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In practical application scenarios, drastic changes in ambient light and driver posture offset can easily lead
to a decrease in facial image quality, resulting in weakened key fatigue related features such as blinking and
yawning, severely limiting the robustness of existing visual detection models. To address this issue, this pa-
per proposes a feature reconstruction YOLO detection method for image degradation and constructs two
core modules: dual convolution feature decoupling and multi-scale reconstruction. The dual convolution
feature decoupling module achieves collaborative modeling of facial structured information and degraded
region responses by constructing parallel local detail feature branches, which significantly enhances the
model’s ability to characterize highlight-interfered regions and weak-texture fatigue features. The multi-
scale reconstruction module relies on cross-layer feature reconstruction and semantic alignment mecha-
nisms to accurately compensate for the tiny fatigue feature details lost during downsampling, effectively
improving the stability of fatigue detection in low-illumination and dynamic scenarios. The experimental re-
sults show that the proposed method outperforms the benchmark model in terms of detection performance
and robustness, and can effectively alleviate the problem of insufficient fatigue feature expression caused by
image degradation in actual monitoring environments. This algorithm has certain practical value in the field
of intelligent transportation.
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1. Introduction

Under the development trend of deep integration of driver fatigue status has become a core technical
of intelligent transportation and autonomous driv-  support for fortifying the road safety defense line
ing technologies, real-time and accurate monitoring and reducing the risk of major and extraordinarily
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serious traffic accidents. As a core means of automat-
ically identifying fatigue states, object detection can
achieve state judgment by capturing typical fatigue
features such as eyelid droop, facial muscle relax-
ation, and yawning. Its detection accuracy and ro-
bustness are directly related to personnel safety and
traffic scenario management efficiency [7-8].

However, the complex and variable imaging condi-
tions in real traffic environments bring many severe
challenges to the effective detection of fatigue fea-
tures: low-light environments such as night driving
and tunnel passage easily cause low image contrast;
behaviors such as drivers wearing masks and sun-
glasses will cause local occlusion of the face; the
natural offset of head posture during driving further
aggravates the weakening of texture features. The
combined effect of these factors poses fundamental
challenges to traditional detection methods.

In recent years, object detection methods based on
convolutional neural networks have become the
mainstream solution for fatigue detection tasks due
to the technical advantages of end-to-end training
and efficient inference. However, such methods gen-
erally rely on stable and clear feature expression,
and lack targeted modeling capabilities for feature
degradation in poor light and low-contrast scenar-
ios. On one hand, standard convolutional operators
are easily disturbed by local overexposure or under-
exposure when processing facial regions, leading to
distorted responses of fatigue texture features, and
it is difficult to effectively capture subtle fatigue sig-
nals in low-light environments. On the other hand,
the existing feature pyramid structure mostly adopts
a layer-by-layer transmission multi-scale fusion
method, which is difficult to accurately compensate
for the tiny fatigue details lost during downsampling,
resulting in significant performance limitations of
the model in scenarios such as weak-texture and
small-target fatigue feature detection, and failing to
meet the high-reliability monitoring requirements
in complex traffic environments.

To address the above technical bottlenecks, this pa-
per proposes an adaptive fatigue detection method
for poor light and low-contrast scenarios. Based on
the lightweight YOLO series object detection frame-
work [14-17], this method introduces a Dual Convo-
lution Feature Decoupling Module: by constructing
parallel modeling paths for facial structure infor-
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mation and degraded region response correction,
it achieves their collaborative modeling, effectively
improving the model’s ability to express weak-tex-
ture fatigue features in poor light environments. At
the same time, a Multi-scale Reconstruction Module
is designed, which relies on cross-layer feature re-
construction and semantic alignhment mechanisms
to directionally compensate for the fatigue detail
information lost during downsampling, enhancing
the detection stability of the model in small-target
and low-contrast scenarios. On the premise of main-
taining the efficient computing characteristics of the
YOLO framework, this method can effectively allevi-
ate the problem of fatigue feature degradation under
complex imaging conditions, providing a practical
technical solution for fatigue state monitoring.

