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Abstract

Fatigue is a critical factor contributing to accidents in in-
dustries such as safety monitoring and engineering construc-
tion. Fatigue exhibits dynamic complexity and non-stationary
characteristics, so there are many intermediate states of short-
term variation between alert and fatigue. Capturing and learn-
ing the signs of these intermediate states is essential for ac-
curate fatigue assessment. However, current fatigue detec-
tion methods primarily rely on coarse-grained labels, typi-
cally spanning minutes to hours, and commonly treat alert
and fatigue as two distinctly separate distributions, overlook-
ing the expression of intermediate states and oversimplifying
the rich distribution information of fatigue types and levels,
thereby limiting detection effectiveness. To address these, this
paper explores a refined representation of fatigue in terms of
three dimensions: time, type, and level, and proposes a Multi-
Dimensional Fine-Grained Modeling for Fatigue Detection
(MDFG). This introduces the SmallLoss to extract trustwor-
thy samples, utilizes clustering to identify diverse subtypes
under alert and fatigued states, and establishes base class sets
in each state. Subsequently, a complete base class set con-
taining intermediate state bases is constructed using the base
class synthesis method, which achieves the expression of in-
termediate fatigue states from absence to presence. Finally,
fatigue levels are quantified based on the matching between
samples and the complete base class set. Moreover, to cope
with the complex variability of fatigue states, MDFG employs
meta-learning for training. MDFG achieves an Average accu-
racy improvement of 10.0% and 12.1% on two real datasets
compared to methods that do not consider fine-grained infor-
mation. Extensive experiments demonstrate that the MDFG
exhibits superior robustness and stability among current fa-
tigue detection methods.

Introduction

Fatigue significantly reduces cognitive task performance,
particularly in high-risk fields such as aviation, automo-
tive, and construction machinery operations, which has be-
come a critical factor in causing safety accidents (Tu et al.
2022; Li et al. 2022; Zhang et al. 2020; Dai, Li, and Zhang
2023). Fatigue detection has received a lot of attention in
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academia, and researchers have developed various fatigue
detection methods, including those based on physiological
signals (Zhao et al. 2024; Gong et al. 2024), psychologi-
cal measurements (Wiehler et al. 2022), behavioral patterns
(Dai, Li, and Zhang 2023; Sukumar et al. 2024), and facial
features (Ghoddoosian, Galib, and Athitsos 2019; Liao et al.
2024). It has become a new research hotspot.

Fatigue does not develop steadily. Transitional states of
fatigue often occur when individuals are disturbed by the en-
vironment (Yin et al. 2016), i.e., fatigue includes many inter-
mediate states with short-term variations between alert and
fatigue, exhibiting varying fatigue levels. Capturing these
states is crucial for accurate assessment and management
of fatigue. However, fatigue labels typically rely on self-
assessment questionnaires (e.g., KSS and SSS (Perkins et al.
2022)), reflecting overall fatigue over several minutes to
hours, known as Coarse-Grained Label (CGL), which fail
to capture short-term fatigue changes within seconds or mil-
liseconds. Thus, a fine-grained labeling system is urgently
needed for more accurate and reliable fatigue detection.

For Fine-Grained Label (FGL) in fatigue detection, cFN-
SCL (Wang et al. 2024a) introduces a method that auto-
matically generates FGL from CGL by self-supervised con-
trastive learning. However, cFNSCL only categorizes short-
term clips as alert or fatigued and fails to capture intermedi-
ate states. FatigueView (Yang et al. 2022) proposes a hierar-
chical fine-grained annotation method, FatigueTree, which
refines labels from coarse to fine (elements, sets, and events)
by considering the “eyes,” “head,” “mouth,” and their 14
combinations. Take the element “eye” as an example; its set
contains various types like eye squinting, closure, blinking,
etc., with events categorized into distinct levels: alert, signs,
sleepy, and sleep. Similarly, Liu et al. (2021) manually re-
labeled single-minute videos. However, these methods pri-
marily rely on manual, it challenging to assess short-term
fatigue variations effectively. Nonetheless, these studies un-
derscore the complexity and diversity of fatigue types and
levels. Fig.1(a) and Fig.1(b) demonstrate the errors from ne-
glecting these aspects, while Fig.1(c) shows the impact on
performance in reRLDD and reDROZY. In conclusion, ef-
fectively measuring intermediate states requires more than
just a temporal dimension; it must account for the intricate
distribution of fatigue types and levels. Therefore, we pro-
pose a Multi-Dimensional Fine-Grained Label (MDFGL),



