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Abstract: Aimed at the low detection accuracy, slow speed and poor detection of amnesia in current automobile cockpits, an im-
proved YOLOv5s automotive cockpit oblivion detection method forgetting is proposed. The detection method uses YOLOv5s as a basic
network and improves on this basis. Firstly, the SE attention module is added to a backbone network to strengthen the model’s atten-
tion to the channel information and improve the target detection performance. Secondly, the space pyramid pool module is improved,
and the original SPPF module is improved to the SPPCSPC module, which makes the network pay more attention to the characteristics
of the target to be detected. Finally, the GSConv layer is simultaneously introduced to alleviate the detects of depth wise separable
convolution (DSC) and fully utilize the advantages of the DSC to achieve significant results in detecting small targets. It ensures the
semantic information. balances the accuracy of the model, and improves the detection speed. Experimental results show that com-
pared with the original YOLOv5s network, the average mean average precision (mAP) of the improved network is increased by 2% .
and the detection accuracy by 3.5%. The improved network has a good improvement effect, which shows the effectiveness of the
method.
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NetV2 &5 2 J5 . & PR B & DU o B AR R T, (H 2
mAP (A BT 5. LY/ 6. 7%, BERIAE Lt
THET 6.4 MB; #42g MobileNet V3 J5 45 T A6 Il 53 3 7 1
AR T EE A UE R RN A 4 R R EE T R ELURG BE mAP {5 2
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0.9 MB, I HAEMRIE T #5852 51 19 5] B 452 280 31 5 1 0 2
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BEfS 5 B AL I ARIE YOLOVS BHAIE il & 19 B 50k .

x4 BRI LR

% TR | AR \mA—P FPS L

/% /% | @0.5/% /MB

YOLOvVSs 89.5 73.7 77.6 133 14.5
ShufflenetV2 89.8 67 72.5 181 8.1
MobileNetV3 86 69. 8 73.5 137 7.5
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giGsk, KRG, BB I A A S BT sk
AT, 5 R ANER 5 Fis . AR P i 52 36 B4 /T
A AR I AL SE 2 (i 45 % 85 7 5E JE {5 B 0 ) e
H. Hh mAP BEBINT 1.5% ., BHERENT 1.5%
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YOLOv5s+ GSConv+ 93 726 796 130 | 27.4
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R, B NG mEPiREN ER RN RIEAHE, B
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A TR B A I 8 78 20 R R L AR B, AE /N H AR BRI A

BB MU www. jsjclykz. com



34 - LI i 5 4

%32 %

(a) JEYOLOV5SHY 28 5
B 14 YOLOvSs M 4% 55 ok J5 i 045 R 8 % kb 1

(b) Bk J5 IRIYOLOVS s I 25 51

TRKHETE: 7EHA SPPCSPC %5 [H] 42 735 B bk J5 4 5 T 454iF
B o e, $80 T F ARG T AORE L. R ORI A T A
LR AT R A
4 HRIE

ARSCERXS 2 A 3R OB 2R I I T . R Bk, kT
XT 2 PR S A 0 AT A 0 R T R A D 5 A
TURS BEAS . AR DN R VR BB LA 2% . 6 ) 45 I 5 1 3 e o i
BU R VAT . DRAR SCH SR 7E 1T M2 19 R 51 A SE i &
SR i A R X G T A LAY G £ T R G I Pk e
AT A8 T 5% 0 RG0S 32 5 ML U ik s ) 4 3 b A B B
$gJi A iy SPPE #EHL it Dy SPPCSPC B8, i i 3 i — i3
VA R 20 B TG DA AR ()RS S bl 2 0 2% P R AT
FEAE AL 3 4F PR IDOUA ] RUBE 45 AE 5 8 42 i AR
Bl 2 A<, T 32 T H bR G I B s J S TR B 51 A
GSConv 2. B 2%t DSC (R A F BB HD W Bk, IF
FE4r R DSC ML, e/ B ARSI 75 18 A W1 2 A 4 T
BOR s BEORIE 13 SR B OCF 8 7R Tk, d i T
TARI G . 2 S AR R, A R4 S R
YOLOvSs At HP YR mAP 285 T 2%, #
HERFETE 1 3. 500, BCiltJa 9 W 4% AT RLAF R THBOR . &
WIT 2Ok WA, B, i TR OELRIE. Bt
NSRS 2 U N IRl A SRR Al B R L oA o AL
RIS 2 AR 0 P E . BRI, AR SR ik X ok 2 [ LA £ 4R

s S ST LATE R B X L R R HE — AP o8 . 4 T R 2% A6
&

SE 0k

(14 #, E4MH, EHRL. BoE YOLOVS 132 5 b 2 4 T 55
W% WEALTESE R, 2023, 59 (13): 194 -204.

