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Gaze estimation-based driver distraction detection method

Yang Sihan He Qing Yang Shiqi
(School of Artificial Intelligence, Changsha University of Science and Technology,Changsha 415000, China)

Abstract: With the rapid development of intelligent driving technology, driver attention monitoring has become a
crucial research focus for ensuring road safety. Traditional distraction detection methods rely on discrete behavior
classification, which fails to capture the continuous variation of driver attention and often neglects individual differences
in physiological structures and gaze habits. To address these limitations, this paper proposes a gaze estimation-based
distraction detection method that continuously identifies distraction states by evaluating the deviation of gaze Euler
angles from a predefined safe attention region. The proposed model adopts a ResNeXt-Transformer hybrid architecture
that integrates local detail extraction with global dependency modeling, and incorporates a feature enhancement module
to strengthen task-relevant representations and improve gaze feature extraction. Furthermore, a multi-level
personalized calibration mechanism performs bias compensation at both the feature and output layers, enabling rapid
individual adaptation under few-shot conditions. Experimental results on the MPIIGaze dataset demonstrate that the
proposed method significantly outperforms existing approaches in cross-user gaze estimation, reducing the average
angular error to 2. 94°, Visualization and validation in real-world driving scenarios further confirm that the method
exhibits strong interpretability and high practical applicability.
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Fig. 6 Results visual images
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e 33



5549 % v 7o ¥ o3 A
KFRIEFEWN AOBET LMERF OB, RER (3] W ARDT Bk 5Tl R IR 5 2] 19 Hi il
SRR B AU B T AR T 5 VR R A A Bk R A AR S BB R 55 B BRI [T ). (AR IR = 4. 2023,
S35 FH 3 MR 5 25 B B3 (9 54 S AT 56 IE , I 51 43 77 AE T 44(5); 140-149.
FB Y (Y e A A B 7 B 0l . b Ah . R SR ARG Feng Xiao, Dai Shaosheng, Huang Lian. Cross-
BT 728 B B3RO, PR AL AS Sy e A A i BB 3w h subject driver fatigue detection from single-channel
APk B L A0 3 40 FH 7% 18] 21 20 45 1 Sk SR 45 109 52 BR AT b A0 45 /- EEG with an interpretable deep learning model [ ] ].
B, ZAREELREZRE 2L T, A S )y B TR Chinese Journal of Scientific Instrument, 2023,
BIRLER 7 In) 5 LSBT W B 4F , BB A% ofi o ) 31 2 b 4405 140-149.
GO R R A b Tl b LR R b, k] [4) 0 RUERURCIRE B AR R TIRIESE T 69 % 4 5
R SR 0 38 TR A T 1 400 B T 7 T R AL 4% B 4 %zuﬁj\ﬂﬁ‘fﬂﬂﬁﬂi[ﬂ. ML R L 2024, 47(9)
07 1 U I 0225 e B o1 5 030 1 145153,
", Zhao Shuanfeng, Li Leping. Wang Maoquan. et al.
25 TR, A5 SO B S HE SE I W T S N RE Driver distraction behavior detection method based on
AR L K Z2 37 s v A4k 4 T BRIE T T 42 B A 1) o 5 deep learning[ J]. Electronic Measurement Technology ,
SZALRES . S A SCHTRE T R AT i 5t 2024 ATC9) s 145153,
SR BRI QIR T AL T g iy D) R BOGR EHEC L AT YOLOVIO
ROt 2k A 4 A SO 8 0 9 B T %%&ﬁﬁwﬁ%UI%?”EE“%*ﬁ””“
B R FE L T 0 43 LR A5 R0 4 2 e 5B 2 M 7 A0 S '
U 0 B )R A T AT AR O T O LT R Yin Xupeng, Zhao Xingqiang, Wang Xiongfei, et al.
ARG S 1 ik Ty % Driving fatigue detection algorithm based on improved
g JJ -
YOLOv10[J]. Journal of Electronic Measurement and
3 % ® Instrumentation, 2025, 39(10): 41-51.
6 Subbulakshmi S, Arathy A K, Madhu P. Ensembl
AR T — O TR s o gy 0 Seint S Andy A F TR
model tor driver distraction detection t i 3 )
W T3 3, UL 22 0026 R B A B8 B AR AT a2 el T Global Cont or Ad i Toehnoloy (GCAT)
slobal Conference for Advancement in Technolo, )
28 T 7 A 9 T SR 5 T R R R s 17 “
J ResNeXt-Transf W 4 4 4 GFEM, 4 o
#) ResNeXt-Transformer it & M4 % & fﬁ/jﬁ A ) LW L. Huang J. Hung Y 7, et al. SWAM; Driver
7 5 A SR AR AR T D AR P A, L A TR 0 L R R AE 4 ) ‘ . . A
distraction recognition based on attention mechanism[ C]//
BURE 7, IFAE 8 F P B0 A 45 rh S B0 AR A F B0 5 vk 1 . o .
N IEEE Smartworld,  Ubiquitous Intelligence &
BE . [RVAS 7 SCHE R 9 22 2 A PE AL A HE AL T BB A% 7 2D . . . . . . o
Computing, Scalable Computing & Communications,
AMEREA S AF T S BP TE L 5 0% 22 R D 25 T AR A Disital T Pr c . M ‘
E %%E% ‘F E]’] % 571{3%@ ﬂi;{éﬁﬂ*)]ﬁ ﬁ- 1g1ta win, rivacy omputing, etaverse,
T/‘j; I s EU\KE ; a2 ih; Autonomous & Trusted Vehicles, 2022: 2032-2039.
i
e P e o o
e RO . £ I L5 10 L) 98 01
HAL R - Xu Limei, Zhou Zhiguo, Zhou Xuehua. PUDet: A 3D
5 % ik object detection method based on generative
[1] Banerjee A, Pathivada B K, Haleem K, et al. Developing upsampling network[ ] ]. Chinese Journal of Scientific
distraction-related ~ safety —performance functions at Instrument, 2025, 46(8): 228-243.
interchange ramp terminals in Kentucky[J]. Journal of [9] Cheng Y H, Wang HF, Bao Y W. et al. Appearance-
Safety Research, 2025, 93. 66-78. based gaze estimation with deep learning: A review
(2]  BE/Dhom, ReME, F 95, 5. TP 2 5 AF Rl A 1 51 4 5] HL and benchmark [ J]. IEEE Transactions on Pattern
BRI R (], B4R, 2021, 43(12): Analysis and Machine Intelligence, 2024, 46(12):
70-78. 7509-7528.
Chen Xiaoqgiang, Xiong Ye, Wang Ying, et al. [10] Ghosh S, Dhall A, Hayat M, et al. Automatic gaze