2. Proposed Algorithm

In practical fatigue detection tasks, low-texture re-
gions often lead to unstable responses of fatigue
features and loss of detailed information, thereby
impairing the model’s ability to recognize subtle
fatigue characteristics. To address this issue, at the
overall network architecture level, this paper first
extracts basic features using a lightweight backbone
network. On this basis, a dual-convolution structure
is introduced, which constructs parallel paths for lo-
cal detail modeling and receptive field expansion to
achieve collaborative modeling of stable facial struc-
ture information and responses in degraded regions:
the local branch focuses on preserving facial edg-
es and fatigue texture details, while the expansion
branch enhances the model’s perception of low-light
and blurred regions, mitigating the interference of
highlight oversaturation and low contrast on fatigue
feature representation. Furthermore, in the feature
fusion stage, a multi-scale reconstruction module
is introduced to perform cross-layer reconstruc-
tion and semantic alignment on features of different
scales. This module constructs cross-scale informa-
tion compensation paths to recover subtle fatigue
details lost during downsampling, enhancing the
effective transmission of shallow texture features to
high-level semantic space, and ultimately improving
the detection stability of the model in small-target
and low-texture scenarios. The overall structure is
shown in Figure 1. In the experimental section.
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Figure 1
Network Architecture of the Algorithm.
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2.1. Algorithm Architecture

In the visual monitoring scenario of fatigue de-
tection, low-contrast regions are characterized by
reduced gradient responses and blurred fatigue
texture information. Although such imaging deg-
radation does not alter the macroscopic facial
structure [9-10], it significantly disrupts the local
response stability of convolution operators, which
in turn leads to bias or even distortion of fatigue
information during the feature extraction stage.
Therefore, simply relying on traditional convo-
lution stacking or conventional feature pyramid
structures cannot fundamentally mitigate the
above problems.

Based on this, this paper structurally adjusts the
YOLO11 detection framework from two dimensions
[11-13]: feature decoupling and information recon-
struction. A dual-convolution feature decoupling
module and a multi-scale reconstruction module are
embedded in the backbone network and feature fu-
sion path, respectively. The two modules work syn-
ergistically in a functionally complementary man-
ner, enabling the model to improve its adaptability
to complex imaging conditions without significant-
ly increasing computational complexity [2-4]. The
overall structure is shown in Figure 2.

Figure 2
Flowchart of YOLO11 Detection with Feature Enhancement.
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2.2.Video Preprocessing

The core of driver fatigue monitoring lies in analyz-
ing drivers’ dynamic behaviors during driving. Vid-
eo preprocessing needs to accurately identify these
dynamic regions and filter out background interfer-
ence, so as to provide effective data support for re-
al-time fatigue judgment. This section focuses on in-
troducing mainstream motion detection algorithms
and their adaptability analysis.

2.2.1. Frame Difference Method

The frame difference method identifies motion regions

based on pixel changes in consecutive frames. Its core

idea is to judge drivers’ dynamic behaviors through
threshold judgment, with specific steps as follows:

1 Read the pixel values of consecutive video frames
(I (x.)) and (,,(x.y));

2 Calculate the difference between adjacent frames
and perform binarization to obtain the difference
image (D(x,y));

3 When (D(x,y)>T), mark it as a motion region; oth-
erwise, mark it as the background.

The expression for obtaining the motion region is
shown in the formulas:

D(Cey)y=11,(x,y) -1 (x )] . @
_ {1, Dxy)>T
Lou (6.y)= {0’ Diey)<T @

2.2.2.Visual Background Extraction Algorithm

The visual background extraction algorithm con-
structs and dynamically updates a background mod-
el, then compares video frames with the background
template to identify motion regions. Its core process
is summarized as follows:

1 Background model initialization stage. Select
the first frame of the video sequence as the ini-

Input image |- 212 Augmentation HB‘; ‘gkbOJ;eH DCB Module H MSRM Module H Feature Fusion H Detection Head H Final Output ’
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tial reference, and build a background sample set
M(x,y) with a capacity of n as the analysis basis, as
shown in the formula:

Mx,y)=mqy,myms,....m;,....m, . 3)

The background sample set M(x,y) established at
coordinates (x,y) consists of n samples from (m,)
to (m,).(m,) is any sample in the set, and its value
comes from random sampling of the neighbor-
hood around the pixel point.