[2] # S8. LTk YOLOvSs B3 B AR K i 55 2k #F 58 [DJ.
TEFH . LRI R, 2023,

[3] GIRSHICK R, DONAHUE J, DARRELL T, et al. Rich fea-
ture hierarchies for accurate object detection and semantic seg-
mentation [J]. IEEE Computer Society, 2014. 580 —587.

[4] GIRSHICK R. FAST R-CNN [C] //Proceedings of 2015
IEEE International Conference on Computer Vision, Santiago:
IEEE, 2015. 1440 - 1448.

[5] REN SQ., HE KM, GIRSHICK R, et al. Faster R-CNN:
Towards real-time object detection with region proposal net-
works [J]. IEEE Transactions on Pattern Analysis and Ma-
chine Intelligence. 2017, 39 (6). 1137 - 1149.

[6] HE KM. GKIOXARI G. DOLLGR P, et al. Mask R-CNN
[C] // IEEE Transactions on Pattern Analysis and Machine In-
telligence, 2020, 42 (2): 386 - 397.

[7] LIU W, ANGUELOV D, ERHAN D, etal. SSD [C] // Sin-
gle shot multibox detector. Proceedings of the 14th European
Conference on Computer Vision, Amsterdam: Springer, 2016
21 -37.

[8] HAN K, WANG Y, TIAN Q. et al. Ghostnet: More features
from cheap operations [ C] // Pr-oceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, 2020
1580 - 1589.

[9] CHEN Q. GEORGANAS N D, PETRIU E M. Hand Gesture
Recognition Using Haar-Like Fe-atures and a Stochastic Con-
text-Free Grammar [J]. IEEE Transactions on Instrumentation
and Measurement, 2008, 57 (8): 1562 - 1571.

[10] KRIZHEVSKY A. SUTSKEVER I. HINTON G. ImageNet
Classification with Deep Convolutional Neural Networks []].
Advances in neural information processing systems, 2012, 60
84 -90.

(11 skECH. Sk YOLOVS i & gl ik m sk gk [J1. 3f
BHLRG N, 2023, 32 (6): 278 - 285.

[12] fid %2, 48 TL%. FET SE BBk Bt Xception f 3 4 F 2831
B0 SAUS S, 2020, 19 (2): 106 -111.

(18] ERZ. B . #H0fH. & 2T EE YOLOVS # i fL £k
Hed g TR Tr e L1 R IlEAR . 2022, 45 (2D
181 - 188.

C14] R, WiRFRE, 3. 4F. ST YOLOVSs i fk
SHREPIrE 1], 4l TR 24, 2023, 39 (11): 192
- 200.

L1503 B, BHIymaoR « SR 3K, T B YOLOVS e )
A T H ARSI ALY [J]. A g, 2023, 59 (2):
89 - 96.

BB MU www. jsjclykz. com



%9

kK. . T UG YOLOVSs 384 B it it 9 K il + 35 -

[16] Wk, M, EFE. 5. —& Yolovs HUHS 41k i1 /38
WARER I [J] BARH FH R, 2023, 46 (14): 56
-62.

[17] 3 W, D5, £ JR. B#F YOLOVS T8 ALY 148 i
HFrk M2 (J3x) [J]. Journal of Measurement Science
and Instrumentation, 2024 (1). 1-13.

[18] AR, XB &, E M, 5. SR YOLOvS-ResNet 4
Afns il or ik L1 Bh2#R 5 TR, 2022, 22 (30):
13406 —13416.

[19] WANG H, ZHANG S, ZHAO S, et al.

Real-time detection

and tracking of fish abnormal behavior based on improved

YOLOV5 and SiamRPN-+ + []J]. Computers and Electronics
in Agriculture, 2022, 192. 106512,

[20] NEUPANE B, HORANONT T, ARYAL J. Real-time vehi-
cle classification and tracking using a transfer learning-im-
proved deep learning network [J]. Sensors, 2022, 22 (10):
3813.

[21] WM. BRa k. skmssE. &, BT 5 WHHE S M AR
R 5 ERER Sk [T, REFDB2E, 2021, 42 (5): 867 - 867.

[22] sk b, M#ioc. & F it YOLOVS [ 38 B% 4 40 IR B 5
L. TGSk o 244l CH AR BES# RO . 2022, 40 (2): 49

—-57.

