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Lightweight Object Detection Algorithm for Electric Meter Calibration Line
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(1. Marketing Service Center (Metering Center), State Grid Shandong Electric Power Co. Ltd., Ji’nan 250001, China;2. School of
Information Science and Engineering, Shandong University, Qingdao 266237, China)

Abstract: In the industrial production line scenario, target detection technology with visual information has
become a new hotspot for intelligent production, providing decision-making information for fault detection
and elimination. In response to issues such as target occlusion and dense arrangement of small targets in the
electric energy meter production line inspection scenario, this study proposes a lightweight target detection
algorithm based on YOLOvVS8n. By introducing the O-GELAN module, the algorithm achieves richer
feature levels while maintaining low computational complexity. The neck architecture of feature collection,
fusion, and distribution, along with the channel position attention mechanism, enables cross-layer feature
fusion. Furthermore, a re-parameterized convolutional detection head is employed to enhance detection
efficiency. Experiments conducted on field-collected production line data demonstrate that the improved
model’ s mAP (0.5) and mAP (0.5: 0.95) have reached 0.994 and 0.828, respectively, with a detection
speed of up to 111.5 frames per second. This meets the high precision and real-time requirements of
industrial scenarios and can provide auxiliary decision-making for fault elimination.
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Fig.1 Structure diagram of improved YOLOv8 model
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Fig.2 Structure diagram of O-GEL AN module
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Fig.3 Structure diagram of feature collection module
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Fig.5 Structure diagram of feature allocation module
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Table 1 Distribution details of each label in
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Fig.8 Example images from various angles in Tray 688 0 763 1451
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4L (Floating point operations, FLOPs) LA K 3 F0 &b B i 1 (Frames per second, FPS) .
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1 n
AP =— AP, 13
m » > AP, (13)
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h TR AT YOLOVS #7817 R0k, T PR X L3280 . —J& 5 YOLOV8 R4, AS Al fk &2
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B2 S RERLHEAT AT L, B 7R 30 TEASE AR A B X R K 2k H AR RUBE 22 5Ok H bR R 5 95 42 HE A [
A RO
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Table 2 Comparison of experimental results with YOLOVS series models

A A Precision Recall mAP(0.5) mAP(0.5:0.95) Parameters/10° FLOPs/10’ FPS
YOLOv8n 0.974 0.974 0.990 0.815 3.0 8.1 240.9
YOLOvVSs 0.965 0.979 0.988 0.825 11.1 28.4 162.9
YOLOv8m 0.977 0.975 0.990 0.825 25.8 78.7 109.8
YOLOvS-1 0.971 0.978 0.988 0.826 43.6 164.8 65.8
YOLOvS8-x 0.969 0.980 0.989 0.825 68.1 257.4 48.4

KNS @RS 0.968 0.980 0.990 0.827 6.3 8.7 111.5

H1 2% 2 a] 0, T 1 B0 05 35 A mAP(0.5) AT mAP(0.5:0.95) b A9 & Bl S 2 Y, 43 ) 3K 31 0.990 AN
0.827, 28 & R M o X R LR YOLOvVS8, 4 3L J5 ¥ 7F Recall HlmAP(0.5:0.95) 40l #& 7+ T 0.6 %
FI1.5% . XF e RIEDF 1 YOLOV8m, 4 i J7 i . 7E Recall F1 mAP(0.5:0.95) I 43548 % T 0.005
50.002, R4 TE Precision |, 2t #F YOLOVS B AL FEAK T 0.9 % , {H H 2 ¥ 1 FLOPs &1 43 51 ik #1) K
24.4% MI11.1% FERAER] T B A, [ YOLOVS Z 5148 i % e 5256 45 540 14 9 Fir s o

2

o 4

YOLOVS-x  ASChiE

3 ST | P P | T i | e A |
HALhR% YOLOvV8-n YOLOVS-s YOLOV8-m YOLOV8-1

K9 5 YOLOvS FRFIAI S 45 B X b

Fig.9 Comparison of experimental results with YOLOvVS series models
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3.3.2 LHHAMERESFT G En
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HEDETR™ 5 RT-DETR™, X} L5250 45 51055 3 s .
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Table 3 Comparison of experimental results with other deep learning methods