Foreground detection stage. Calculate the Eu-
clidean distance between the pixel value of the
(k)-th frame image at coordinates (x,y) and the
background sample m,. When the distance is less
than the threshold R,(Count,) is counted as 1; oth-
erwise, itis 0, which is used to count the matching
between the pixel point and the background sam-
ple, as shown in the formula:

1, DU (x,y).m;)<R

0, others @)

Count;= {

The k-th frame image [, (x,y) in the video se-
quence is taken into consideration, and the Eu-
clidean distance between it and the background
sample space mi is represented by D(/,(x,y),m,).
When the total sum is greater than or equal to
the threshold 7, B,(x,y) take O to represent the
background, otherwise take 1 to represent the
foreground, used to generate a binary image, as
shown in the formula.

0, Y. Count;>T
B — 0 =1 i<
() { 1, l others :

Background modeling processing. It mainly in-
volves two aspects: the update of the background
sample set and the update of the local neighbor-
hood. At the level of background sample set up-
date, the core operation is to replace a randomly
selected old sample in the sample set with the re-
al-time pixel value of the current pixel point (x,y),
so as to maintain the adaptability of the back-
ground model to scene changes.
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2.3. Dual Convolution Feature Decoupling
Module

In the scenario of facial fatigue detection, low-con-
trast and weak-texture regions often overlap in the
same feature map, making it difficult for standard
convolution operators to effectively distinguish be-
tween these two types of responses. To address this
issue, this paper designs a Dual Convolution Feature
Decoupling Module. By constructing a parallel du-
al-path convolution structure, it explicitly models
two types of features [5-6]: "stable facial structure”
and "degraded region response”, thereby reducing
the coupling interference between them during the
convolution process.

2.3.1. Module Structure

The DCB module consists of two parallel convolu-
tion paths, with its input being the feature tensor
output by the backbone network:

Local detail modeling path: A standard 3x3 con-
volution kernel is adopted, focusing on capturing
local fatigue features such as facial edge contours,
eye fissure textures, and mouth deformations, and
exhibiting strong responsiveness to high-frequen-
cy details.

Receptive field expansion path: Dilated convolu-
tion is employed. A 3x3 dilated convolution with
a dilation rate (r=2) equivalently covers a 5x5
receptive field range, enhancing the global per-
ception capability of low-light regions and back-
ground-blurred regions without increasing the
number of parameters.

The calculation processes of the two paths are shown
in the following formulas:

Frpeat =BN(ReLU(W,®F)) . ®)

Eiilated =BN(R€LU( Wd ®rF) . )

Among them, W, and W, are learnable convolution
kernels for local paths and dilated paths, respective-
ly. ® represents standard convolution operation, ®,
represents dilated convolution operation with di-
lation rate r, BN(-) represents batch normalization,
and ReLU(") is the activation function.
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After channel level concatenation of two features,
feature fusion and dimension recovery are per-
formed through 1x1 convolution, as shown in the
formula:

FDCB = W/j"use ® Concat(ﬂocal?Fdilated) ®)

Among them, Concat () represents the concatena-
tion operation of the channel dimension, W, is a

1x1 fusion convolution kernel, and F,; is the output
feature map of the DCB module

2.3.2. Degradation inhibition mechanism

To further suppress feature distortion caused by
light difference areas, the DCB module introduces
a soft weighting mechanism based on channel at-
tention in the fusion layer. By using global average
pooling to perform channel statistics on the fused
features, the importance weight vectors weRC for
each channel are generated, as shown in the formula:

w=0(Wy-ReLU(W,-GAP(Fpcp))). ©)

Amongthem, GAP(-) represents global average pool-
ing, W, and W, are two-layer fully connected weights,
and o(-) is the Sigmoid activation function. The final
output is shown in the formula:

F=w®Fpcp . (10)

Among them, ® represents the element wise multi-
plication of the channel dimension, and w serves as
the adaptive channel weight to suppress severely de-
graded channel features and enhance stable fatigue
texture response.

