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Abstract: Fatigue detection plays a critical role in mission-critical environments such as defense operations, 

transportation, and industrial control, where sustained attention and alertness are paramount for safety, operational 

efficiency, and human performance. This study introduces a real-time, non-intrusive fatigue detection system that 

employs Vision Transformers (ViTs) to identify subtle facial cues associated with fatigue. Unlike traditional methods 

that rely primarily on overt indicators such as yawning, eye closure, or head nodding, our approach leverages 

advanced deep learning techniques to capture nuanced micro-expressions and subtle behavioral patterns that are 

often overlooked. By applying transfer learning from the FER-2013 dataset to the NTHU-DDD dataset, we achieve 

enhanced model generalization, with ViT-L16 and R50+ViT-B16 architectures attaining classification accuracies of 

70.31% and 72.79%, respectively. Visual attention maps reveal that FER-FFR models focus more effectively on 

critical facial regions, enabling precise feature extraction and interpretability. Furthermore, we introduce a fatigue 

level indicator that quantifies fatigue progression over consecutive video frames, demonstrating behavior that closely 

aligns with human fatigue dynamics. The proposed system is robust, scalable, and suitable for deployment in real-

world operational settings, providing an automated, reliable, and objective solution for continuous fatigue monitoring, 

potentially enhancing safety, productivity, and decision-making in high-stakes environments. 

Keywords: Facial Expression Recognition (FER), Fatigue Detection, CNN, Resnet, Attention Based Models 

 

1. Introduction 

In any organization, where the quality of the 

output depends on human performance, fatigue can 

cause performance degradation. Despite work quality, 

fatigue also poses a health risk to individuals [1]. Sleep 

disorders, depression, and stress result from fatigue, 

which can escalate and prove to be fatal [2]. Therefore, 

monitoring and managing fatigue is essential for 

safeguarding the health and safety of individuals in the 

workplace. 

Aviation and particularly military aviation, is a 

challenging and demanding job that requires utmost 

professionalism. Slight mistakes cause an invaluable 

loss of trained human resources and costly warfighting 

equipment to the nation [3]. Fatigue monitoring through 

self-declaration has been in place for aircrew to avoid 

flying accidents/incidents and meet statutory 

requirements. However, it is often neglected for the 

ground crew involved in operations from the ops room or 

in combat enabling ground operation. Increased fatigue 

levels for them can prove to be detrimental towards 

achieving mission objectives. Fatigue may also affect 

the aviation unit’s readiness, such as command and 

control centers, which are manned 24X7 and are 

mandated to respond to any aerial threats within 

seconds. 

 The present system of fatigue detection in 

aviation is manual. Officers responsible are supposed to 

ensure that air-warriors placed below him are well rested 

and not fatigued during the job [4]. However, the manual 

system has many flaws, such as worker to supervisor 

ratio, the strenuous task of fatigue detection, the set- ting 

of fatigue in monitoring officer himself, etc. It has failed 

on numerous occasions in the past. During hostility or 

heightened national security situation, the problems in 
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fatigue monitoring increase exponentially. Hence there 

is a need for automatic detection of fatigue. 

Fatigue can be detected automatically using 

different sensors like electromyography (EMG), 

electrocardiogram (ECG), electroencephalograph 

(EEG), and camera [5]. The camera is a highly promising 

sensor for fatigue detection, as it provides multiple 

informative visual cues while being non-intrusive and not 

requiring the subject to wear any device. The human 

face is a powerful channel of non-verbal communication. 

It conveys a lot of semantic information such as age, 

gender, ethnicity, and emotion. Every human emotion, 

including fatigue, is instantly visible on the face. Also, it 

is challenging to disguise or mislead one’s own face. The 

human face serves as the ideal candidate for the 

automatic detection of Automatic detection of fatigue 

from the face has been limited under Driver Drowsiness 

Detection (DDD) terminology [6]. In our approach, we 

are trying to extend it to a more general category of day-

to-day settings tracking fatigue of people involved in the 

critical tasks. Inspired from the topic of FER, which has 

widely been researched in computer vision, we have 

used the terminology of Facial Fatigue Recognition 

(FFR). 

Traditionally fatigue has been associated with 

closed eyes, yawning, and head movement [7]. Most of 

the FFR approaches have focused on the detection of 

the above signs on the face. The metric used included 

Percentage Eye Closure (PERCLOS) and Frequency of 

Mouth (FOM). However, these systems suffer from two 

main drawbacks: first is threshold needs to be set on 

these matrices, limiting the system's effectiveness and 

second is many other minute facial movements such as 

inner brow rise, outer brow rise, lip stretch and jaw drop 

have also been known to be markers for drowsiness. 

Traditionally most of the deep learning-based 

approaches used CNNs for fatigue detection [8]. 

