data and facilitate 
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the extraction of behavioral characteristics in the 
following steps. 
 
10.3 Facial Micro-Expression Analysis 
Facial micro-expressions are involuntary brief facial 
movements that express hidden emotions. Micro-
expression analysis can be useful in detecting 
underlying psychological states because people who 
are depressed tend to hide their emotions. The 
framework includes facial action unit (FAU) analysis, 
optical flow patterns, facial landmark motion, muscle 
activation patterns, and temporal motion descriptors to 
capture subtle differences in emotion. The 
discriminative facial representation and behavioral 
patterns associated with depression can be learned 
using deep learning models like CNNs. 
 
10.4 Eye Dynamics Analysis 
Eye-based behavioral patterns have significant 
correlations with mental fatigue, cognitive workload, 
and emotion. Thus, the proposed framework extracts 
multiple eye dynamics features such as blink 
frequency, blink duration, Eye Aspect Ratio (EAR), 
Percentage of Eye Closure (PERCLOS), gaze 
direction, saccadic eye movements and eye closure 
patterns. Changes in these parameters offer valuable 
insights into attention levels, fatigue progression, 
stress, and cognitive exhaustion. Eye behavior 
analysis is incorporated into the framework to improve 
its ability to identify mental fatigue along with 
depression symptoms. 
 
10.5 Multimodal Feature Fusion 
A multimodal fusion mechanism is used to combine 
the extracted facial micro-expression features and eye 
dynamics features. The aim of this step is to merge 
complementary behavioral information from both 
modalities into a single representation. Different 
fusion strategies including early feature fusion, late 
feature fusion, attention-based fusion, and 
transformer-based fusion can be used to achieve the 
best information utilization. Multimodal integration 
allows for more powerful and precise behavioral 
analysis than can be achieved with single modality 
systems. 
 
10.6 Temporal Behavioral Learning 
10.6 Temporal Behavioral Learning 
Depression and mental fatigue are chronic illnesses 
that take time to develop. Thus, temporal analysis is 
necessary to comprehend behavior throughout video 
sequences. The fused behavioral features are then 
processed with temporal learning architectures like 
LSTM, Bi-LSTM, GRU, Temporal CNN, Vision 
Transformer or Video Transformer models. These 
models are able to capture long-term dependencies and 

temporal relationships between the behavioral cues, 
which allows for the accurate identification of 
sustained depression and fatigue-related patterns. 

Depression and Mental Fatigue 
Classification is a classification for depression and 
mental fatigue. 
The learned temporal representations are subsequently 
used for behavioral condition classification. The 
framework is used to predict the presence and severity 
of depression and mental fatigue based on the 
extracted patterns. Depending on the requirements for 
the application, the classification stage can be backed 
up by both a binary and a multi-class prediction 
scheme. This stage is the fundamental decision 
making part of the framework. 
 
10.8 Explainable AI-Based Interpretation 
The framework integrates explainable AI techniques 
to enhance transparency and clinical trustworthiness. 
Various methods like SHAP, Grad-CAM, Integrated 
Gradients and Attention Visualization are used to 
determine the most influential facial regions, eye 
movements and temporal features of behavior that lead 
to the final prediction. These explanations help to 
understand the model's reasoning process and are 
useful for clinical decision making. 
 
10.9 Decision Support and Mental Health 
Assessment 
The last stage produces outputs that are interpretable 
and behavioral assessment reports. Depression risk 
scores, mental fatigue scores, attention heatmaps, 
feature importance visualizations and 
recommendation alerts can be given by the system. 
These outputs can support the early mental health 
assessment and intervention of clinicians, 
psychologists, health workers and people. The 
proposed framework integrates predictive 
performance and interpretability, enabling reliable and 
transparent mental health monitoring. 
 
11. Future Research Directions 
Future studies should aim to create more precise, 
explainable, scalable, and clinically valid mental 
health monitoring systems. Key directions include: 
 
11.1 Integration of Facial Micro-Expressions and Eye 
Dynamics 
Facial micro-expressions and eye dynamics can be 
combined for a more complete understanding of 
emotional and cognitive states, which can help to 
better detect depression and fatigue. 
 
11.2 Large-Scale Multimodal Datasets 
A variety of multimodal data sets with facial videos, 
gaze data, depression scores and fatigue labels are 
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required to enable comprehensive model development 
and assessment. 
 
11.3 Explainable AI 
The potential inclusion of XAI methods like SHAP, 
Grad-CAM, and Integrated Gradients in future 
systems to enhance transparency and clinical trust. 
 
