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Three-Dimensional Object Detection in Substation Operation Scene
Based on Attention Mechanism

Gao Wei', He Boyang', Zhang Ting’, Guo Meiqing®, Liu Jun®’, Wang Huimin®,
Zhang Xingzhong”
'Internet Department, State Grid Shanxi Electric Power Company, Taiyuan 030021, Shanxi, China;
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Abstract The perception of the spatial distance between operators and dangerous equipment is a basic safety
management and control task issue in a substation scene. With the advancement of lidar and three-dimensional (3D) vision
theory, 3D point cloud target detection can provide necessary technical assistance for downstream spatial distance
measurement tasks. Aiming at the problem of inaccurate target detection caused by factors such as complex background
and equipment occlusion in the substation scene, based on the PointNet+ -+ model, an improved attention module is
introduced in the local feature extraction stage, and a 3D object detection network PointNet suitable for substation
operation scene is proposed. First, the network undergoes a two-level local feature extraction to obtain fine-grained
features in each local area, then encodes all local features into feature vectors using a mini-pointnet to obtain global
features, and finally passes through the fully connected layer to predict the results. Considering the large gap between the
number of front and background points in the cloud data of substation sites, this study calculates the classification loss
using focal loss to make the network pay more attention to the feature information of the front points. Experiments on the
self-built dataset show that the PowerNet has a mean average precision (mAP) value of 0.735, which is greater than
previous models and can be directly applied to downstream security management and control tasks.
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Table 1 Comparison of effects of different combinations of attention on network performance

Point- Parallel Serial
Channel-direction o
) direction AP AP
attention . mAP mAP
attention Pedestrian Transformer Pedestrian Transformer

Two-layer MLLP 7 X7 filter 0. 550 0.776 0.663 0.572 0.797 0. 685
Two-layer MLP 5X5 filter 0.559 0.781 0.670 0.576 0. 800 0.688
Four-layer MLP 7 X7 filter 0.572 0.794 0.683 0.591 0.849 0.720
Four-layer MLP 5X5 filter 0.579 0.802 0.691 0. 602 0. 867 0.735

F2 LRI

Table 2 Choice of attention structure

Channel-direction attention Point-direction attention AP
(four-layer MLP) (55 filter) Pedestrian Transformer mAP
- - 0.545 0.775 0. 660
v - 0.572 0.790 0.681
- v 0. 560 0.779 0.670
v v 0.602 0. 867 0.735
3.3.3 A BHwkF 3 WK EE LR
o T TR 40505 e B BORE BERL K W Table 3 Choice ofloss function
BB S SR RSB A D HBUE R Crom o AP
B AT S SR A R 3. IR 3R LIE entropy loss  loss  Pedestrian  Transformer mAP
ST 1145 25 9002 B 2 B R L mAP T T y T
L5 B BV 3 O B T ) e v o

55 5RBOR AP IR B0, SR AR AR R e RO
IR PP EA R
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Table 4 Performance comparison results of mainstream detection models

AP
Method Model mAP
Pedestrian Transformer
PIXOR"™ 0.527 0.755 0.641
3D to 2D
Complex-YOLO™" 0.533 0.779 0.656
o Vote3Deep'” 0.537 0.733 0.635
Voxelization )
VoxelNet' 0.531 0.802 0.667
PointNet'” 0. 540 0.762 0.651
Original point cloud PointNet+ % 0. 545 0.775 0. 660
Proposed method 0. 602 0. 867 0.735
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