Humans perceive facial emotion or fatigue by looking at 

various important facial regions like eyes/lips/forehead, 

and ignore other details of hair, ear, etc. For detection, 

the model must attend to various regions of facial parts 

and Attention models provide a solution to this. We have 

used the Attention Based model in our approach. 

It is also necessary for fatigue detection systems 

to quantify the level of fatigue. Mere classification into 

fatigue and non-fatigue may not be sufficient in real life 

scenario. We have taken motivation from bio-

mathematical models for human performance under 

fatigue and provided rough estimate of fatigue level 

along with the detection. 

As a part of this project, our key contributions 

can be summarized as follows. First, we propose a 

fatigue detection model that leverages a deep learning-

based FER framework, which has been fine-tuned 

specifically for the FFR task. Second, our system not 

only detects the presence of fatigue but also monitors 

and estimates the level of fatigue over time, providing a 

more detailed and actionable assessment. Third, we 

integrate an attention-based modeling approach, 

allowing the system to focus on critical facial regions and 

capture subtle cues indicative of fatigue. Collectively, 

these contributions aim to provide a robust, accurate, 

and real-time solution for fatigue monitoring in critical 

operational settings. 

 

1.1 Our Contributions 

Our work is distinguished from existing FER and 

FFR approaches by the following key contribution 

 Vision Transformer for FFR – Leveraging ViT 

models to capture subtle fatigue cues beyond 

the capability of CNNs. 

 FER → FFR Transfer Learning – Reusing FER-

learned features to improve FFR performance 

under limited data. 

 Hybrid ViT Architecture – Combining ResNet-50 

with ViT for enhanced feature extraction. 

 Fatigue Level Quantification – Introducing a 

temporal indicator to monitor fatigue 

progression over time. 

 

2. Related Work 

The FER and FFR methods can be divided into 

two broad categories: conventional approaches in which 

features are handcrafted and deep learning-based 

approaches in which features are automatically 

generated through the output of a deep neural network. 

 

2.1 FER Approaches 

In conventional methods feature extraction step 

and the feature classification step are independent. 

Feature extraction is carried out using image processing 

techniques. Various methods for feature extractions 

include LBP (local binary pattern), gabor filter, scale-

invariant feature transform (SIFT), speeded up robust 

features (SURF), and histogram of oriented gradients 

(HOG). 

The features used in FER can be divided into 

three main types: geometric features, appearance 

features, and a combination of these two as hybrid 

features. ELLaban et al [9] implemented FER using SVM 

and KNN classifier. On their self-made dataset, SVM 

outperformed the KNN classifier. [10] Implemented FER 

using Fisher Independent Component Analysis (FLD) 

feature extraction and hidden markov model (HMM) for 

classification on CK+ dataset. Authors of [11] integrated 

geometric and textural features to form a hybrid feature 

vector during training. The hybrid feature improved the 

accuracy. Datta et al. [11] used an image segmentation-

based approach using gabor filtering along with SVM 
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and showed that the image segmentation technique 

improved accuracy. Conventional approaches for FER 

are still being studied due to their relatively lower 

computing power and memory. However, most of the 

state-of-the-art FER techniques used deep learning 

based models. 

 

2.2 Deep-Learning Based FER Approaches  

Most DL-based FER approaches use CNNs as 

the backbone. FaceNet2ExpNet [12] proposed two-

stage training from Face Recognition to FER. The fine-

tuned face net serves as a suitable initialization for the 

expression net and is used to supervise the training of 

the convolutional layers. 

Traditionally CNNs were directly employed on 

raw pixel intensities to learn the features. Some 

approaches tried to employ various hand-crafted 

features and their extensions as the network input rather 

than raw pixel data to strengthen the network's 

robustness to common distractions and to force the 

network to focus more on facial areas with expressive 

information [13]. 

Some approaches tried attention-based models, 

which help to suppress the contribution of surrounding 

deterrent elements and concentrates classification 

solely on facial regions. [14-16] proposed automatically 

learning the salient features for facial expressions using 

attention mechanisms. However, till the introduction of 

Vision Transformers, these attention-based models 

were used in conjunction with CNNs only. 

Recently, Vision Transformers (ViTs) have 

gained attention in FER by modeling long-range 

dependencies across facial regions. Studies [17] 

demonstrate that ViTs outperform CNNs in capturing 

subtle intra-class variations, especially under occlusion 

and pose changes. These findings motivate our use of 

ViTs as a backbone for fatigue recognition. 

