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Abstract: Objective Distracted driving, as a primary cause of traffic accidents, claims over 1.2 million lives globally
each year. Notably, nearly 90% of incidents involve high-risk behaviors, such as mobile phone usage. While existing end-

to-end recognition methods based on convolutional neural networks (CNNs) effectively capture local features (e. g. , hand
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posture and facial expressions) , their performance is constrained by the limited receptive fields of convolutional opera-
tions. This limitation hinders the modeling of global spatial relationships in driving scenarios (e. g. , limb coordination and
cabin environment interactions). This inadequacy results in significant accuracy degradation under complex scenarios.
Although vision Transformers (ViTs) achieve global feature extraction through self-attention mechanisms, their practical
deployment involves multiple challenges. For example, traditional ViT models overly rely on final-layer classification
tokens for decision making, which leads to underutilization of fine-grained semantic information from shallow and middle
layers. Moreover, their self-attention mechanisms, while modeling global dependencies, inadequately address localized
detail features, which causes misclassification among behavior categories with similar spatial distributions (e. g., phone
calls vs. smoking). In addition, the quadratic computational complexity of standard multi-head attention relative to image
resolution hinders real-time performance on resource-constrained vehicular platforms. Furthermore, existing studies pre-
dominantly rely on simulated driving datasets (e. g. , State Farm) , which exhibit limitations such as single-view capture,
highly standardized actions, and low background complexity. These datasets diverge markedly from real-world driving envi-
ronments characterized by multi-view perspectives, dynamic lighting variations, and complex background interference. As
a result, the generalizability of the model is restricted. To address the aforementioned issues, this study proposes a dual-
stage ViT framework for distracted driving behavior recognition, which integrates global and local features. Method The
proposed framework employs a two-stage collaborative architecture to enhance distracted driving detection through hierar-
chical feature integration and computational optimization. In the first stage, an improved ViT addresses the semantic loss

in shallow layers by aggregating class token features from intermediate Transformer layers (9—12). This method is achieved

via a weighted fusion mechanism, where learnable coefficients optimized through end-to-end training dynamically
balance contributions from different layers. A hierarchical supervision strategy further reinforces feature preservation by
applying cross-entropy loss at multiple network depths, which preserves early-stage visual cues (e. g. , preliminary hand
positions or facial orientations) for global context modeling. The second stage focuses on challenging cases by synergizing
the broad scene understanding of ViT with the localized precision of MobileNetV3. Spatial attention masks generated from
the outputs of ViT first amplify driver-centric regions (e. g. , hand-screen interactions) while suppressing irrelevant ele-
ments such as window reflections and moving backgrounds through adaptive pixel-wise masking. The refined images then
feed into MobileNetV3 to capture micro-scale patterns, such as finger flexion during screen operations or distinct shapes of
held objects (e. g. , cigarettes vs. phones). A cross-attention mechanism bridges the two modalities: the global context of
ViT (serving as query vectors) interacts with the localized key-value pairs of MobileNetV3. This mechanism enables bidi-
rectional feature alignment where high-level scene semantics guide the interpretation of fine details, and vice versa. For
optimized computational efficiency, a dynamic attention pipeline first segments images into 16 X 16 blocks, calculates
region affinity scores to construct adjacency matrices, and retains Top-k high-relevance areas (e. g. , 68% of hand/face

regions). The remaining zones undergo token-level attention with reduced spatial granularity, which cuts redundant calcu-

lations by 26. 87% while maintaining discriminative power. An adaptive threshold 7 governs sample routing strict filter-

ing (n=1.0)

for standardized datasets such as State Farm ensures efficiency. Meanwhile, relaxed thresholds (n =
0.9) for real-world data redirect ambiguous cases (e. g. , low-light conditions and occluded actions) to stage 2 for reevalua-
tion. This dual-phase approach achieves 99. 69% mean average precision across datasets while operating at 5. 48 GFLOPs,
which demonstrates robust performance in diverse scenarios from controlled lab environments to complex road conditions.
By strategically combining multi-scale feature extraction with context-aware computation allocation, the method overcomes
the inherent limitations of ViT in handling fine details and computational overhead. Therefore, it is a practical solution for
in-vehicle safety systems. Result Experiments were conducted on the State Farm dataset and a custom dataset of dangerous
driving behaviors in passenger vehicles built by the research team. These experimental results were then compared with
those of a number of different algorithms, including CNN-based counterfactual attention learning(CAL), attentive pairwise
interaction network (API-NET) , Stacked-LSTM, progressive- attention convolutional neural network (PA-CNN) , and
MobileNetV3. In addition, Transformer model-based vision Transformer (ViT) , cross-attention multi-scale vision trans-
former (CrossViT) , and Transformer architecture for fine-grained recognition (TransFG) were compared. Results demon-

