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Abstract: To address the issues of high miss rates for small targets, severe interference from complex backgrounds, and the inability of
existing models to balance accuracy and efficiency in infrared detection of thermal defects in smart electricity meters and their junction
boxes, we propose a lightweight smart electricity meter target detection algorithm, YOLO-MCSL, based on an improved YOLOv8s
architecture. This algorithm aims to meet the urgent need for real-time detection in power field inspections. First, the MobileNetV4
lightweight network is adopted as the backbone to significantly reduce the number of model parameters and computational overhead.
Second, the CCFF cross-scale feature fusion module from the RT-DETR model is introduced to enhance the detection capability for multi-
scale small thermal defects. Subsequently, a lightweight C2f_Star module is designed to replace the original C2f structure, further
compressing the model and improving feature extraction efficiency. Additionally, we construct the LSCD lightweight shared convolution
detection head, which reduces redundant computation through parameter sharing. Furthermore, we combine the Focaler-SloU loss
function to optimize the bounding box regression process, enhancing the differentiation between easy and hard samples. Finally, we apply

a layer-wise adaptive amplitude pruning algorithm to structurally prune the model, achieving a balance between performance and
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lightweight design. Experiments were conducted on a self-constructed infrared image dataset of thermal defects in smart electricity

meters. The results show that in the detection of three key components—junction boxes, battery modules, and displays—the detection
accuracy of YOLO-MCSL reached 91. 6% , 99.2% , and 99. 5% , respectively, with an overall mAP@ 0.5 of 97. 9% . Compared to the
YOLOv8s baseline model, the number of parameters was reduced to 1. 749 M (a reduction of 84.3 % ), computational complexity was

reduced to 5.7 GFLOPs (a reduction of 80.2% ), and model memory usage was reduced to 3.8 MB (a reduction of 82.3% ). This

method provides a high-precision, lightweight, and embeddable solution for smart electricity meter defect detection, showing promising

prospects for engineering applications.
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Fig. 1 Experimental platform
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Fig. 3 Visualization of thermal defect dataset
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Fig. 10  Pruning process based on layer-adaptive magnitude
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Table 1 Comparison of different models

3.3 HREAE
T FESHBIE YOLO-MCSL (A 80t I R GEIPAG %

LAY BR/NMB - mAP50/%  mAPS0:95/%  FPS PR EROT J5 REASE AR (74 P B DTk, IR B AR 50 E 5
YOLOv8n 6.0 0.986 0 0. 765 2260.5 E%,%’%éﬁiﬁﬁﬁﬁé}ﬁﬁj\j 5 /I\?ﬂﬁk%ﬁﬁ’ﬂ:ﬁ?ﬁ Hﬁ;@gﬁ
YOLOVSs 21.5 0.988 0 0.780  1062.3 1) 571 MobileNetV4 18 CSPDarkNetS3 iy T T4#4L #

W4 52) 51 CCFF FRAEREARIEE;3) i C2f_Star AHR
YOLOv8m 52.0 0.988 0 0. 798 405.2 BRI C2f i, 4) (] LSCD Kl S B 1% Bk o Ko
RT-DETR-I 56.3 0.990 0 0.748 179. 8 M3k ;5) 51 A Focaler-SloU #14x Ze 4 Ji it 2< CloU, H13E 2
RT-DETR-x 129. 1 0.990 0 0.747 116.5 TH R S 505 SR T T S e A SR W AE AR TR B0 1 3 [ L
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Table 2 Ablation experiments
P Beilsi AR SR LI NIN APSO/Y. s
%' MobileNetV4 ~ CCFF  C2f_Star ILSCD  Focaler-SloU ~ GFLOPs /MB

A 28.4 11.128 21.5 0. 988 1076.5

B v 8.0 4.299 8.5 0. 983 1799.5

C vV 23.0 7.259 14.1 0. 987 1234.6

D 2 v 13.5 4.789 9.5 0. 987 1563.5

E v vV vV 12.9 4. 668 9.2 0. 988 1410.3

F Vv Vv Vv 2 11.4 3.790 7.5 0.985 1431.4

G 2 v vV VvV 2 11.4 3.790 7.5 0. 988 1 436. 1
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Table 3 Comparison of effects of different pruning

strategies on the improved model

PRI, S8 BRIV

RS mAP50/%  FPS
GFLOPs M MB

LAMPI. 5 7.6 2.143 4.6 0.989  1580.5
LAMPI. 6 7.1 2.032 4.4 0.989  1590.3
LAMPI. 7 6.6 1.935 4.2 0.988  1603.1
LAMP1. 8 6.3 1.868 4.0 0.987 1612.5
LAMP1.9 5.9 1. 809 3.9 0.98  1618.7
LAMP2. 0 5.7 1.749 3.8 0.979  1634.1
LAMP2. 2 5.2 1. 668 3.6 0.936 16423
LAMP2. 4 5.1 1. 663 3.6 0.657 1650.7

X b S 2 R E I B AR YOLO-MCSL 5 % il 6 il
K EEm St T AR (AR B S0 TR s B
AT KNS A B35 8 35 8 F Faster R-CNN, YOLOv5s .
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Table 4 Results of comparative experiment

Hi A mAP50:95/% mAP50/% FPS S/ 7 T H A/ GFLOPs BERIF/ N/ MB
Faster R-CNN 0. 662 0. 994 48.24 137.099 370. 21 522.99
YOLOvSs 0.783 0. 988 718. 05 9.113 23. 80 17.70
YOLOv11s 0.797 0.990 999. 70 9.415 21.30 18.30
RTDETR-1 0. 740 0. 988 180. 90 28.454 100. 60 56. 30
YOLO-MCSL 0. 720 0.979 1634.10 1. 749 5.70 3.80
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(a) Faster R-CNN detection results
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(¢) YOLOv11s detection results

(b) YOLOV5 sk Il 45 5
(b) YOLOVS5s detection results
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(d) RTDETR-I detection results
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(e) YOLO-MCSL detection results
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Visualization of detection results

Fig. 11
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