Object Criterion Temporal Resolution Complexity Clarity Example
CGL subjective low, minutes or above single type vague, inaccurate “alert” or “fatigue”
MDFGL objective high, up to milliseconds rich types accurate, specific “fatigue score: 0.7”

Table 1: Difference between Coarse-Grained Label and Multi-Dimensional Fine-Grained Label
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Figure 1: (a) If we treat the data as a single type, the sub-types will be misclassified. Different colors and shapes correspond
to different classes and types. (b) Demonstrates that the intermediate states have different fatigue levels, which is challenging
to annotate manually. Deep purple indicates alert, while yellow indicates fatigue. CG and FG denote coarse-grained and fine-
grained perspectives, respectively. (c) The “default” indicates no fine-grained, while “type-based” and “level-based” involve
type and level fine-grained, respectively. The latter methods significantly outperform “default,” all using the same network ¢p.

defined across time, type, and level three dimensions to ad-
vance more refined and accurate fatigue assessments.

MDFGL encompasses Fine-Grained Temporality (FGT),
Fine-Grained Categorization (FGC), and Fine-Grained
Quantification (FGQ). FGT is to refine the label from
coarse, human-perceptible scales like minutes to fine-
grained, imperceptible scales like milliseconds, allowing for
the precise portrayal of the temporal dimension. FGC is to
further subdivide a fatigued state into multiple specific sub-
types, each of which exhibits different behavior patterns,
demonstrating the type diversity within the fatigue state.
FGQ is to partition the range between alert (0) and fatigued
(1) into multiple intermediate levels (within fatigue scores
0 to 1), accurately reflecting fatigue level. It imposes higher
requirements in temporal resolution, type complexity, and
detailed fatigue level. Tab. 1 shows its difference from CGL.

The central challenge of this paper is the automatic gen-
eration of MDFGL. Achieving this requires effectively rep-
resenting the intermediate states. While directly obtaining
these states is difficult, we can obtain the distributions for
alert and fatigued states, which prompts us to consider con-
structing intermediate states through synthesis. First, we
use clustering analysis to identify the base classes repre-
senting the distribution characteristics of alert and fatigue
states, which reveal multiple subtypes of the states. Subse-
quently, employing the Gaussian distribution linear combi-
nation synthesizes intermediate state distributions, forming
a base class set for these states. With the established interme-
diate base class set, FGT samples can be automatically as-
sessed by matching them to the nearest synthetic base class,
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enabling precise fatigue detection.

Based on the above research, we propose a noval method
MDFG for fatigue detection, which comprises a trustworthy
sample and base class extraction module, a complete base
class construction module, and a fine-grained label genera-
tion module. MDFG captures the diversity and nuances of
fatigue by synthesizing intermediate states, significantly ex-
panding the alert-intermediate-fatigue scale and enhancing
fatigue discrimination. Given the variability and complexity
of fatigue states, both inter- and intra-individual, we also in-
troduce a meta-learning module into MDFG, using a multi-
task learning mechanism to further improve fatigue discrim-
ination by deeply understanding differences in data distri-
bution. Extensive experiments demonstrate that MDFG ex-
hibits superior robustness and stability among current meth-
ods. In summary, the main contributions of this paper are:

* Novel perspective: We propose a new perspective on fa-
tigue detection from MDFGL and provide its complete
definition for the first time, including FGT, FGC, and
FGQ. This approach is more challenging than traditional
fatigue assessment methods, as it involves capturing nu-
merous short-term varying intermediate states.

Novel methodology: MDFG is a novel method for fa-
tigue detection based on MDFGL learning, which can
identify complex fatigue states. Technically, we pro-
pose a methodology for synthesizing fatigue intermediate
states based on base classes, realizing the expression of
these intermediate states from scratch, and a method for
quantifying fatigue levels based on these base classes.

* Superior performance and insightful results: MDFG
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Figure 2: Overview of MDFG. In the preprocessing stage, the wavelet feature extractor 7 generates noise-containing FGT
samples. In the fine-grained generation stage, we extract base classes from trustworthy samples and then combine the alert
base class set G}, and the fatigue base class set G to generate intermediate state base classes. The fatigue score /3 for 7 (d?)
is assigned based on the closest base class to that in G. Finally, in the network learning stage, a fatigue detection model is
constructed based on the Fatigue Scores (FS) sequence.

offers a refined expression and analysis of fatigue phe- Preprocessor Stage
nomena across temporal, type, and level dimensions.
Compared to the optimal method, it improves the Av
acc on reRLDD and reDROZY by 9.1% and 4.9%,
respectively, while exhibiting excellent robustness and
stability. The code and checkpoints are released at
https://github.com/MeiWang003/MDFG.

