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Distracting driving detection and identification based on
an improved YOLOV8-pose
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Tian Chengyuan

Abstract: Aiming at the existing distracted driving detection algorithms, this paper constructs a YOLOv8-EFM

distracted driving detection and recognition model based on improved YOLOv8-pose. Firstly, by replacing the
backbone network of YOLOv8-pose with EfficientViT, combined with the complementarity between CNN and VIT,
the detection accuracy is improved; secondly, replacing the Bottleneck module in C2f with FasterBlock module,
increasing the detection rate and reducing the model parameters; finally, the lightweight MLLCA attention module is
added after SPPF, achieving a good balance between model size and accuracy. The experimental results show that the

YOLOvS8-EFM model constructed in this paper can detect mAP 50 with 98. 9%, and the model size is only 9.7 M.

This method can not only detect the specific distraction behavior, but also detect the human skeleton of the upper body .,

which can be effectively applied in the detection scene of distracted driving.
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Fig. 1 Structure diagram of YOLOv8-pose network
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Fig. 3 The overall architecture of the EfficientViT network

TEAF A $2 B ad 72 v, 3 2 ] MBConv (mobilenetV3
block convolution, MBConv) 85 £ i 47 [ 45 43¢ fiF #2 H , MBConv
FEHAE K T Mobilenet vl BYTR BE 7] 4385 % FUR Mobilenet v2
B L BRI RI5R 22 454 . IR A SE i Pl .
Kl 3 i . MBConv 55l — 4> 1X1 AR 26 M. T L
Wi T ACRAAIE 12 ) 38 38 25 #5256 ] Depwise Conv B2 1T 43
BB ARHIE RS AT AL BT, SR J5 1% 31 SE Bidk , SE
i gt — A4 R AL R AR TR e 4, K S5l P AN 2 38
2 2 1 U A T8 0 T A B JE X A S i A RRAE
HATe AT ZIHTRYFFIER] . SE B AR Z TR AT 2 1 4
MEFEI(C WL HD L =l (D R,

F € R"™™¢ @)

i b (2 BrR

F’ = F @ Sigmoid(W,(RELU(W Pool(F)))) (2)
A QR IR I F IO R W T, WIS 42 3% 452 2 1 00 eR 2L
53591 ReL.U pRECRI Sigmoid pRAL, f5 5 il it — 4~ 1X1 1
HBRGEERIKE .

2)FasterNet 4%

BEXT E WITE 2 B 51 430 2 BRI AT 55 b 2 8 i il K
FECIE T S U A b HE BB R BB Y ), Rt fE
FasterNet"" W 4% %t C2f # #3347 2e it , fi B FasterBlock
MR e C2f HH Y Bottleneck A5 3k, T LA RIC F& A AG I 4T:
55 WY TR R R SRR B A I R R O H A& —E
Bk,

FasterNet Jj&—Ffi 5 & i) 1 48 W %, 3@ % T %2 i H
Pk AT 55, JF 10 3 B8 FURS B O T kAT T A0 A, B0 AR
R TE AR R 1 ORI i B A B At B B R R AR 3R 3K RE T AN
T B TN . FasterNet W45 M i 4 AN By Be4l
W 4 i, B By Bl & o R A 2 A7 4 1, A AR 5 B
KN EA X Embedding B8 i — A5 K 4 19 1E W %
TR AL - Merging JZ 2 — ML KN 2 B HAR HT=
() T SR R T AR

FasterNet Block #EHt & FasterNet A2 0B, 1215
Bt AE K U T GhostNet, 78— @ FEBE i gt T HAE 5
FURIE b HA — & TR M a8, {2 5 GhostNet A5, I %
A K DWConv(HEEET] 43 B 8D T2 42 1T —Fosi iy
#4rEFL(PConv) . PConv {7 Hir A 18 1Y —#F4 _&  H
LA AT 23 [A) R F 42 B, HC A R DR A RN AR
B, X T HESLEFE RN AN AT K 1A SRS 1A
S 1A T AL RS RRAE B AR AT R ER R —
P 1 LT N S B AR R R T B R [ R Y

« 137 -



AT

FasterNet
Block

FasterNet
Block

Embedding

FasterNet
Block

Global Pool

[ 4 FasterNet

o 25 235 4 ]
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Fig. 5 The structure and working principle of the MLCA network
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Fig. 6 Distracted driving type
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Fig. 7 Schematic diagram of driver key point annotation
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Fig. 8 Accuracy curve of ablation experiment
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Fig. 9 Loss plots of the ablation experiments
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Table 3 Average mAP 50 accuracy and number of model

parameters for the different networks

PR mAP50/ % BRI/ M
VGG 87.33 233.1
EfficientNet 92.05 32.7
MobileNetv2 97.15 7.8
ResNet50 93. 39 188. 8
SwinTransformer 97.46 40. 0
YOLOv8-EFM 98. 90 9.7
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Fig. 12 Model prediction visualization
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