 

2.3 FFR Approaches 

Due to very little diversity in available FFR data 

(maximum number of subjects is less than 40), most of 

the FFR techniques have earlier used the conventional 

approach of hand-crafted features, and e.g., [18] used 

LBP + AdaBoost for FFR. Some approaches have used 

facial landmark detectors and relationships between 

those landmarks to create a feature vector for 

classification using SVMs. However, in FFR also, deep 

learning-based features proved to be more successful in 

real-world circumstances. Recently CNNs were used in 

[19] for fatigue detection. [20] used MTCNN pre-

processing as a face detector and facial landmark 

detector towards fatigue detection and used regions of 

eye and mouth for FFR. Three-layered CNN has been 

used in [21] to capture various facial features for fatigue 

detection explicitly. The method did not focus only on 

eyes/mouth, rather used entire face regions to improve 

upon the previous approaches. 

Most of the previous approaches were tested on 

the custom dataset, created specifically towards testing 

the approach used. On the NTHU-DDD dataset, [22] 

used three pre-trained deep neural networks (AlexNet, 

VGG-FaceNet, and FlowImageNet) along with two 

ensemble strategies (independently averaged 

architecture and feature-fused architecture) to classify 

each video frame as drowsy or not.  

The approach showed that facial feature 

representation is essential for robust detection. 

However, the models like VGG-FaceNet, which are 

trained for face recognition, are dominated by face 

information due to the large-scale FR dataset, reducing 

the model's capability to learn facial expression 

discriminative features [23]. This reduces their 

effectiveness in FFR. 

In 2004, the effect of facial expression on fatigue 

had been studied briefly in [24]. The approach designed 

the FFR system using the Facial Action Coding System 

(FACS), which is based on facial muscle changes and 

can characterize facial actions. Further to this, in 2010, 

[25], the FACS system was used to effectively 

discriminate between moderate and acute drowsiness. 

Both these approaches confirmed that whole face and 

facial features are essential for robust fatigue 

recognition. The domain closely related to FACS is facial 

expression recognition. Thus we have decided to model 

these critical facial features through transfer learning 

from the deep learning based FER model. 

In the context of fatigue detection, multimodal 

approaches that integrate EEG and visual signals [26] 

and temporal deep learning architectures such as 

LSTMs and TCNs [27] have been proposed to capture 

temporal fatigue dynamics. However, transformer-based 

models for FFR remain underexplored, with only limited 

work attempting to leverage ViTs for fatigue state 

recognition. Moreover, existing studies do not address 

domain transfer between FER and FFR datasets, 

leaving a key research gap that our work aims to fill. 

Table 1 provides a comparative summary of 

existing FER and FFR approaches. As seen, most FFR 

methods rely either on CNN-based pipelines or 

handcrafted features, while only limited works have 

begun exploring transformer architectures or multimodal 

inputs. Crucially, none of the prior studies have 

investigated transferring FER-learned representations 

into FFR tasks using Vision Transformers, nor combined 

hybrid CNN–ViT architectures with fatigue-level 

quantification. This gap forms the basis of our proposed 

contributions. 
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Table 1. Summary of Existing FER and FFR Approaches 

Referene Task Dataset Model/Method Key Contribution Limitations 

[9], [10] FER CK+ 
Handcrafted features (SIFT, 

HOG, ICA) + SVM/HMM 

Early handcrafted 

FER 

Limited 

generalization 

[12] FER FER2013 FaceNet2ExpNet (CNN) 
Two-stage CNN 

transfer learning 

Sensitive to 

occlusion 

[14–16] FER 
FER2013, 

CK+ 
Attention-CNNs 

Salient feature 

learning 

Still CNN-

constrained 

[17] FFR Custom LBP + AdaBoost 
Early handcrafted 

FFR 
Poor scalability 

[19, 20] FFR NTHU-DDD CNN + MTCNN 
Eye & mouth region 

focus 

Ignores global 

face cues 

[21] FFR NTHU-DDD 
AlexNet, VGG-FaceNet, 

FlowImageNet 
Ensemble for fatigue Limited to CNNs 

[23, 24] FFR Custom FACS-based Muscle action coding 
Manual coding 

intensive 

 

3. Proposed Methodology 

The proposed methodology for fatigue detection 

consists of a systematic pipeline that involves image 

preprocessing, feature extraction using a ViT model, and 

fatigue level quantification. The entire process can be 

divided into the following stages, as described in figure 

1. The table 2 summarized all notations used in the 

proposed system. 

 

3.1. Input Acquisition 

The input to the system is a continuous video 

stream or a sequence of frames captured using a 

camera. Each frame is represented as a digital image, 

denoted as: 𝐼𝜖ℝ𝐻 ∙ 𝑊 ∙ 𝐶. where H represents the height of 

the image, W represents its width, and C denotes the 

number of color channels. For most cases, RGB images 

are used, meaning C=3. The video stream is essentially 

a collection of these image frames captured over time, 

represented as 𝑉 = {𝐼1, 𝐼2,𝐼3…….𝐼𝑇} . The frame rate, 

typically measured in frames per second (FPS), 

determines how frequently the camera captures frames. 