Initially, we utilize the robust face analysis toolkit Insight-
Face (Deng et al. 2020) to detect faces and extract the eye
movement sequences eye aspect ratio (EAR) (Ghoddoosian,
Galib, and Athitsos 2019) based on key points for each
video. Then, each input eye sequence d; is divided into m
segments using a sliding window of length w and step size
w/2. The wavelet features of each segment are extracted
Related Works by the Wayelet featl}re extractor 7. In T, we apply the db4
wavelet with a maximum decomposition level of 3, and the

Eye movement features are crucial in fatigue detection. energy of the signal decomposed at the third level as the fa-

Since PERCLOS (Percentage of Eye Closure per Unit Time) tigue feature indicator 7 (d}). This process yields the dataset
(Trutschel et al. 2011) was officially recognized by the U.S. D = {(T(d)),y;)}}.,, where N denotes the total number
Federal Highway Administration as a viable fatigue detec- of eye sequences, j = 1,...,m. Since y; is a coarse-grained
tion method in 1999, research has continually advanced. label' and cannot accurately describe the fatigue state of each
Facial expression analysis methods, such as S-ALE (Liao T (d?), there is noise in the D. Consequently, we feed it into
et al. 2024) and RVT (Wang et al. 2024b), have also vali- the subsequent stage for further processing.

dated the importance of the eye region in fatigue detection.

In recent years, numerous fatigue detection studies based on Fine-grained Label Generation Stage

eye features have emerged, including Eyel6features (Mas-
soz et al. 2016), Eyedfeatures (Byrnes and Sturton 2018),
HMLSTM (Ghoddoosian, Galib, and Athitsos 2019), Fa-
cialUnits (Cheng et al. 2019), Cheng et al. (2019), MPE-
blink (Zeng et al. 2023), Lee et al. (2022) and Mehmood
et al. (2024). However, these methods typically assume the
alert and fatigued states as two distinctly different distribu-
tions for learning, overlooking the complex variability of
states and the expression of intermediate states. This paper
uses eye features and proposes MDFG to improve fatigue
recognition by enhancing the fine-grained representation of
fatigue states.

Fine-Grained Categorization (FGC). This section ex-
tracts trustworthy samples from D and then identifies mul-
tiple patterns within the alert and fatigue states. Each pat-
tern corresponds to a specific subtype within its respective
state. Detailed analysis of these subtypes helps prevent de-
tection errors associated with oversimplified type distribu-
tions in traditional methods. Subsequently, the base class set
is extracted from the subtypes, forming the foundation for
constructing synthetic intermediate states. Each base class
is a distribution that best represents its subtype. Specifically,
suppose the alert samples containing noise is Sy, and the
fatigue samples containing noise is S;. We first uses Smal-
1Loss mechanism (Han et al. 2018; Park et al. 2024) with
HMLSTM as the backbone ¢y, to extract trustworthy sam-
Methodology ples, resulting in S}, for the alert and S} for the fatigue.

The framework of the proposed method MDFG is presented S — (d|(¢ &) < ifdl € S 1

in Fig. 2, divided into three stages: data preprocessing, fine- 0 = i (Udms(dy)) <o) if o} 0
grained label generation, and network learning, which will _ ) )

be developed in detail below. ST = {d|(l(pwuse(d?)) < 71)if dl € S1} (2)
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£() represents the sample loss value, and 7o and ~y; denote
the trustworthy thresholds for alert and fatigue, respectively.
Clustering is then used to classify S}, and S] into A groups
and B groups, respectively. Each group represents a pattern,
i.e., a subtype. To obtain the base class, a GMM is applied
to fit each group. The g§ represents the GMM-fitted distri-
bution of the a-th group in the alert samples, as follows:

K

96 =Y _(mRN @1 (1) e, (Z6))

k=1

3

where z{j denotes samples in the a-th alert group modeled
with K Gaussian components, 7§, (5, and 2§ are the mix-
ture coefficient, mean, and covariance matrix, respectively.
g¢ denotes a subtype distribution. This results in a alert
subtype distribution set G {gf}ile and for fatigue is
G1 = {¢?}E_,. The calculation of ¢!

is same as gg.

