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Substation pointer meter detection model based on SRPMNet
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(1. College of Electrical and Power Engineering, Taiyuan University of Technology, Taiyuan 030024, China;

2. Shanxi Key Laboratory of Advanced Control and Industrial Intelligence, Taiyuan 030024, China)

Abstract: With the rapid development of power system intelligence and unattended substations, intelligent inspection
robot play an increasingly important role in equipment operation state perception and safety monitoring. Aiming at the
problems of missed detection and false detection in the meter detection process of the inspection robot in the substation
environment with complex lighting conditions and changing target scales, this study proposes a pointer meter detection
model of substation intelligent inspection robot (SRPMNet). By constructing the average pooling down sampling
(ADown) module, the computational complexity is reduced and the detection accuracy of the small target meter is
improved. A lightweight attention mechanism is designed to highlight key feature information and suppress irrelevant
background interference. In order to further improve the accuracy and feature expression ability of pointer meter
detection in complex environment of substation, this study constructs an auxiliary detection head strategy. At the same
time, the wise complete intersection over union (Wise-CloU) is proposed in the boundary frame regression process to
improve the positioning accuracy and convergence stability of the model in the complex background of the substation.
This study builds a substation intelligent inspection robot platform for data collection. The experimental results show
that the mAP@0. 5 index of the model on the self-built substation pointer meter dataset and the public industrial meter
dataset reaches 91.7% and 90.4%, respectively, which is 3.0% and 5.3% higher than the baseline model. It
effectively solves the problem of missed detection and false detection, and provides effective technical support for
substation intelligent inspection tasks.

Keywords: substation intelligent inspection robot; pointer meter; object detection; average pooling down sampling;

attention mechanism;auxiliary detection head; Wise-CloU
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IR CUDA 12.1 $# 4t GPU ik , 455 B3I 45 48 32 15
Linux #AE R G 09 i M RETTHE - & B AT, B0 B E 4
HA 12 G B NVIDIA GeForce RTX 3060 GPU, 1] 52
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Table 1 Performance comparison of different models on the SPMD dataset

F A P/% R/% mAP@0.5/%  mAP@0.5:0.95/% F./%  Params/(X10°)  FPS/fps
YOLOv5 91.7 86.7 91. 4 68. 6 89.1 2.5 81.6
YOLOvS8 95. 3 82.1 90. 4 67.5 88. 2 3.0 80. 9
YOLOv10 89.1 81.2 86. 4 63.5 84.9 2.7 77.6
YOLOv11 95. 1 81.2 88.7 64. 4 87.6 2.6 78.3
YOLOv12 91.7 80. 1 87.7 62. 3 85.5 2.5 75. 8
SRPMNet 94. 0 86. 9 91.7 65. 8 90. 3 2.5 72.4
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# T 3.5%. SRPMNet £ JLT- i 5 #8 b5 1 #1358 T & 0k
R T M AR, O B L EK IR T YOLOv8 Al
YOLOvV11 A7 A F 2R b 8 2 08 F i % b B, B A
SCHTHR T A R i T R Y A R AR AR U 7 25 R, B e D
T ARG I 3 B v U R I . TR R S AR SR R R
AR RGBT, ST RO B Y AR TS [ A 2
JEE AT B8 TG 2 A BE AR BL AR N FE AR L3 IR BT T 09 ST A AR

SEMEXT g AN 6 FToR . AR IE AT &5 AR, 7ok BE
SRR B RERMMNE B E IR T, AR

i) SRPMNet B8 B8 A 45 22 Fi 53 2% 25 A4 PR e 1 38 41
AL B AR P GE, RIS RS S Z kR T,
AR T B 7 R A AR A I 3 B b B B T R S
TRAG AR, S AR AT LA N AE AR L B 24 IR B T S B
1R R SRS I R (L T AT A A R S
2.5 HBMEBRS5HH