Higher FPS values provide more granular motion data, 

which can be beneficial for fatigue detection systems. 

The acquired frames then serve as input for further 

processing, starting with face detection and subsequent 

fatigue analysis. 

 

3.2. Face Detection and Cropping 

MTCNN performs a facial analysis within each 

frame to detect both facial expressions and fatigue-

related signs. MTCNN stands out as an optimal 

detection solution because it locates faces across 

different lighting conditions and rotated positions 

effectively. The algorithm detects faces together with 

alignment functions that deliver exact positions for facial 

landmarks. 

After face detection the system removes the 

detected face from its original frame before resizing it to 

P×P pixels for processing. The processing step 

guarantees uniform frame dimensions for the ViT model 

input which optimizes its performance. The operation 

can be expressed mathematically through: 𝐼𝑓 =

𝑅𝑒𝑠𝑖𝑧𝑒(𝐶𝑟𝑜𝑝(𝐼)). Through preprocessing the model can 

concentrate on facial features only while background 

elements become minimized which leads to enhanced 

computational efficiency. 

 

3.3. Feature Extraction and Patch Projection 

(Hybrid ViT Approach) 

The hybrid Vision Transformer (R50 + ViT-B16) 

model starts with a ResNet-50 backbone because it 

processes the input image before generating patches 

from raw images. The ResNet-50 operates as a strong 

feature extractor which generates a detailed 

intermediate representation from the input image. The 

model extracts the feature map from the 49th layer of 

ResNet-50 before its fully connected layer. This feature 

map captures hierarchical spatial and texture-based 

features useful for fatigue detection. 

The extracted feature map is then divided into 

non-overlapping patches. During training, the ResNet-50 

backbone is kept frozen to retain its strong low- and mid-

level feature representations, while the ViT encoder 

layers and classification head are fine-tuned on the 

fatigue dataset. This selective fine-tuning ensures that 

the model adapts to fatigue-specific cues without 

overfitting to the small dataset size.  
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Figure 1. Architecture of Proposed system 

Table 2. Notations used in proposed methodology 

Notation Meaning 

𝐼𝑡 Frame at time instance t 

T Total number of frames in the video 

𝐼𝑓 Cropped and resized facial image 

𝐼 Original input frame 

𝐶𝑟𝑜𝑝(𝐼) Operation to extract the facial region 

𝑅𝑒𝑠𝑖𝑧𝑒 Operation to resize the cropped image to P×P 

𝑧0 Input sequence to the transformer 

𝐸𝑖 Positional embedding for the ith patch 

N Total number of patches 

Q, K, V Query, Key, and Value matrices derived from the input embeddings 

𝑑𝑘 Dimension of the key vectors 

𝑦̂ Predicted class label 

𝑍𝐿 Output from the final transformer layer 

𝑊ℎ, 𝑏ℎ Learnable weights and biases of the MLP 

σ Activation function, typically softmax in the case of classification 

𝐹𝑡 Fatigue level at time t 

α,β Growth parameters 

γ Decay parameter 

 

Each patch is flattened into a 1D vector, 

preserving spatial feature relationships. These vectors 

are passed through a trainable linear projection layer to 

map them into a fixed-size embedding space suitable for 

transformer input. 

This hybrid approach allows the model to 

leverage, Convolutional inductive bias from ResNet-50, 

and global attention capabilities from the transformer. 

This step effectively transforms the feature-enriched 

spatial map into a sequence of patch embeddings ready 

for positional encoding. 

 

 

3.4. Patch and Position Embedding 

The models that we have used are mentioned 

as ViT-B 16, where the last number indicates the patch 

size. The feature map obtained from ResNet-50 is 

divided into fixed-size non-overlapping patches of size 

16×16. Each patch is then flattened and linearly 

projected into a low-dimensional embedding space. To 

preserve the spatial arrangement of patches, a 

positional embedding is added to each patch 

embedding. The final input to the transformer is 

represented as: 𝑧0 = [𝑥1 + 𝐸1, 𝑥2 + 𝐸2 … … … … 𝑥𝑁 + 𝐸𝑁]. 

For standalone ViT models, the transformer encoder is 

initialized from ImageNet-pretrained checkpoints. Fine-

tuning is primarily applied to the higher transformer 



Vol 8 Iss 1 Year 2026      Rachana Yogesh Patil et al., /2026 

Int. Res. J. Multidiscip. Technovation, 8(1) (2026) 51-64 | 56 

layers and the classification head, as these layers 

capture task-specific variations such as subtle fatigue 

cues, while the lower layers remain frozen to preserve 

generic visual representations. 

