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Research on pantograph target recognition and
localization algorithm based on adaptive frequency reduction convolution
SUN Ming
( Shanghai Metro Maintenance and Guarantee Co. Ltd., Power Supply Branch, Shanghai 201106, China)

[ Abstract] Localization of structural regions in pantograph videos is the core and key to solve the problem of pantograph state
detection using image processing technology. In this paper, a new algorithm for pantograph target recognition and localization based
on adaptive frequency reduction convolution is proposed. First, The pantograph image is imported to a multi-scale level module,
and the low —level features and high—level semantic features of the image are extracted simultaneously by the adaptive down—
convolution and OctConv layer in the module. Secondly, the paper realizes the fusion of multi—scale features at each stage by
constructing a cross—layer fusion strategy. Finally, a large number of effective experiments are carried out to verify the method in
this paper by constructing a data set of pantograph images. The experimental results show that the method is able to obtain accurate
localization and segmentation results for different pantograph video data in different complex scenes, and has obvious superiority and
robustness compared with other algorithms.
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Fig. 1 Schematic diagram of target salience detection in pantograph

images
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Fig. 2 Schematic diagram of OctConv layer implementation details

[T, OctConv )22 {XU DA R (1) 1 451 AR A5 25 1]
FRUBEHE B o g A o i R AT 4 BURAE AL B] oAy
s 2 ROEE B AR IR 55 th R0 Ay . PRI
filt b AN SCHR Y — ol BEOA0 5235 1) 1 33 AR A AR
B, T LU 22 RUBE Y BEUHGOA [a] 25 8] RUBE A AR 5K
el AR BRS04 Al 3 R
15 R B
S~ HBM

_________________________ ®
] . :
it b

: R
LA '

B3 BiEMERERELERER
Fig. 3  Implementation schematic diagram of adaptive down —

frequency convolution layer
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Fig. 4  Structure diagram of visual saliency network based on

adaptive down—frequency convolution
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Fig. 5 Schematic diagram of significance detection results of

pantograph target region
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Fig. 6 Schematic diagram of accuracy, recall rate and F curve of

various significance detection algorithms
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Tab. 1 Performance comparison of various algorithms

P FEFR  The proposed EDR BAS POOLNet
S1H 0.741 0.739 0.740 0.733
Eff 0.954 0.949 0.955 0.902
F1H 0.791 0.774 0.777 0.688

FRCEH 0.887 0.868 0.869 0.834
MAE 0.012 0.021 0.022 0.035
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