2.4. Multi Scale Reconstruction Module

In the layer by layer fusion framework of the feature
pyramid network, deep semantic features gradual-
ly lose small fatigue details after multiple downs-
ampling operations when passing to shallow lay-
ers, which restricts the positioning accuracy of the
detection head in small targets and weak texture
scenes. To this end, this article designs a multi-scale
reconstruction module that recovers lost details
through cross scale feature compensation paths.
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2.4.1. Cross Layer Feature Reconstruction
Mechanism

The core idea of the MSRM module is to establish a
bidirectional compensation channel from shallow
details to deep semantics. Let the multi-scale feature
maps output by the backbone network be {F, F,, F}.

The upsampling reconstruction path upsamples the
deep feature F; to the resolution of 7, through bilin-
ear interpolation. After feature alignment convolu-
tion, it performs residual fusion with the shallow
feature F'|, as shown in the formula:

F/““=F+Conv(Up(F)) - (11)

Among them, Up(:) represents the bilinear interpo-
lation upsampling operation, Conv(-) is the 1x1 con-
volution aligned channel dimension, and Fj* is the
reconstructed shallow feature.

Compensate and reconstruct the intermediate scale
feature F),, as shown in the formula:

Fy““=F,+Conv(Up(F3))+Conv(Down( Fy)) - (12)

Among them, Down(-) represents the maximum pool-
ing downsampling operation with a step size of 2,
which combines deep semantics and shallow details
through bidirectional propagation to achieve collab-
orative enhancement of intermediate scale features.

2.4.2. Semantic Alignment Mechanism

Due to the differences in semantic levels and value
range distributions among multi-scale features, direct
superposition is prone to introducing feature bias. To
address this issue, MSRM introduces a lightweight se-
mantic alignment sub-module to perform normaliza-
tion alignment on features prior to cross-scale fusion.
Instance normalization is applied to the shallow feature
F to eliminate the statistical distribution shift caused
by uneven illumination, as shown in the formula:

align_ . Fl_—/l
F1 =Y. +5 . 13)
Here, 1 and o are the mean and standard deviation of
the feature map in the spatial dimension respective-
ly, yand f are learnable affine parameters, and ¢ is the
numerical stability term. The feature map after se-
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mantic alignment has a more consistent value range
distribution, which effectively reduces gradient con-
flicts during cross-scale fusion.

2.5. Loss Function

This article adopts a multi task joint loss function con-
sistent with YOLO11, including localization regression
loss L,,, target confidence loss L,,, and classification
loss L . The total loss is shown in the formula:

L iotai=A pox L poxT4 obj'L()bj"'}L clsLeis - (14)

Among them, 2, 4, %, are the weight coefficients
of the three losses, respectively. The positioning loss
adopts CIoU loss, which additionally considers as-
pect ratio consistency compared to IoU loss, and has
more accurate positioning constraints for small tar-
gets, as shown in the formula:

2(b,b
L cpoy=1-1IoU+ Al 3 2 gy ) (15)

c

Among them, p(b,b,) is the Euclidean distance be-
tween the predicted box and the center point of the
real box, c is the diagonal length of the minimum
bounding rectangle, a is the trade-off coefficient,
and v is the consistency measure of aspect ratio. The
specific definition is as follows:

2
— 4. Wer ) _ w
V=" (arctan( 7 ) arctan ( h) ) ) (16)

gt

Both the confidence loss and classification loss
adopt the form of binary cross-entropy, which is
consistent with the standard YOLO11.