strate that the method exhibits average accuracies (mAP) of 99. 69% and 96. 87% on the State Farm dataset and the self-
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constructed dataset of hazardous driving behaviors of passenger vehicles by the group, respectively. Moreover, the num-
bers of floating-point operations (FLOPs) are 5. 48 and 6. 82 G, while the number of covariates is 93. 31 M. The TransFG
algorithm results in increases of 0.98% and 1.04% in mAP, reductions of 25.54% and 17.23% in FLOPs, and an
increase of only 7. 08 M in the number of parameters. Furthermore, the detection efficacy of ViT can be enhanced through
the incorporation of a multimodal information interaction module, a token information supplementation module, and a two-
stage attention module. The addition of the multimodal information interaction module results in improvements of 1.24%
and 0.97% in the mAP of ViT. The token information supplementation module leads to improvements of 0. 15% and
0. 64% in the mAP of ViT, while the two-stage attention module yields improvements of 0. 16% and 0. 19% in the mAP.
While the accuracy improvement is not statistically significant, the FLOPs decrease considerably. The test results demon-
strate that the proposed method outperforms the state-of-the-art TransFG algorithm in terms of mAP, FLOPs, and the num-
ber of parameters. The visualization analysis demonstrates that the model can focus on key areas such as hands and faces
while significantly suppressing window reflections and dynamic background interference. Conclusion This study takes dan-
gerous driving behavior detection as the starting point, followed by the introduction of the ViT model and MobileNetV3
model. Moreover, a two-stage model based of ViT for dangerous driving behavior recognition called TS-ViT is proposed to
address the large number of ViT parameters and high computational cost. The first stage of the inference process of the
model inputs the input images into the ViT model, and the images with obvious features are recognized. In the second
stage, the global features of ViT and the local features of MobileNet are fused by the cross-attention mechanism and the self-
attention mechanism. This fusion re-recognizes the images with complex backgrounds and poor lighting in the first stage. This
process also filters out the background information to retain the foreground information, which distinguishes the complex features
of the images. The method proposed in this study can accurately identify dangerous driving behaviors in complex scenarios ,
which demonstrates superior robustness. It provides a new perspective for research in the field of classification tasks.

Key words: intelligent transportation ; dangerous driving behavior recognition; vision transformer(ViT) ; attention mecha-

nism; feature fusion
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Fig. 1 Schematic diagram of State Farm dataset categories ((a) CO: safe driving; (b) C1: making a call with the right hand ;

(c¢) C2: sending a message with the right hand; (d) C3: making a call with the left hand ;

(e) C4: sending a message with the left hand; (f) C5: operating the radio; (g) C6: drinking;

(h) C7: reaching behind; (i) C8: fixing your hair; (j) C9: talking to passengers )
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Table 1 Detailed information on the dataset of distracted

driving behaviors in passenger vehicles
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Fig. 2 Diagram of categories in a dataset of distracted driving behaviors for passenger vehicles

((a) CO: safe driving; (b) C1: making a phone call; (¢) C2: playing with mobile phone; (d) C3: smoking)
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Fig. 3 Multi-view diagram of the dataset on distracted driving behaviors in passenger vehicles ((a) front and top; (b) top left;
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2 (REIFE

A AE TransFG (Transformer architecture for
fine-grained recognition ) (He % ,2022) [ 3L fith_AF
TR 48—l Rl S A R 5 R B R AR Y T B B
ViT 530 25 AT R 75 3 (two-stage ViT, TS-ViT),
W 4 FTR