Research on train driver fatigue detection method
based on facial multi-feature fusion[ ]J]. Journal of the

China Railway Society, 2021, 43(12): 70-78.

e 34 o

analysis: A survey of deep learning based approaches[]].
IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2023, 46(1): 61-84.



WmEW FATAEEHTHE

. S N oY oyl e %13

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

Chen Z K, Shi B E. Towards high performance low
complexity calibration in appearance based gaze
estimation[J]. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 2022, 45(1). 1174-1188.
Guan Y R, Chen Z G, Zeng W Z, et al. End-to-end
video gaze estimation via capturing head-face-eye
spatial-temporal interaction context[ ]J]. IEEE Signal
Processing Letters, 2023, 30: 1687-1691.

Jin S W, Dai J, Nguyen T. Kappa angle regression
with ocular counter-rolling awareness for gaze
estimation[ C]//IEEE/CVF Conference on Computer
Vision and Pattern Recognition, 2023: 2659-2668.
TRVKER AR A REIE L . R L 2 g A T
FRMEAR DR LT] B 5088,
2025, 39(4) . 181-192.

Zhang Bingzhan., Bian Boqgian, Yang Ziheng, et al.
Regenerative braking strategy considering working
conditions, driver and road information[J]. Journal of
Electronic Measurement and Instrumentation, 2025,
39(4): 181-192.

Albazzaz H F M, Khayeat A R H. A review on
distracted driver detection using machine learning
techniques [ C ]//2025 IEEE 15th Symposium on
Computer Applications & Industrial Electronics (ISCAIE) ,
2025: 445-450.

Aponso A, Speelman C, Johnstone M. A
multidisciplinary review of machine learning for driver
distraction prediction: unveiling challenges[ C]//2025
10th International Conference on Information and
Network Technologies(ICINT), 2025: 30-35.

FENG 5 5. 2 I 5 AR X A N 2 W B A T AR
SEJTE LT AT G AR 2 R, 2023, 37(12)
136-142.

Cheng Ming, Yan Yunbing. Driver' s line-of-sight
region adaptive semi-supervised learning calibration
method[ ] ]. Journal of Electronic Measurement and
Instrumentation, 2023, 37(12): 136-142.

Sharma P K, Chakraborty P. A review of driver gaze
estimation and  application in  gaze behavior
understanding [ J ]. Engineering Applications of
Artificial Intelligence, 2024, 133: 108117.

Cheng Y H, Bao Y W, Lu F. PureGaze: Purifying gaze

feature for generalizable gaze estimation [ C ]//AAAI
Conference on Artificial Intelligence, 2022, 36 (1):
436-443.

[20] Cheng Y H, Lu F. Gaze estimation using
transformer[ C]//2022 26th International Conference
on Pattern Recognition(ICPR), 2022. 3341-3347.

[21] Li TG, Zhang Y Z, Li Q Q. Appearance-based driver
3D gaze estimation using GRM and mixed loss
strategies[ J]. TEEE Internet of Things Journal, 2024,
11(23): 38410-38424.

[22] Park S, Mello S D, Molchanov P, et al. Few-shot
adaptive gaze estimation [ C]//IEEE/CVF International
Conference on Computer Vision, 2019: 9368-9377.

(23] BN BB BRAE IR, 4%, kT H0AT 9 A9 & 2 40

YU T L] Ml TREFIAR, 2025, 54(6) . 129-
134,149.
Xia Xiaojun, Huang Yi, Chen Debing. et al. High-
speed distracted driving recognition method based on
gaze behavior[ J]. Mechanical &. Electrical Engineering
Technology, 2025, 54(6): 129-134,149.

[24] 2. Yl R A . . BT LT CHE K S

YOLOVT {75025 Bk I 5 ik LT 1. [ A v 7 00 4t 47
A, 2024, 43(3); 121-128.
Li Fu, Xu Kai, Zhu Linglong, et al. Distracted
driving detection algorithm based on context semantics
combined with YOLOv7 [J]. Foreign Electronic
Measurement Technology, 2024, 43(3): 121-128.

[25] Zhao Y A, Lyu W Y, Xu S L. et al. DETRs beat
YOLOs on real-time object detection[ C]//IEEE/CVF
Conference on Computer Vision and Pattern
Recognition, 2024: 16965-16974.

[26] Rao Y M, Zhao W L., Tang Y S, etal. HorNet:
Efficient high-order spatial interactions with recursive
gated convolutions[ J]. Advances in Neural Information
Processing Systems, 2022, 35: 10353-10366.

& E v

7Ry I U v A e o VISl L s = 51 e A

Bl A

E-mail:1410256060@ qq. com

AEGEEES WAL B R, FE W57 ) & R
i B B LA B ARG
E-mail : 254739027 @qq. com