1) B e I it 552 56

S BSEASHIE 5T T 25 A SO AR S B A S50 B I B ) AR
H AR SCHAE @ SPMD 8R4 BT T — R A0 e S0 0,
FA SER A LL YOLOv12 S FEZE A (Baseline) , 76 48 [ 1Y
SIS E R, 4 351 A ADown #E 4l B A T Sk |
SimAM, Wise-CloU S8 e SR [ A S A L 43 17 4%
B Xof 5 6D M R Y 2 ST ST R S P R RCR . BRI A5 R
R 2 FroR, Hdh e/ 7 ROR Y TS b TG R A e



549 % v F ol

wr A

=

\INS N

(a) RIRER
(a) Original images

(b) YOLOVI2A #l 45 5
(b) YOLOV12 test results

(c) SRPMNeth Jlll 45 5
(c) SRPMNet test results

6 5 E A AT I T AL 25 2R

Fig. 6 The visualization results of pointer meter detection
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Table 2 Ablation experiment of each module

Adown DetectAux SimAM Wise-CloU P/% R/% mAP@0.5/% mAP@0.5.0.95/% F,/% l(jizallz)l:)/ FPS/fps
Baseline 91.7 80.1 87.7 62.3 85.5 2.5 75. 8

J 88.7 84.4 88.5 63. 4 86. 5 2.1 78.9
J 91.5 83.5 89. 4 62.1 87.3 3.0 69. 2

N 91.0 81.4 90. 1 62.9 85.9 2.5 73. 4

J 92.3 81.2 89. 3 62.5 86. 4 2.5 75. 6

J J 93.9 85.2 91. 0 65. 2 89. 3 2.5 72.8
N N 93.2 82.1 90. 6 65.7 87.3 2.1 76.0
J J 89.3 84.4 90. 2 63.1 86. 8 2.1 78.5
J J J 93.6 85.1 91. 6 65. 9 89.1 2.5 71.2
N N N N 94.0 86.9 91.7 65. 8 90. 3 2.5 72. 4
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Fig. 7 The ablation experiment learning curve
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Table 3 Comparison of different attention modules

(%)

HEOESR P R mAP@0.5 mAP@0.5:0.95
CPCA 94.7 84.0 90. 6 65. 1
MLCA  97.5 81.9 89. 8 64.9
MPCA  96.2 82.7 89. 6 64.9

Triplet

Attention 96.9 83.3 90. 7 64.5
SimAM  93.6 85.1 91. 6 65.9

ANFEE B — R DR T TR RE L
BTF IR B AE 7R 22 B, SImAM K H fE mAP @ 0.5 #
mAP@0. 5:0. 95 F845 £ 40535 £ 91. 6 % A1 65. 9% . ¥
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ki . SImAM LR85 = A o 22 00 [R) B, A9 [l R 4R T
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Table 4 Comparison of different loss functions
(%)
mAP@0.5 mAP@O0.5:0. 95

P51 2K PR p R

WISE-IOU 93.4 82.7 90. 1 65.1
WISE-DIOU 95.6 84.1 91.1 66.0
WISE-EIOU 92.0 85.0 90. 6 65. 2
WISE-GIOU 95.5 85.5 90. 9 64.6
WISE-CIOU 94.0 86.9 91.7 65.8
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Table 5 Performance comparison of different models on the IMD dataset
R P/%  R/%  mAP@0.5/%  mAP@0.5:0.95/% F,/%  Params/(X10°) FPS/fps
YOLOVS 88.2 85.5 89.7 66. 8 86. 8 2.5 76.5
YOLOv8 92.5 79.3 87.3 64.1 85.4 3.0 75.4
YOLOv10 87.6 78.7 83.9 62.7 82.9 2.7 70. 8
YOLOvI1 91.7 80. 6 88.2 61.8 85.8 2.6 72.2
YOLOv12 90. 4 77.4 85.1 60. 2 83.4 2.6 68.9
SRPMNet 92.2 85.9 90. 4 64.2 88.9 2.5 66. 7
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