 

3.5. Transformer Encoder 

A Transformer Encoder contains multiple 

stacked layers which process the embedded patches 

that form the input sequence. The encoder contains two 

main components per layer. 

Multi-Head Self-Attention (MHSA) allows the 

model to understand relationships between all input 

patches by performing simultaneous attention across 

different sections of the information. The model can 

detect delicate facial indications that exist between 

different face regions through this mechanism. The 

model utilizes Feedforward Neural Network (FFNN) to 

perform independent non-linear transformations on each 

of its embeddings in order to boost its ability to represent 

information. 

Our implementation relies on the ViT-Base (ViT-

B16) architecture that contains 12 transformer encoder 

layers stacked on top of each other. Self-attention 

enables each transformer encoder layer to process 

embedded patches sequentially as it detects spatial 

dependencies between facial regions that matter for 

fatigue detection. The self-attention mechanism is 

mathematically expressed as: 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) =

𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘
) 𝑉. Attention helps the model detect faint 

facial marks and expressions throughout different image 

areas so it can recognize indicators of fatigue. 

The encoder system applies self-attention from 

NLP principles to vision tasks to attend relevant facial 

features throughout the face. The pre-training of ViT-

Base on ImageNet21k and ImageNet2012 datasets 

allows efficient learning of fatigue recognition when 

applied to smaller training resources than traditional 

CNNs. 

 

3. 6. MLP Head for Classification 

The output from all transformer encoder layers 

reaches the [CLS] token for analysis through an MLP 

Head which performs the classification process. The 

final prediction of fatigue state comes from a Multi-Layer 

Perceptron that evaluates the learned representations. 

A binary classification approach is adopted, with two 

possible outputs: Fatigue and Not-Fatigue. The 

classification is performed using the following 

transformation:𝑦̂ = 𝜎(𝑊ℎ ∙ 𝑍𝐿 + 𝑏ℎ) 

The softmax function transforms the output 

logits into class probabilities:𝑃(𝑦 = 𝑐 | 𝑥) =
𝑒𝑧𝑐

∑ 𝑒
𝑧𝑗

𝑗
. This 

results in a probability distribution over the two classes, 

enabling confident classification decisions. 

The model used here is ViT-B16, which includes 

a lightweight MLP head at the end. This head is fine-

tuned on the FFR dataset. Initially, the model is trained 

on FER data, helping it to learn generalized facial 

features. These learned features are then transferred 

and refined during the training on FFR, making the 

classification more robust. The transfer learning follows 

a two-stage process: first pre-training on FER-2013 for 

robust facial expression features, and then fine-tuning 

on the NTHU-DDD dataset for fatigue detection. This 

approach mitigates domain shift by gradually adapting 

learned features from general emotion cues to fatigue-

specific signals. 

This two-step transfer learning approach 

improves the model's ability to differentiate between 

subtle expressions and fatigue indicators. 

 

3.7. Fatigue Level Quantification 

The system needs to advance its real-world 

usability by both identifying fatigue existence in frames 

and measuring fatigue progression across time. Through 

this approach the system offers improved tracking with 

intervention opportunities at the right time. 

The absence of properly annotated fatigue level 

datasets prevents supervised learning from being an 

effective approach for fatigue quantification. The system 

incorporates bio-mathematical models which defense 

forces and medical researchers use for fatigue 

prediction. The models derive their foundations from the 

sleep–wake pattern with selected versions implementing 

wearable devices which detect fatigue initiation through 

tracking of activity levels and awake duration. 

We developed an effective method that utilizes 

the series of classification outcomes to generate fatigue 

measurements. Humans recover their energy during 

sleep and their energy level decreases naturally 

throughout waking hours. A continued series of fatigue 

classifications throughout multiple frames should trigger 

immediate action because it shows worsening fatigue 

levels. 

The system follows up frame-wise classification 

by monitoring fatigue development throughout time. 

Continuous understanding of user alertness and 

avoidance of false positives require this essential 

feature. 

 If a frame is classified as Fatigue, the fatigue 

level is incremented using an exponential 

growth function:𝐹𝑡 = 𝐹𝑡−1+∝∙ 𝑒𝛽𝑡 

 If the frame is classified as Not-Fatigue, the 

fatigue level decays exponentially: 𝐹𝑡 = 𝐹𝑡−1 ∙

𝑒−𝛾𝑡 

To ensure user safety, a threshold is defined. 

When the cumulative fatigue level exceeds this 
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predefined threshold, an alert is generated: 𝐹𝑡 >

𝐹𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 → 𝐴𝑙𝑒𝑟𝑡 𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛 

The system uses this method to differentiate 

temporary fatigue indicators from actual alarms by 

detecting persistent patterns of fatigue. For 

implementation, we empirically selected the parameters 

α, β, and γ to balance growth and decay of the fatigue 

level in a realistic manner. Specifically, we set α = 0.5, β 

= 0.01, and γ = 0.02. These values were tuned through 

preliminary experiments to ensure that the fatigue level 

increases gradually during sustained fatigued states and 

decays at a reasonable rate during non-fatigue intervals. 