R39,239,229,299,039,239,293,099,239,293,093,239.239,293,039,239,293,099,239.299,093,939,239,093,099,239, 203,093,939, 209, 293,939,239, 299,033,939, 293,293,939, 299, 293,039,239, 299,033,939.299,033,039,239,293,039

CEHEEE 8 D

[37] YANG Y, LIANG H, YANG Y, et al. Cross-modal Attention
Network for RGB-T Tracking [C] //2021 3rd International
Conference on Advances in Computer Technology, Information
Science and Communication (CTISC), IEEE, 2021 341 - 346.

[38] CUI Y. JIANG C, WANG L, et al. Mixformer: End-to-end
tracking with iterative mixed attention [ C] //Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2022 13608 —13618.

[39] WU H. XIAO B, CODELLA N, et al. Cvt: Introducing con-
volutions to vision transformers [ C] //Proceedings of the
IEEE/CVF International Conference on Computer Vision,
2021, 22 -31.

[40] LIC, CHENG H, HUS, et al. Learning collaborative sparse rep-
resentation for grayscale-thermal tracking [J]. IEEE Transactions
on Image Processing, 2016, 25 (12): 5743 - 5756.

[41] LIC, ZHAO N, LU Y, et al. Weighted sparse representation
regularized graph learning for RGB-T object tracking [C] //
Proceedings of the 25th ACM International Conference on Mul-
timedia. 2017. 1856 —1864.

[42] L1C, LIANG X, LUY, et al. RGB-T object tracking: Bench-
mark and baseline [ ] .
106977.

[43] KRISTAN M, LEONARDIS A, MATAS J, et al. The eighth
visual object tracking VOT2020 challenge results [C] //Com-
puter Vision-ECCV 2020 Workshops: Glasgow, UK, August

Pattern Recognition, 2019, 96:

23-28, 2020, Proceedings, Part V 16, Springer International
Publishing, 2020 547 - 601.

[44] LIC, XUE W, JIA'Y, et al. LasHeR: A large-scale high-di-
versity benchmark for RGBT tracking [J]. IEEE Transactions
on Image Processing, 2021, 31: 392 - 404.

[45] JAMES P, DASARATHY V. Medical image fusion: A survey
of the state of the art [J]. Information Fusion, 2014, 19. 4
-19.

[46]1 WANG Z, MA Y, GU ]J. Multi-focus image fusion using PC-
NN [J]. Pattern Recognition, 2010, 43 (6); 2003 —2016.

[47] GHASSEMIAN H. A review of remote sensing image fusion
methods [J]. Information Fusion, 2016, 32; 75— 89.

[48] MA K. ZENG K. WANG Z. Perceptual quality assessment for
multi-exposure image fusion [J]. IEEE Transactions on Image
Processing, 2015, 24 (11): 3345 -3356.

[49] MA J, CHEN C, LIC, et al. Infrared and visible image fusion
via gradient transfer and total variation minimization [J]. In-
formation Fusion, 2016, 31. 100 - 109.

[50] DAVIS W, SHARMA V. Background-subtraction using con-
tour-based fusion of thermal and visible imagery [J]. Comput-
er Vision and Image Understanding, 2007, 106 (2 -3): 162
-182.

[51] TORABI A, MASSé G, BILODEAU A. An iterative integrat-
ed framework for thermal-visible image registration, sensor fu-
sion, and people tracking for video surveillance applications
[J]. Computer Vision and Image Understanding, 2012, 116
(2). 210-221.

[52] LU A, QIAN C., LI C, et al. Duality-gated mutual condition
network for RGBT tracking [J]. IEEE Transactions on Neural
Networks and Learning Systems, 2022,

[53] ZHANG P, ZHAO J, BO C, et al. Jointly modeling motion
and appearance cues for robust RGB-T tracking [J]. IEEE
Transactions on Image Processing, 2021, 30. 3335 —3347.

[54] TANG Z, XU T, LI H, et al. Exploring fusion strategies for
accurate RGBT visual object tracking [J]. ArXiv Preprint
ArXiv: 2201.08673, 2022.

[556] LU A, LIC, YANY, et al. RGBT tracking via multi-adapter
network with hierarchical divergence loss [J]. IEEE Transac-
tions on Image Processing, 2021, 30 5613 —5625.

[56] KRISTAN M. MATAS J, LEONARDIS A, et al. The sev-
enth visual object tracking vot2019 challenge results [C] //
Proceedings of the IEEE/CVF International Conference on
Computer Vision Workshops, 2019.

[57] GUO C, YANG D, LIC, et al. Dual siamese network for RG-
BT tracking via fusing predicted position maps [J]. The Visual
Computer, 2022, 38 (7). 2555 —2567.

BB MU www. jsjclykz. com