Fine-Grained Quantification (FGQ). G\ and G; repre-
sent the sets of subtype distributions corresponding to fa-
tigue scores (FS) of 0 and 1, respectively. For the interme-
diate states between alert and fatigue study, unlike the ap-
proach in (Zhou et al. 2020), which defines intermediate
states by averaging PERCLOS fatigue features over a 15
seconds window—specifically, where the average in the first
3 seconds is less than 10 and in the last 3 seconds is greater
than 10—this study explores a more fine-grained analysis
of fatigue states, considering intermediate states with FS of
0.1, 0.3, 0.5, etc. We propose a method that constructs an
intermediate state base class set by base class set synthe-
sis and then quantifies the fatigue level by identifying the
synthetic base class set closest to the target object. This ap-
proach enables automated fatigue assessment without hu-
man intervention. Expressly, for each subtype in Gy and G,
we represent their base class by selecting the distribution
with the highest mixing coefficient from the K coefficients.
In this way, we obtain the base class sets for alert and fa-
tigue, Gj = {g§* Yoy and GT = {g1"}{L,.

98" =N | (1)kg (Z6)ks) @
g =N} | (:u’?)kti‘a (Elf)k;) 5
ky = argmax(ng)e, Ky = argmax(ri)y  (6)

Where g¢* and gb* denote the base class corresponding to
one subtype in each state. After obtaining the base class set,
a Gaussian distribution-based linear combination method
is employed to construct the base class set for interme-
diate states. Taking g¢* and gb* as examples, these base
classes follow multivariate Gaussian distributions, respec-
tively, denoted as z§ ~ Np((1d)kz, (38)k;) and x§ ~
Np((18) kx> (38) ). For the intermediate state with FS 3,
we introduce a fatigue weight parameter 5 (with a value
range from O to 1), and the corresponding alert weight is
a = 1 — . The new state z distribution is constructed
through a linear combination of the alert and fatigued state,
represented as: z = axd + Sz¥. According to the proper-
ties of Gaussian distribution, the new distribution resulting
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from this linear combination is still a multivariate Gaussian
distribution, with its mean and covariance matrix given by:

(7
®)

Hr = (/’[’S)kg + ﬁ (Ml{)k{
.= a® (B4)g; + 57 (21),:

Therefore, we obtain the base class gfb of FS 3, 951) =
N(z | pz, X.). To obtain representative base classes, 3 is set
to multi-group FS, specifically {0,0.1,0.3,0.5,0.7,0.9, 1},
each corresponding to a different intermediate state. The set
of base classes generated by these [ is referred to as the
complete basic class set G = {gfb}, where a = 1,..., A
and b = 1,...,B. The FS calculation for each segment

d{ is fg = F (df , gfb), which is first computing its prob-

ability density value p(d| gfb) under each distribution gfb,
and then subsequently obtaining the values of 5*, a*, b*
arg maxlg,ayb(p(dg\gfb)), which leads to f,; = 3*. The bar
chart in the FGQ of Fig.2 shows the fatiguelquantization se-
quence f,, corresponding to each sample d;.

Network Learning Stage

At this stage, for the fatigue-quantized sequence samples
{(fa,. yi) Y1, where fq, = {F(d, g5}, we design a
Deep Neural Network (DNN) ¢ . It consists of three fully
connected layers with 128, 64, and 32 neurons, respectively,
each followed by batch normalization, ReL.U activation, and
Dropout (0.5). A final softmax activation layer ¢, is used
to generate the fatigue classification results.

In the meta-learning process, to effectively capture the
complex fatigue information, pairwise comparisons are in-
troduced. Specifically, within each mini-batch (size Ny),
after encoding with ¢, the mini-batch samples are split
into a meta-training set and a meta-validation set. Given
the class imbalance in the reRLDD and reDROZY datasets
used in this paper, a sample fq; from the minority class
is randomly selected and concatenated with its own fea-
tures to create a positive sample pair. Simultaneously, M
samples from other classes in the meta-training set are ran-
domly chosen, and each feature ¢ (fq,) of these samples is
concatenated with ¢r(fz,) to form negative sample pairs
C(¢r(fa,),dr(fa,))- Here, C(.,.) denotes concatenation
along the depth dimension. These pairs are then fed into the
comparison module ¢, and classifier ¢.o for training, To
fully learn ¢, ¢mea leverages the ¢ network. while ¢
employs a sigmoid activation function. The meta-learning
module is trained by fitting the pairwise score s;; of ¢ (fq,)
and ¢ (f4,) to the true pairwise similarity label y/}, with the
loss function defined as cross-entropy:

Sj1 = ¢c2(¢meta(c(¢F(fdl)a ¢F(fdj))))7 (l 7£ ]) )

1
Lineta = N >y log(sji) + (1—y) log(1—s;) (10)
I#j

where y; = 1if d; and d; belong to the same class; other-
wise, y; = 0.