3. Experimental Simulation

To verify the feasibility of the algorithm proposed
in this paper, we first conducted a systematic eval-
uation of the algorithm’s performance through algo-
rithmic index analysis, focusing on core dimensions
such as accuracy, computational efficiency, and ro-
bustness. On this basis, we carried out a systematic
comparative experiment with other existing algo-
rithms to conduct an in-depth analysis of our algo-
rithm from multiple dimensions.
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3.1. Analysis of Algorithm Indicators

We adopt several common evaluation indicators,
namely Accuracy (ACC), Recall (Rec), False Alarm
Rate (FA), and Precision (Pre). The specific formu-
las are as follows:

Figure 3
Experimental Results of Different Network Models.
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) __ TT+FF
Accuracy: ACC= ToF
Recall: Rec= TFT .
False Alarm Rate: FA= TITE

Precision: Pre=1-FA ,

where TT refers to the number of samples with true
label predicted as true, FT refers to the number
of samples with true label predicted as false, and
T=TT+FT; FF refers to the number of samples with
false label predicted as false; TF refers to the num-
ber of samples with false label predicted as true. The
experimental results are shown in Figure 3.

As can be seen from the figures, the multi-model
fusion strategy performs much better than single
models in the fatigue driving monitoring task, and
it outperforms others in core indicators including
Precision, Recall, and Accuracy. Specifically, the ac-
curacy of the fusion model reaches 99.7%, the recall
rate is 99.5%, and the precision is 99.9%.

It can be observed from Figure 4 that all indicators
of the model keep rising and finally converge stably
without oscillation or decline, indicating that the

Figure 4
YOLO Training Loss and Evaluation Indicator Curves.
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model performance improves steadily with train-
ing epochs; finally, mAP=92.6%, mAP=71.5%, pre-
cision is 92.2%, recall rate is 88.1%. The overall de-
tection accuracy is excellent, and false detections
and missed detections are controlled at extremely
low levels.

3.2. Comparison Models

To verify the effectiveness of the proposed meth-
od, this paper designs the following comparative
experiments and compares its overall perfor-
mance with mainstream detection algorithms
and literature algorithm[1]. Table 1 presents the
comparative results of the proposed method with
various mainstream object detection models on
the test set, including mAP, precision, recall, and
inference speed (FPS).

It can be seen from the results in Table 1 that the im-
proved model in this paper addresses the problems
of low accuracy and poor real-time performance
compared with traditional detection models. Com-
pared with the original YOLO11-S, it significantly
improves detection accuracy while maintaining
high-speed inference, and is slightly better than the
literature algorithm [1], especially in fine-grained
positioning accuracy, achieving the best balance be-
tween accuracy and real-time performance, which is
more suitable for the practical application require-
ments of fatigue driving monitoring.

3.3. Performance in Real Scenarios

To verify the feasibility of the algorithm, this pa-
per used several real driving scenarios and tested
whether the algorithm can effectively identify driver
fatigue and driving status (Figure 5).

Table 1
Comparative Experimental Results of Mainstream Models.
Model mAP@0.5 mAP@0.5:0.95 Precision Recall FPS
Faster R-CNN (R50-FPN) 84.2% 55.7% 83.1% 79.6% 12
RetinaNet 85.8% 57.3% 83.1% 80.2% 18
YOLOv9-S 91.3% 64.2% 90.4% 87.3% 148
YOLO11-S(Original Version) 92.1% 65.1% 91.0% 88.2% 162
Literature algorithm([1] 93.0% 70.5% 92.0% 84.5% 160
Ours 93.2% 71.2% 92.3% 88.1% 159
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Figure 5
Actual Detection Performance Results.
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The algorithm can still stably recognize the facial fa-
tigue characteristics and physical behavior of driv-
ers, and it simultaneously completes the detection of
three core tasks: fatigue state, safe driving, and seat
belt wearing. In addition, the confidence level of fa-
tigue detection and seat belt detection tasks remains
within a high range, which verifies the robustness of
the algorithm’s multi-objective parallel reasoning.

4. Conclusions

Aiming at the problem that YOLO11 struggles to rec-
ognize small-scale fatigue features in complex en-
vironments, this paper proposes an adaptive fatigue
detection method suitable for low-illumination and
low-contrast scenarios. Based on the original net-
work framework, this paper introduces a dual convo-
lution feature decoupling module and a multi-scale
reconstruction module to improve the model from
two stages: feature extraction and feature fusion.
Experimental results show that the proposed algo-
rithm improves the recall rate of fatigue features
while maintaining basically unchanged inference ef-
ficiency. The model demonstrates more stable fatigue
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