11.4 Transformer-Based Models 
The vision Transformers and multimodal Transformer 
architectures are promising for capturing complex 
temporal behavioral patterns. 
 
11.5 Privacy-Preserving Frameworks 
To safeguard sensitive mental health data, techniques 
like federated learning, differential privacy, and secure 
aggregation should be incorporated. 
 
11.6 Real-Time Deployment 
Lightweight models, model compression, pruning, and 
edge AI solutions are needed for efficient real-time 
monitoring on mobile and wearable devices. 
 
11.7 Personalized Assessment 
Future systems should be flexible enough to learn and 
adapt to the individual's behavior to increase the 
accuracy of prediction and decrease the number of 
false alarms. 
 
11.8 Clinical Validation 
For the practical adoption and healthcare deployment, 
large-scale clinical studies and integration with 
telemedicine platforms are crucial. 
 
Multimodal learning, explainability, privacy 
preservation, personalization, and clinical validation 
are key elements that should be integrated within 
future mental health monitoring systems to ensure 
reliable and real-world depression and fatigue 
assessment. 
 
12. Threats to Validity 
This review offers a thorough overview of the latest 
progress in the fields of depression detection, mental 
fatigue assessment, facial micro-expression analysis, 
eye dynamics monitoring, multimodal learning, and 
explainable artificial intelligence, but there are several 
factors that could impact the validity of the findings 
and conclusions. 
 
12.1 Dataset Heterogeneity 
The studies reviewed employ a broad range of datasets 
with different characteristics, such as sample size, 
demographic makeup, acquisition conditions, 
annotation methods, and evaluation protocols. These 
variations can make it difficult to compare results 

across different studies and can affect the results 
reported. 
 
12.2 Evaluation Metric Variability 
Various evaluation measures like accuracy, precision, 
recall, F1 score, RMSE, MAE, MSE and Concordance 
Correlation Coefficient (CCC) are used in different 
studies. The metrics measure different aspects of the 
model's performance; direct quantitative comparisons 
may not be appropriate and should be used with 
caution. 
 
12.3 Publication Bias 
Most of the reviewed literature is from peer-reviewed 
journals and conference proceedings. Studies with 
positive or significant results are more likely to be 
published than studies with negative or inconclusive 
results. Thus, the overall impression of the 
effectiveness of the existing approaches could be 
affected by publication bias. 
 
12.4 Rapid Technological Evolution 
AI and Computer vision technologies are still evolving 
at a rapid pace. New architectures, datasets, 
explainability methods and multimodal learning 
strategies could develop following this review. Thus, 
some of the findings and trends in this paper may need 
to be updated in the future as the field progresses. 
 
12.5 Generalization of Reported Results 
Numerous studies reviewed assess the models on 
limited data sets that are gathered under controlled 
conditions. So reported performance is not necessarily 
representative of actual deployment situations with 
diverse populations, environmental conditions, and 
behavioral variations. Thus, care should be taken in 
extrapolating experimental data to practical use. 
 
12.6 Scope Limitation 
The main areas of focus in this review are facial micro-
expression, eye movements and dynamics, depression 
detection, mental fatigue assessment, multimodal 
learning and explainable AI. Other related modalities, 
such as, speech analysis, physiological signal 
processing, social media behaviour analysis, and 
clinical biomarkers were not covered in detail. 
Consequently, the review may not be comprehensive 
of all mental health monitoring strategies. 
 
13. Conclusion 
Depression and mental fatigue are important mental 
health issues that need timely and accurate 
identification. The recent developments in facial 
expression recognition, facial micro-expression 
analysis, eye dynamics monitoring, depression 
detection, mental fatigue assessment, multimodal 
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learning and explainable artificial intelligence were 
analyzed in this review. The results show that deep 
learning models like CNNs, LSTMs, CNN-LSTM, 
GNN, and Transformers have shown remarkable 
improvements in recognition performance, and 
multimodal models generally outperform single-
modality models. Explainable AI techniques further 
contribute to transparency and trust in healthcare 
applications. The review also highlighted several 
research gaps, such as the lack of integration of 
depression and fatigue detection, few multimodal 
datasets, explainability problems, and deployment 
issues in real-world scenarios. To overcome these 
drawbacks, an Explainable Temporal Vision 
Framework is proposed, which integrates facial micro-
expression, eye movement, temporal behavioral 
learning, multimodal feature fusion, and explainable 
AI. Further studies are needed to create scalable, 
privacy-preserving, and clinically valid solutions to 
detect early signs of silent depression and mental 
fatigue. 
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