Multi-group fatigue score 3 Group count reRLDD reDROZY

Acc (Av acc) F1 (Av F1) Acc (Av acc) F1 (Av F1)
[0,1] 2 0.664 (0.608) 0.656 (0.588) 0.706 (0.659) 0.714 (0.665)
[0,0.5,1] 3 0.680 (0.644) 0.670 (0.629) 0.744 (0.723) 0.742 (0.717)
[0,0.3,0.5,0.7,1] 5 0.633 (0.611) 0.609 (0.584) 0.769 (0.736) 0.756 (0.724)
[0,0.1,0.3,0.5,0.7,0.9,1] 7 0.695 (0.655) 0.689 (0.639) 0.775 (0.730) 0.772 (0.719)
[0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9,1] 11 0.648 (0.617) 0.636 (0.605) 0.756 (0.691) 0.750 (0.684)

Table 2: Results of different FS 8 groups. The optimal results and the average results (shown in parentheses) are reported.

= 1.0
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(a) Basic class in reRLDD

(b) Synthetic basic class in reDROZY

(c) FS statistics for misclassified samples

Figure 3: (a) illustrates the base classes extracted from the three alert subtypes and five fatigue subtypes. (b) primarily showcases
the TSEN visualization of the 24 synthetic base classes in reDROZY under FS 3 = 0.5, These base classes are derived from the
base class of four alert and six fatigue. (c) The closer the average FS of misclassified samples is to 0.5, the better the methods’
performance. When the Group count is 7, the average FS is closer to 0.5. The blue and orange bands represent the variance.

Experiments
Datasets

This paper conducts experiments on the reRLDD and re-
DROZY datasets (Wang et al. 2024a), which encompass real
fatigue scenarios rather than simulated drowsiness data. The
reRLDD dataset comprises 284 alert video instances and
194 fatigue video instances from 12 participants. while the
reDROZY dataset consists of 183 alert video instances and
322 fatigue video instances from 14 participants. A notable
feature of reDROZY compared to reRLDD is that subjects
experienced acute, prolonged wakefulness, leading to grad-
ual sleep deprivation, resulting in a more significant differ-
ence between alert and fatigue states.

Baselines

Eye Movement-Based Fatigue Detection Baselines.
For eye movement-based fatigue detection methods, We
compare Eyedfeature (Byrnes and Sturton 2018) and
Eyelo6feature (Massoz et al. 2016), which integrate 4 and 16
eye movement features, respectively, alongside HMLSTM
(Ghoddoosian, Galib, and Athitsos 2019) and FacialUnits
(Cheng et al. 2019). Furthermore, we conduct a compara-
tive analysis of the eye movement feature components in
the studies by Lee et al. (2022), Mehmood et al. (2024),
and Khandare, Rajak, and Tripathi (2023), despite these
studies initially incorporating multiple modalities. Lastly, to
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highlight the validity of the multi-dimensional fine-grained
approach to fatigue detection, we compare the extracted
eye movement wavelet features using temporal classification
SOTA methods, including iTransformer (Liu et al. 2023),
TimesNet (Wu et al. 2023), TimesURL (Liu and Chen
2024), and MILLET (Early et al. 2023).

Other Fatigue Detection Baselines To comprehensively
evaluate the performance of the multi-dimensional fine-
grained approach to fatigue detection, we compare it with
the methods of Lee et al. (2022) and Mehmood et al. (2024),
which utilize multiple features for fatigue detection. Ad-
ditionally, we compare our method with CNN-LSTM (Liu
et al. 2021) and the latest S-ALE (Liao et al. 2024), which
detect fatigue based on facial expression features. It is note-
worthy that Mehmood et al.’s study primarily focused on
extracting geometric features such as mouth corners, head
motion, and eye area from each frame, and conducted a sta-
tistical significance analysis of these features under alert and
fatigued states. There is no classification model. Therefore,
to ensure a fair comparison, we extract features at sampling
frequencies of 5fps, 10fps, and 15fps while maintaining the
learning network consistent with the DNN used in this paper.