55 1 Be A FH BEGRORL AR B HE A7 4 20, 4 T
TR RAE I A R AT U0 . B 2
T ST R el FHURLEE patch o SR8 7375 515
KL XL A4 patch 4TRLRE 0] o HUCRE 70 B #Y
2 LG AT token BT A VIT SRS | DUEG AR 3 A5 4
SR BHAE FIWrSE AR E AR R B 1 R
5T B AT HA, e T A5 B R T AL
WA S5 SR AT A5, 45 Ak 3 5 F 2 WA R 45 S A W]

oL HEAGE 2 B BB

552 B B 2 S Transformer F1 CNN (945 1F E 47
HERE, X5 5 R FOC LR BHR ST R 5. B
A A S R U P 5 v o S DKL pateh X Bz Y
15 1% A MobileNetV3 [’ 2% i | B MR BE patch X
N ARRIE S S S BT FoRAE . Z 5 ERFE Iy
fIEF1 MobileNetV 3 4 B A9 RRAIE 26 A FRAIE 58 BB H DA
AT UKL HEFR LS

55 1B B VIT BRI S 805 55 2 B Btk =2, Ok
WD T HERRAY SR AR . Sy 1 TG b P [ A
BB, AR G T RFIE A EARLH token {7 B AR AR
BB B & e
2.1 HHEZERER

ITAE K 8 Transformer )42 Jay FEAE A1 CNN [ )51
PRRMES TR G 28] T2 0. HERAR 15
A B BOAR R R - RS DRERLS AR



$30% /FE 118 /2025 F£11 B

W, SRk, ER
MEER/5REFERN RN R VIT 20 B30T AR 7%

& HEBEREG S AR S FEh A 50 % 1E
Transformer F1 CNN $31E 2 [A] () AH % . Transformer
BRI 2 Ry TE R AL R A R AR R
(156 2 , A2 B4 JR P 5 PR HAIE , MobileNet V3 4B Al
PEJRI R AL, A R 1T L 5O 3R A T Rl X
B {5 B . MobileNetV3 1 1) 2% 1] (Query, Q)
Transformer " {94 (H (Key, K) \fH (Value, V) #4738
B, BB ARG 2255 R R, S THS AL ks
JERFERYAHAERE S o PRI A SCHE AR IE A LA

SR Transformer 4= Jay P R AE A CNN J&3 38 8- 11E 1) 38
Ho FOEAC AR AR R SE A WP 5 BT
REOE2E BB HGE ) 2 iy Bt 7 00 il DL 5230
PSR RRAE T e 5 %0 5% . BRI, B S5 4% Trans-
former 2 it g s A7 67 B G A ()45 B A )2 (R
T ER G R A NS E R LEZ LEEN
PT3430 Rl 5 0 0 TR B s v N 2 T T TR
PAT IR A H — A A (A4 35 T8 i %S
[ E R IR . I (A HERD 3R 5 ORJZ R 1] i

_______

——————————

| ' 2
: : : : gj] ﬂ‘:}Eijlg
| | i
| [ :| Transformer #if#% Hm
Ly sy i Conv
| L H X
R LTTIN
i i :| Transformer ifi &% Hﬂﬂ
:L ﬁu‘M"j“:— e ; Conv
________________ I i A
- i : Transformer il &% l—: ﬂﬂ—
D L1, ﬁﬁﬁ |
— = | |
%XEE—; ® ik : Transformer Encoder HH@—PD-PG‘
B o e sl
Moo off Wil | |
Rl st S |
@Transformer IR - | " o v o .
K4 TS-ViT 44
Fig. 4 TS-ViT network structure
"
—
[1][2][3] 0[1]0 i
E ® |o|1]1 —» -
uDoone = g
T;iél};fg;;lmer it MobileNetV3 ” m;%—»:
\_>=

Transformer

'”kv

ﬁgﬁﬁmfﬁi
@ﬁgﬁfm%ﬁm

Fl5  RFIEAE H A

Fig.5 Feature interaction module
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Table 3 Performance comparison of our method and baseline methods on the State Farm dataset

WIRES FA M2 WewR/% T FLOPS/G | SHdd/M |
CAL(Rao %,2021) ResNet-101 96.45 3.80 42.52
API-Net(Zhuang % ,2020) DenseNet-161 96.31 2.83 27.84
Stacked-L.STM(Ge %¢,2019) GoogleNet 96.46 1.55 10.32
PA-CNN(Zheng % ,2020) VGG-19 93.82 15.48 138.36
MobileNet-V3( Howard %, 2020) MobileNet-V3-Large 96.84 0.39 8.92
CNN-Transformer( Mou %, 2023 ) ResNet-50 + ViT 98.40 12.50 85.60
ViT(Dosovitskiy %5 ,2021) ViT-B_16 97.83 4.60 85.76
CrossViT(Chen %5,2021) ViT-B_16 98.06 4.13 54.52
TransFG(He %5 ,2022) ViT-B_16 98.71 7.36 86.23
Co-Td-ViTGX 5 45,2023) ViT-B_16 99.21 5.21 87.53
MobileViT-CA (B 'H 4§ ,2024) MobileViT 99.42 2.50 11.40
TS-ViT(A30) ViT-B_16 + MobileNetV3 99.69 5.48 93.31