Importantly, the chosen values prevent the fatigue level 

from saturating too early at the maximum threshold or 

decaying to zero prematurely. 

 

4. Experimental Results 

4.1. Face Detection Evaluation 

Face detector being the first part of the system 

dramatically affects the performance of the system. The 

requirement from the face detector is that it should be 

able to detect faces in an unconstrained environment 

and be fast for real-time performance. The two most 

widely available face detectors are VJ [28] and MTCNN 

[29]. We have implemented both the face detectors and 

compared their performance as shown in figure 2. VJ 

face detectors could not detect non-frontal faces and fail 

in the presence of multiple faces. MTCNN, on the other 

hand, worked well in an unconstrained setting and could 

detect non-frontal faces too. In a real-time setting, 

though MTCNN was found to be slower than VJ, it could 

meet the requirement of real-time face detection and 

could detect faces in 0.16 sec. Since we wanted the 

system to be employed in unconstrained settings, we 

decided to use MTCNN as a face detector. 

We compared two widely used face detectors 

Viola-Jones (VJ) and MTCNN on key performance 

parameters. The graph shown in figure 3, comparing 

accuracy vs. face angle for VJ and MTCNN reveals that 

VJ performs excellently in frontal face detection (98%), 

but its accuracy drops sharply as the face angle 

increases, reaching 20% at 90°. 

MTCNN, although starting with lower accuracy 

at 0° (85%), maintains more consistent performance 

across different angles, with 65% accuracy at 30° and 

50% at 60°. This demonstrates MTCNN's better 

capability in detecting non-frontal faces, making it more 

suitable for real-time applications in unconstrained 

environments compared to VJ. 

 

 

 

 

 

 

 

 

 

Figure 2. Performance of VJ and MTCNN 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Comparison of Accuracy vs Face Angle for VJ and MTCNN 
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4.2 CNNs Vs Attention Based Models 

Traditional deep-CNNs often struggle to capture 

fine-grained facial discriminative features due to subtle 

inter-class and intra-class variations, especially evident 

in the NTHU DDD dataset. Attention-based models, 

however, provide a more focused approach by attending 

to key facial regions that signal drowsiness or alertness. 

This capability is clearly demonstrated through occlusion 

maps. As shown in Figure 4, the Residual Attention 

Network (RAL) [30, 31] emphasizes meaningful facial 

regions associated with different drowsiness states, 

whereas the baseline CNN tends to focus on irrelevant, 

non-facial areas. Attention mechanisms not only 

improve model performance but also mimic the way 

humans interpret facial expressions related to fatigue 

and alertness. 

The benefits of this focused learning become 

even clearer when we look at how these models learn 

over time. As shown in Figure 5, the RAL model not only 

learns faster but also achieves a lower training loss 

compared to the baseline CNN. This means it’s picking 

up important features more efficiently and making fewer 

mistakes as training progresses. 

But to really understand the performance 

difference, it helps to compare multiple models side by 

side. In Figure 6, we’ve plotted training and validation 

accuracy and loss for four different models: the baseline 

CNN, VGG16, ResNet18, and RAL. Here, RAL 

consistently comes out on top—it reaches the highest 

accuracy on the validation set and maintains the lowest 

validation loss. What’s important is that it does so without 

overfitting, which is a common problem when models 

learn training data too well but fail on new examples. 

While VGG16 and ResNet18 show improvements over 

the baseline CNN, RAL offers a better balance between 

learning and generalization. 

 

4.3 Performance of ViT Models 

4.3.1 Training Details for Hybrid ViT Model 

To ensure reproducibility and clarity, the 

implementation details of the hybrid R50 + ViT-B/16 

model are summarized in table 3. The model was 

initialized with ImageNet-21k pretrained weights, and 

fine-tuning was carried out on the NTHU-DDD dataset. 

During training, the ResNet-50 backbone was frozen up 

to the 49th layer to preserve low-level convolutional 

features, while the transformer encoder and MLP 

classification head were fine-tuned for the fatigue 

detection task. Optimization was performed using the 

AdamW optimizer with cosine learning rate scheduling 

and early stopping to prevent overfitting. Data 

augmentation techniques such as random cropping, 

horizontal flipping, and brightness adjustment were 

applied to improve generalizability.