Generated FGL verification standard Given the lack of
fine-grained objective labels in this study, we establish an in-
direct validation criterion: for samples that outside the trust-



Method reRLDD reDROZY
Acc (Av acc) F1 (Av F1) Acc (Av acc) F1 (Av F1)

Eyed4feature’16 0.530 (-) 0.448 (-) 0.538 (-) 0.530 (-)
Eyel6feature’18 0.604 (-) 0.585 (-) 0.624 (-) 0.611 (-)
FacialUints’19 0.604 (-) 0.585 (-) 0.645 (-) 0.636 (-)
HMLSTM 19 0.567 (0.539) 0.443 (0.433) 0.684 (0.622) 0.757 (0.709)
Lee et al. (eye)22 0.552 (0.552) 0.343 (0.343) 0.760 (0.697) 0.838 (0.795)
Khandare et al. 23 0.523 (0.477) 0.412 (0.123) 0.678 (0.613) 0.806 (0.749)
Mehmood et al. (eye)_Sfps 24 0.547 (0.503) 0.442 (0.386) 0.744 (0.668) 0.724 (0.659)
Mehmood et al. (eye)_10fps 0.563 (0.525) 0.477 (0.424) 0.744 (0.670) 0.722 (0.663)
Mehmood et al. (eye)_15fps 0.563 (0.514) 0.485 (0.398) 0.719 (0.646) 0.705 (0.645)
iTransformer:24 0.573 (0.561) 0.552 (0.539) 0.754 (0.692) 0.750 (0.696)
TimesNet'23 0.631 (0.498) 0.627 (0.462) 0.754 (0.690) 0.739 (0.684)
TimesURL24 0.529 (0.511) 0.510 (0.481) 0.684 (0.673) 0.695 (0.684)
MILLET"24 0.573 (0.489) 0.572 (0.456) 0.754 (0.694) 0.731 (0.688)
MDFG (w/o meta) 0.695 (0.655) 0.689 (0.639) 0.775 (0.730) 0.772 (0.719)
MDFG 0.719 (0.688) 0.716 (0.681) 0.781 (0.746) 0.777 (0.737)

Note: (-) indicates the use of SVM in the text without the final average value.

Table 3: Comparison with eye movement-related methods. The best results and the final five-epoch average results (shown in
parentheses) are reported. Optimal results are bolded and suboptimal results are underlined.
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0.6 0.4
0.0

1620002 0406081012 %20 10 20 30 40 50 60

(a) Density estimation (b) Average FS per window.
Figure 4: FGQ Related Results. (a) Density estimation of
reDROZY. The x-axis is fatigue score. (b) Average FS for
segments in sliding windows across different states.

worthy samples, their FS should primarily fall within the in-
terval (0, 1). To validate this criterion, we match these sam-
ples to the generated intermediate states and analyze the dis-
tribution of FS.

Experiments Settings

The experiment is implemented using PyTorch 1.13.1 on
two 3090 GPUs. The ¢ network is trained with Adam, us-
ing a weight decay of le-3, a learning rate of 0.001, and
for 200 epochs. In the experiment, each instance is 30 sec-
onds, with a 1-second sliding window and 0.5-second step
size, all sampled at the video’s frame rate. Both datasets are
trained using data from the first eight individuals, while the
remaining is for testing. In this paper, performance is evalu-
ated using the optimal results accuracy (Acc), F1 score (F1),
and the average of the last 5 epochs’ average accuracy (Av
Acc), average F1 score (Av F1).
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Results

Base Class Related Results. We first present the results
related to the base classes. Through kmeans clustering, the
subtype counts of alert and fatigue in reRLDD are deter-
mined to be 3 and 5, respectively. Fig. 3 (a) presents their
base classes, and the significant differences between these
base classes indicate that they are excellent representative.
Fig. 3 (b) shows the synthetic base classes in reDROZY.
When the group count in Tab. 2 is set to 7, the scale of
the base classes for alert, intermediate, and fatigue states in-
creases from 10 (4+6), considering only FS 0 and 1, to 130
(4x6x5+10). Notably, the intermediate state base class size
increases from 0 to 120, markedly enhancing its expressive-
ness. In the result, Av acc and Av F1 are improved by 4.7%
and 5.1% on reRLDD and by 7.1% and 5.4% on reDROZY,
respectively. This further validates the effectiveness of en-
hancing the intermediate state representation. Here, we did
not set 3 to slightly alert 0.4 and slightly fatigued 0.6 due
to their proximity to 0.5, which can lead to misclassification
near the middle boundary. In fact, when set to [0, 0.4, 0.6,
1], Av acc and Av F1 on the reDROZY decreased by 2.3%
and 2.2% compared to [0, 0.5, 1].