B mAP(0.5) mAP(0.5:0.95) Parameters/10° FLOPs/10’ FPS
FasterrRCNN 0.947 0.628 41.3 209.1 41.4
Cascade-RCNN 0.975 0.759 69.1 389.3 24.0
DAMO-YOLO 0.952 0.444 8.5 18.1 112.6
GOLD-YOLO 0.984 0.788 5.6 12.1 119.3
DETR 0.980 0.707 36.7 91.3 44.6
RT-DETR 0.983 0.803 31.9 103.4 106.7
AT 0.990 0.827 6.3 8.7 111.5

Y 26 3] A1, AR SO ik b H R B R 2 2 A mAP B AR, 7E L RE R TR KR H bR
KA 45 b, A SC7 ¥ AE mAP(0.5) EXF I GOLD-YOLO #2551 0.6% , i £ mAP (0.5:0.95) b X [t
RT-DETR W4 & T 3.0%0 , A6 IN0KS B2 $2 7 B 8 o 1 e 455 A0 0k it )y T, T 4R B8 HLOA (IR 19 FLOPs, 28K
LR T GOLD-YOLO, B Z AU T 0.7 M, FPS WAR 15 110 LA b, 8 (KM e e AR I, 4% A 1Y
14 % L S 56 285 AN 181 10 B .

3

ve 2 % ]
AR Faster- Cascade- DAMO- GOLD- AT
RCNN RCNN YOLO YOLO DETR

P10 5 AR 24 o) 5 e S 45 SR X 1L

Fig.10 Comparison of experimental results with other deep learning methods
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#5 M YOLOVSHIERLIAL R
Table 5 Results of ablation experiments for improved YOLOvVS

Y Class  Precision Recall mAP(0.5) mAP(0.5:0.95) Paramters/M  FLOPs/G FPS
All 0.974 0.974 0.990 0.815
Robot 0.982 0.969 0.989 0.863
YOLOv8—n 3.0 8.1 240.9
Tray 0.948 0.984 0.986 0.762
Box 0.991 0.970 0.994 0.821
All 0.966 0.972 0.988 0.816
Robot 0.987 0.948 0.983 0.868
A 2.5 6.8 184.3
Tray 0.929 0.990 0.988 0.764
Box 0.980 0.978 0.993 0.815
All 0.963 0.980 0.990 0.818
Robot 0.972 0.973 0.990 0.867
B 5.6 9.0 118.0
Tray 0.938 0.993 0.986 0.766
Box 0.980 0.975 0.994 0.822
All 0.970 0.976 0.989 0.824
Robot 0.979 0.970 0.991 0.880
C 5.6 9.2 106.8
Tray 0.951 0.987 0.984 0.757
Box 0.981 0.970 0.993 0.834
All 0.968 0.980 0.990 0.827
Robot 0.979 0.973 0.988 0.883
ARIT5 6.3 8.7 1115
Tray 0.945 0.987 0.986 0.769
Box 0.980 0.981 0.994 0.828

5 7 3 K 2k R 855 v, Tray (14 %% A HE 1) (v 8500158 24 1] RSUAH 6T B0 Jom 7™ o, R 00KG B2 32 PR T A S 6 o, 454
READ () HEFR 45 R A 11 s

255 11 HEAT A3 BT, N R ASEER A 4 O 1) 0RO 58 4 — B0, 8 MR R T — AU . X T
O-GELANBEHOR 3, BAIYE mAP(0.5:0.95) 1R T 0.001 Ay 42 i L HHAE Tray H#5 LY Recall mAP
(0.5) M mAP(0.5:0.95) 4845 43 42T 7 0.6% .0.2% F0.3% ., %IEXE1F35 T O-GELAN B 55 il 2%

= e . = LT

K11 2ok YOLOVS 14 74 il 52 36 45 3 %6F 1

Fig.11 Comparison of ablation experimental results for improved YOLOvV8
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CEohRE YOLOVS-n A A C
BT BT M I S TR

13 AFBRTEHE R B AR 1 EigenGrad CAM 7] # 4k 25 S 151

Fig.13 EigenGradCAM visualization results of different modules on occluded targets
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