 

 

 

 

 

 

 

 

Figure 4. Occlusion maps highlighting attended regions by CNN and RAL 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. Training loss comparison between Baseline CNN and Residual Attention Network 
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Figure 6. Training and validation accuracy and loss curves for multiple models 

 

Table 3. Training Hyperparameters for Hybrid R50 + ViT-B/16 Model 

Parameter Value 

Pretraining Weights ImageNet-21k pretrained 

Optimizer AdamW 

Initial Learning Rate 3 × 10⁻⁵ (cosine decay) 

Batch Size 32 

Epochs 50 (with early stopping) 

Weight Decay 0.01 

Data Augmentation Random crop, horizontal flip, brightness adjustment 

Fine-tuned Layers Transformer encoder + MLP head 

 

4.3.2 ViT Model for FER 

We utilized pre-trained ViT models from 

Google’s official checkpoints and modified them to suit 

the FER task. Various configurations were explored, 

including model size (Base, Large, Huge), patch size 

(16, 32), and input image dimensions. 

Our experiments showed that Large (L) models 

consistently outperformed Base (B) models in terms of 

accuracy for the FER task. However, scaling further to 

Huge (H) models did not yield significant performance 

improvements, likely due to the need for extensive pre-

training on large proprietary datasets, which was not 

feasible in our setup. 

We also observed that a patch size of 16 

resulted in better performance compared to a patch size 

of 32. To differentiate from the pre-training setup, we 

finalized the input image size as 224×224. 

Interestingly, hybrid models like R50+ViT-B/16 

demonstrated performance on par with the large ViT 

models. Based on these observations, we finalized the 

top two models — ViT-L/16 and R50+ViT-B/16 — as the 

source models for the subsequent FFR task. 

The table 4 presents a comparative analysis of 

different ViT-based models evaluated on the NTHU DDD 

dataset in terms of Accuracy, Precision, Recall, and F1-

score.  
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Among the models, ViT-L/16 achieved the 

highest test accuracy of 73.36%, followed closely by the 

hybrid model R50+ViT-B/16 with 72.33%, showing 

strong performance across all metrics. The base model 

ViT-B/16 also performed reasonably well with an 

accuracy of 71.60%, while ViT-H/14 showed similar 

results but without significant improvement despite 

increased model complexity. Notably, ViT-L/32, which 

uses a larger patch size, performed the worst among the 

ViT variants, indicating that finer patch granularity (patch 

size 16) captures better discriminative features for 

drowsiness detection. These results suggest that both 

model architecture and patch size play a critical role in 

the effectiveness of ViT models for driver monitoring 

applications. 

 

4.3.3 ViT Model for FFR 

The research evaluated the performance of ViT 

models for FFR by testing ViT-L 16 and R50+ViT-B 16 

architecture in combination. The models received 

training and testing on NTHU-DDD database to 

determine their operational capacity when detecting 

driver drowsiness. All frames extracted from the NTHU-

DDD dataset video recordings became part of the 

preprocessing phase. The dataset provided frame-by-

frame fatigue state labels which researchers used to 

label each frame. Training involved eighteen subjects 

but testing exclusively employed the four remaining 

subjects to conduct independent subject testing. 

As shown in table 5, the ViT-L 16 model 

delivered 70.31% accuracy during evaluation. The 

hybrid R50+ViT-B 16 model demonstrated higher 

performance than the other model by reaching 72.79% 

accuracy. The results demonstrate that using 

convolutional backbone networks such as the hybrid 

model leads to superior generalization capabilities for 

detecting subtle facial variations like fatigue. 

 

4.3.4 FER-FFR Models 

This section demonstrates how the facial feature 

understanding from a ViT-L 16-based FER model can be 

utilized for FFR tasks. The idea is to transfer 

discriminative facial cues from the FER-2013 dataset to 

the NTHU-DDD dataset. The FER-FFR model was 

trained using a combination of both datasets.  

As a baseline, a standalone ViT-L 16 FFR model 

was also trained on the NTHU-DDD dataset. The 

standalone FFR model achieved an accuracy of 70.31%, 

while the FER-FFR model achieved 68.52%. To mitigate 

domain shift between the FER and FFR datasets, we 

fine-tuned the FER-pretrained model on NTHU-DDD 

and allowed the attention layers to re-focus on task-

relevant fatigue cues. This adaptation ensures that 

general facial features learned from FER are effectively 

transferred and specialized for fatigue detection. 

Although there was a slight drop in accuracy, As 

summarized in table 6, the drop in accuracy is likely due 

to the small test set (only 4 subjects), and we expect the 

FER-FFR model to outperform in real-world, 

unconstrained settings. 

Furthermore, the trade-off highlights an 

important distinction: while the standalone FFR model 

achieves marginally higher numerical accuracy, the 

FER-FFR model provides better generalization by 

focusing on meaningful facial regions, as observed in the 

attention maps. This indicates that transfer learning 

improves robustness across varying conditions, even if 

absolute accuracy on a small test set appears slightly 

lower. 