When the average FS of the samples is close to 0.5, clas-
sifying these samples is challenging. For misclassified sam-
ples, the further the average FS deviates from 0.5, the poorer
the method’s performance. Fig. 3 (c) shows that When the
group count is set to 7, the average FS of misclassified sam-
ples is close to 0.5, indicating optimal performance. In con-
trast, when set to 2, the two average FS values are 0.550
and 0.381, respectively. This result quantitatively validates
the effectiveness of our proposed method in enhancing fine-
grained representation. We analyze that when set to 7, not
only is the representativeness of the intermediate base class
ensured, but the settings of 0.1 and 0.9 play a positive role
in guiding the evaluation of data with FS close to 0 and 1.
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Figure 5: In the case of fatigue, Av FS = 0.49 (left); Alert, Av
FS =0.49 (right). Red, green, and blue represent FS > 0.5, <
0.5, = 0.5, respectively.

FGQ Related Results. Fig. 4 (a) and (b) show the FS
statistics at the sample level and segment sample level. In
reDROZY, the overall average FS for alert samples is 0.322,
while for fatigue is 0.675. in reRLDD, it is 0.406 and 0.662.
The significant differences in FS between states indicate that
our method can effectively quantify intermediate states.

Regarding the FGL validation criteria, taking the fatigue
samples in reDROZY as an example, we set the trusted
threshold y; = 0.5 and 8 = [0,0.1,0.3,0.7,0.9, 1]. The re-
sults showed that 84.4% of the samples had FS in the interval
(0, 1), with 54.8% of them having F'S>0.5. When~y; = 0.1,
more real fatigue samples were included in the test, and the
results show that 74.3% of samples had F'S>0.5. These re-
sults support the credibility of the FGL.

Compared to Eye Movement-related Methods. We
compare representative eye movement-related methods, and
as shown in Tab. 3, the proposed method shows signifi-
cant improvement in overall performance. We illustrate the
following three aspects: 1) Improvement in Top-1 Test
Accuracy. Without incorporating meta-learning, the pro-
posed method outperforms the TimesNet by 6.4% (15.7%)
on reRLDD, and the best-performing Lee et al. (eye) by
1.5% (3.3%) on reDROZY. After the introduction, the per-
formance of MDFG is further improved to 8.8% (19%) on
reRLDD and 2.1% (4.9%) on reDROZY, respectively. 2)
Robustness. The Lee et al. (eye) achieves an F1 of 0.838
on reDROZY but drops to 0.343 in reRLDD, a difference
of nearly 50%; TimesNet’s F1 differs by 11.2% between
the two datasets, while iTransformer’s difference is nearly
20%. In contrast, the MDFG achieves the best performance
on both datasets, with an F1 difference of only 6.1%. 3) Sta-
bility. The smaller the difference between Acc and Av acc,
as well as F1 and Av F1, the better the stability of the model.
On reDROZY, the differences for the Lee et al. (eye) study
are 6.3% and 4.3% in both terms, while MDFG has differ-
ences of 3.5% and 4%. In reRLDD, TimesNet, although ex-
cellent on Acc, has a more pronounced difference between
the two items, 13.3%, and 16.5%, respectively. In contrast,
the differences for MDFG are 3.1% and 3.5%, respectively.
Overall, MDFG has excellent stability while maintaining
high accuracy, and the detection results are more reliable.

Yo =Yy1=0.5

Figure 6: 0.5 is a reliable threshold, with increased alert-
fatigue overlap at 0.7. Blue is alert, orange is fatigue.

Method Acc (Av acc) F1 (Av F1)

MAML 0.681 (0.637) 0.681 (0.627)
Meta Networks 0.707 (0.664) 0.707 (0.656)
Relation Networks 0.719 (0.659) 0.719 (0.659)
Ours 0.719 (0.688) 0.716 ( 0.681)
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Table 4: Comparison with meta-learning strategies.