IR TR R A S e e 2R 1 SRR M R, | IR (R

R4 AXFHEEEMAEETSERD L ERITHBRE EHBRILL

Table 4 Performance comparison of our method and baseline methods on the passenger vehicles distracted driving dataset

Tk ETM% A% T FLOPY/G | Z8uEM |
CAL(Rao%,2021) ResNet-101 90.85 4.61 42.52
API-Net(Zhuang %% ,2020) DenseNet-161 92.55 3.96 27.84
Stacked-LSTM(Ge %%,2019) GoogleNet 93.80 2.75 10.32
PA-CNN(Zheng % ,2020) VGG-19 90.21 18.06 138.36
MobileNet-V3( Howard 4 ,2020) MobileNet-V3_Large 95.47 0.53 8.92
CNN-Transformer( Mou 4%, 2023) ResNet-50 + ViT 95.81 13.80 85.60
ViT(Dosovitskiy % ,2021) ViT-B_16 95.22 5.49 85.76
CrossViT(Chen 45 ,2021) ViT-B_16 95.76 5.31 54.52
TransFG(He % ,2022) ViT-B_16 95.83 8.24 86.23
Co-Td-ViTGRX 5 5F,2023) ViT-B_16 96.16 6.27 87.53
MobileViT-CA (4 E %,2024) MobileViT 96.21 3.41 11.40
TS-VIiT(430) ViT-B_16 + MobileNetV3 96.87 6.82 93.31
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Fig. 8 Confusion matrices of recognized results ((a) State Farm dataset; (b) passenger vehicle distracted driving behavior dataset)
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Fig. 9 Two-stage attention visualization information ((a) feature maps; (b) filter diagrams; (¢) heat maps)
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Fig. 10 Two-stage visualization information ((a) stage-one; (b) stage-two)

P 4R B HEAT SEORE R L PERE . VIT-B_16 A7 H A
27 - VMR SR Z A G 0720, T
WRZE, Lk ——WiE. AT ABEREREAS,
SCHE A KRR - A VIT-B_16 I fie 5 — 2 (5 12
) IR, LUK (stride) s 0] 17 25 20 26 B £ 2 FEAE
NI = G b W

S,=L-sx(m-1), m=1,2,--k (26)

7, LA Transformer 45 28 225, s MK kR
TEHUZE, RGRE A 4 G R E EAME
SEGAE RN 11 FE 12 Fis .

H 11 AT 12 (9 S B 4 2R AT, Y20 s U
I BRI PERE LS . FEE Yk = 4,5 = LI B8
FIPERE W E LT s =2 ls = 3MUIHNL . U — 2 %R
Bl &8, M s = 18F, k=18 ViT-B_16 i LR

3629



3630

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 11,Nov. 2025

x5 State Farm#EELREnEMNARESITES
Table 5 Accuracy and computation of different 1 values

for the State Farm dataset

el ) FLOPs/G | WEFIR/% 1
ViT-B_16 - 5.49 97.83
TS-ViT 0.92 5.99 98.39
TS-ViT 0.95 6.25 99.68
TS-ViT 1.00 6.82 99.69

TE IHL AR IR & F B LS5 R =" FR AR T b ik
LIPS EHSNS

xk6 BEFEWMHOLERITABIEEREEW
EMESHHES
Table 6 Accuracy and computation of different n
values for the passenger vehicles dangerous driving

behavior dataset

R n FLOPs/G | MERfIR/% 1
ViT-B_16 - 5.49 95.22
TS-ViT 0.50 5.86 95.85
TS-ViT 0.70 6.49 96.13
TS-ViT 0.90 6.82 96.87
TS-ViT 0.95 7.55 96.91
TS-ViT 1.00 8.32 96.92
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Fig. 11 Accuracy of State Farm dataset with different k values
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Fig. 12 Accuracy of the dataset on distracted driving behaviors

in passenger vehicles with different k values
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Table 7 Results of ablation experiments on
the State Farm dataset
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Table 8 Results of ablation experiments on the dataset of

distracted driving behaviors in passenger vehicles

T iy "
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