 

5. Fatigue Level Indicator 

To evaluate the performance of our fatigue level 

indicator, we first experimented by integrating it with 

randomized fatigue predictions. This initial setup allowed 

us to verify that the indicator did not saturate at the 

extremes (i.e., fatigue level 1 or 100). We observed the 

fatigue level dynamics through plotted graphs and fine-

tuned the associated constant, which resulted in a 

reasonably responsive indicator that increased or 

decreased in accordance with the proposed fatigue 

quantification logic, as demonstrated in figure 7 (a). 

 

 

Table 4. Performance Comparison of ViT-Based Models 

Model Name Accuracy Precision Recall F1-Score 

ViT-B/16 71.60% 70.80% 72.10% 71.44% 

ViT-L/16 73.36% 73.90% 73.10% 73.50% 

ViT-L/32 69.54% 68.40% 70.00% 69.21% 

ViT-H/14 71.19% 70.50% 71.80% 71.14% 

R50+ViT-B/16 72.33% 72.60% 72.00% 72.30% 
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Table 5. Performance of Selected ViT Models 

Model Accuracy (%) Precision (%) Recall (%) F1 Score (%) 

ViT-L 16 70.31 69.85 70.10 69.97 

R50+ViT-B 16 72.79 72.30 73.00 72.64 

 

Table 6. Detailed performance comparison of ViT-L 16 on FFR and FER-FFR Tasks 

Model 

Variant 

Training 

Dataset 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-

score 

(%) 

Observations 

ViT-L 16 

(FFR) 

NTHU-DDD 

only 
70.11 71.20 69.80 70.49 

Focused more on redundant 

regions (e.g., cheeks, 

background) 

ViT-L 16 

(FER-FFR) 

FER-2013 + 

NTHU-DDD 
69.52 69.40 67.80 68.59 

Better coverage of facial 

features; generalizes well to 

real-world settings 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7. Fatigue Level Quantification 

 

 

 

 

 

 

 

 

 

 

 

Figure 8. Snapshot of dataset videos along with fatigue level 
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However, a limitation of this approach was 

identified the fatigue level failed to reach the extreme 

value of 100. This behavior can be explained by 

considering real-life human behavior: the transition 

between fatigue and non-fatigue states is typically 

gradual and sustained. For example, once an individual 

enters a fatigued state, they generally remain fatigued 

for a period of time, and likewise for a non-fatigued state. 

The randomized prediction model lacked this temporal 

consistency and, consequently, was unable to generate 

long sequences of the same prediction. This 

shortcoming is clearly illustrated in figures 7(b) and 7(c). 

To validate the indicator in a more realistic 

context, we selected two videos from our NTHU-DDD 

dataset, each providing frame-by-frame annotations of 

the subject’s fatigue state: 

 In the first video, the subject begins in a non-

fatigue state and gradually transitions into a 

fatigue state. 

 In the second video, the subject transitions from 

non-fatigue to fatigue and then back to non-

fatigue. 

The fatigue level plots for these videos showed 

satisfactory and intuitively accurate trends, as depicted 

in Figure 8(a) and 8(b). These plots provide strong 

evidence that our method effectively quantifies fatigue 

states and dynamically reflects the subject's level of 

alertness. 

Although the current fatigue level estimation 

system is rudimentary, it offers a promising approach for 

transforming discrete fatigue states into a continuous 

fatigue level indicator. Such a metric could be highly 

beneficial in real-world deployments, enabling 

supervisors or safety systems to continuously monitor 

and assess the subject’s fatigue level, and respond 

proactively to fatigue-related risks. 

 

6. Conclusion 

In this study, we proposed a real-time fatigue 

detection framework leveraging ViT models and transfer 

learning from facial expression recognition tasks. By 

using FER-trained ViT models for Fatigue Frame 

Recognition (FFR), we achieved competitive 

performance while also improving interpretability 

through attention maps. The use of the NTHU-DDD 

dataset validated the effectiveness of our approach, with 

ViT-L 16 and R50+ViT-B 16 showing promising 

accuracy. We also introduced a fatigue level 

quantification method that estimates fatigue severity 

over time using sequential predictions. This approach 

offers a robust, non-intrusive, and adaptable solution for 

monitoring fatigue in critical applications, addressing 

limitations of traditional fatigue detection methods and 

small datasets. While the proposed system 

demonstrates strong potential, it is not without 

limitations. The reliance on a relatively small test set 

restricts broader generalizability, and the fatigue level 

quantification remains a simplified approximation. Future 

work will explore larger and more diverse datasets, 

refine temporal modeling of fatigue progression, and 

incorporate multi-modal signals (e.g., physiological data) 

to enhance reliability in real-world deployments. 
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