lﬂwm“@”ﬁww moF oW R B A 49 % 2 W

ELECTRONIC MEASUREMENT TECHNOLOGY 2026 £ 1 H

DOI:10. 19651/j. cnki. emt. 2518992

it YOLOVSn BB E AR MM RS

B R44
(FMKFEA 5428 TEFK M 450001)

W OE: M RBEE 2R R UGS (8 IR P 3R 5 A Y )L, AR BRI T — A BT E-YOLOv8n
RIS R I RS, RGN Bk USB A8 Sk R M MUA , 38 20 E-YOLOvSn 5 Y (1) 1 53 28 o 447 92 i B A 4G
I 330 AR A R R 2 . R E-YOLOvSn A5 B g 4% .0 3540, FEee A0 T - 1 56 . M Ak 4% 45 4 L R
DSConv H A4 B T W 2% K 1] P5 4t B AR N 45 3157 90 4% 5 Hk L 3 DSPPF Kb, #1285 22 KB R AE b & 58 1 0F B G 3
A 5 TR A T 45 AR S A Coord ¥ 78 1 AL BB 58 5 A A 1 28 ) R AR DG B4R A0 01 ok 35 5 T35 o) R
Rtk LWD S8, (RIS MRS BEOF IR m AR BT AR, BT B F PR, LA R R E
YOLOv8n # 8 541l YOLOv8n BEEUAH LL 7157 4 . S Hioid R R KN 43 B BRAIR T 53. 8%0.32. 8%0.52. 4 %0, K ff J3E 42
TE 1. 7% B TP RE Y [] I U 4 kA, (58 TR G ) S B T T AT R IR 2 KR A B A T

8 AP YOLOVS; DSConv; DSPPF Bl ; Coord ¥ & S LI s LWD i bk

RE S %S TP391.41; TN919. 8 XERARIRAD: A E R EZERSEKRE: 510. 10505 510. 5010

Optimized YOLOv8n-based lightweight car key detection system

Chen Congming Li Junjun

(School of Electrical and Information Engineering, Zhengzhou University,Zhengzhou 450001, China)

Abstract: In order to address the challenge of inefficient and difficult visual identification and localization of car keys in
complex home environments, this paper designs a real-time detection system based on the E-YOLOv8n model. This
system captures video streams through a wireless USB camera, performs real-time object detection using a computing
terminal equipped with the E-YOLOv8n model, and feeds back the detection results via an audio alarm module. The E-
YOLOv8n model is the core component of the system, incorporating several key improvements: first, the network
structure is optimized by reconstructing the backbone network with DSConv and streamlining the P5 output to reduce
computational redundancy. Second. a DSPPF module is designed to enhance multi-scale feature fusion while reducing
computational cost., Third, a Coord attention mechanism module is embedded at the end of the backbone network to
focus on key features through coordinate attention and suppress background interference. Finally, a lightweight
detection head, the LWD module, is adopted to maintain detection accuracy while improving computational efficiency.
Based on a self-constructed car key dataset, experimental results demonstrate that compared to the original YOLOv8n
model, the E-YOLOv8n model reduces computational load, parameter count, and model size by 53. 8%, 32. 8% and
52. 4%, respectively, while improving precision by 1.7%. These enhancements achieve significant lightweighting
while boosting performance, making it more suitable for deployment on resource-constrained devices commonly found
in home environments.
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Table 2 Comparative experiments of different algorithms
RS mAP@0.5/% P/ % R/ % Parameters/10° GFLOPS Model size/ MB
YOLOv3-tiny 98. 56 98. 30 96. 63 12.13 19. 04 23.24
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YOLOv10n 97.08 95.90 91. 67 2.71 8. 39 5.48
YOLOI11ln 99. 50 99.91 100 2.59 6. 44 5.21
ours 99. 50 99. 89 100 1. 39 5. 50 2.83
x3 HEXI
Table 3 Ablation experiment
DSConv  DSPPF LWD CoordAtt mAP@0.5/% P/% R/%  Parameters/10° GFLOPS Model size/ MB
X X X X 99. 48 98. 26 100 3.01 8.19 5.95
N/ X X X 99. 50 98. 31 100 1.63 6.91 3.29
X N X X 99. 50 99. 82 100 2.98 8. 17 5. 89
X X N X 99. 50 98. 80 100 2. 50 6. 57 4.98
X X X J 99. 50 99.52 100 3.02 8. 20 5.97
N J X X 99. 50 99. 98 100 1. 60 6. 89 3.23
NG N N X 99. 45 98. 36 99. 98 1. 38 5. 50 2.82
v/ / / N 99. 50 99. 89 100 1. 39 5.50 2.83
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