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Fig.1 Bird’s nest images
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Tab.1 Model training environment configuration
Name Type
System Linux64 Ubuntul4.04
Language Python3.5.2
CPU Intel 17-7700, 16 GB
GPU NVIDIA GeFore GTX1060, 6 GB
Memory 8 GB
RAM 16 GB
Hand disk 256 GB
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2
Tab.2 Comparison of training results of model

mA Pl% FPS frame/s
Faster R-CNN 86.15 9.91
SSD 88.17 15.09
YOLO 80.16 21.52
DSSD 90.12 12.90
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Fig.5 DSSD model recognition results
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Tab.3 Result iomparison of transfer learning model
mA Pl% FPS frame/s
Faster R-CNN 88.13 10.47
SSD 90.12 16.14
YOLO 83.75 22.56
DSSD 92.35 13.87
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. FPS s , o
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Fig.6 Recognition effect of migration learning
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Research on Recognition and Detection of Catenary Bird’s
Nest Based on DSSD

Zhou Jun,Chen Jianyun

(School of Electrical and Automation Engineering, East China Jiaotong University, Nanchang 330013, China)

Abstract . With the rapid growth of China’s electrified railway mileage, the safe and stable operation of catenary
is facing tremendous pressure, so it is of great significance to monitor. In this paper, the avian hazards affecting
the normal operation of the catenary of electrified railway were studied. Through the analysis and comparison of
different depth learning models, DSSD model was selected to automatically identify the catenary of high—speed
railway. At the same time, this paper used transfer learning method and Caffe platform to improve the general-
ization and stability of bird’s nest recognition training network by fine—tuning the trained DSSD network under
the condition of insufficient data set. The trained model has faster recognition speed and better robustness, which
has important reference significance for the safe and stable operation of OCS.

Key words;-DSSD network: hird nest recognition; transfer learning; deep learning