Meta-learning Results. In meta-learning, we evaluate
three classic methods: model-based MAML (Finn, Abbeel,
and Levine 2017), optimization-based Meta Networks
(Munkhdalai and Yu 2017), and metric-based Relation Net-
works (Sung et al. 2018). The results are presented in Tab. 4.
It can be observed that the pairwise sample strategy facili-
tates the learning fatigue knowledge (a strategy adopted in
both Relation Networks and our method). However, Rela-
tion Networks tends to focus on the relationships of ma-
jority classes samples when the data is imbalanced. In this
paper, we draw on the paired-sample strategy to transform
the binary classification task (fatigue/alert) into a multiple-
case classification problem, making more effective use of
the limited training data. Compared to Relation Networks,
our method achieved an increase of 2.9% and 2.2% in Av
acc and Av F1, effectively alleviating this issue.

Fine-Grained Analysis. Fig. 5 presents two challenging
cases with average FS close to 0.5. In the fatigue case 1, de-
spite the presence of many alert segments, MDFG correctly
identified critical sleepy blink segments with FS of 0.9 and
1. In the alert case 2, MDFG detects almost no segments
with FS reaching 0.9, which led to accurate classifications
in both cases. In contrast, iTransformers, relying on data-
driven approaches, struggled to capture fine-grained fatigue
information and adapt to these subtle changes, resulting in
misclassification. Further, We select the edge samples with
an Average FS between [0.4, 0.6] from the test set for the
experiment, as shown in Tab. 5, which demonstrates that
MDFEFG has a significant advantage.

Parameter settings for MDFG. In the trustworthy sam-
ple selection, the threshold for alert vy and v, for fatigue
are set to 0.5. When the threshold is set to 0.7, the sample
mixing, as shown in Fig. 6, can affect the quality of base
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Figure 7: Acc for meta-learning pairwise numbers.

Method reRLDD reDROZY

Av acc AvFl Avacc Av F1
iTransformers 0.500 0484  0.672 0.614
MDFG 0.575 0.547 0.678 0.625

Table 5: Results on edge samples.

class generation. In reDROZY, compared to the 0.5, the Acc
(Av acc) and F1 (Av F1) decrease by 3.1% (2.6%) and 3.6%
(2.4%), respectively. In reRLDD, the decreases are 2.3%
(1.0%) and 2.4% (0.5%). In meta-learning, the number of
sample pairs for each task (as shown in Fig. 7) is empiri-
cally set to 5.

Discussion and Conclusion

Tab. 6 compares the performance of MDFG with other fa-
tigue detection methods that are not limited to eye features.
Compared to the superior method by Mehmood et al. (2024),
MDFG improves Av acc by 12.2% and Av F1 by 13% on
reRLDD. Compared to CNN-LSTM and S-ALE, MDFG ex-
hibits significantly better robustness.

The results in Tab. 3 that only focus on eye features are
similar to those in Tab. 4 that include non-eye features,
which suggests that eye features are representative in fatigue
detection and also validates the rationality of our approach.
Given that the performance of Mehmood et al. (2024) im-
proved after introducing multiple features and the effective-

Method reRLDD reDROZY
Avacc AvFl Avacc AvFl
Lee et al.’22 0.520 0.360 0.620 0.709
Khandare et al.’23 0.499 0.194  0.647 0.742
Mehmood etal._10fps24 0.566  0.551 0.728  0.729
CNN-LSTM 21 0.511 0.497 0.714 0.722
S-ALE24 0.448 0.422  0.783 0.767
MDFG 0.688 0.681 0.746 0.737

Table 6: Comparison of fatigue detection methods. Av acc
and Av F1 are reported.
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ness of facial features in detecting fatigue, integrating a mul-
timodal method into MDFG could be an interesting and
promising avenue for future research.

This paper innovatively proposes to address fatigue detec-
tion from the perspective of multi-dimensional fine-grained
and firstly defined the concept of MDFGL, including FGT,
FGC, and FGQ. Based on the study of MDFGL, we pro-
pose a new fatigue detection method, MDFG, which has ex-
cellent robustness and stability. Due to technical and cost
constraints, manually annotating MDFGL poses a challenge,
which is a common issue in tasks such as sentiment analy-
sis and anomaly detection in security monitoring. Our re-
search offers valuable insights into these tasks. In the future,
we will integrate multimodal data to enhance the accuracy
and generalizability of MDFG, promoting its further devel-
opment in fatigue detection and various other fields.
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