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Image recognition method of anti drone system based on

coordinate attention mechanism

Xue Shan'*, Chen Yuchao', Lv Qiongying'", Cao Guohua’

(1. College of Mechanical and Electrical Engineering, Changchun University of Science and Technology, Changchun 130022, China;
2. Chongqing Research Institute, Changchun University of Science and Technology, Chongging 400000, China)

Abstract: Anti drone system is an effective way to identify and attack the "black flying" drone. Image
recognition drone is one of the keys of anti drone system. Aiming at the problems that the samples collected from
drones are small samples, the features are not enough and the recognition accuracy is not high enough, an image
recognition method of anti drone system based on transfer learning, dense convolutional network and coordinate
attention mechanism was proposed. Firstly, a variety of drone images in different backgrounds were collected by
using self-made device, and data samples were set up; Secondly, the network TL-CA4-DenseNet-121 based on
transfer learning, coordinate attention mechanism and dense convolutional network, the network TL-SE4-
DenseNet-121 based on channel attention mechanism were designed to identify small samples. The designed
network was used to identify small samples and compare. The network recognition experiment of coordinate
attention module and channel attention module based on different positions and different numbers were carried

out respectively; Finally, the network with the best recognition effect was compared with the classical
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convolutional neural network models. The experimental results show that the proposed TL-CA4-DenseNet-121

network has better recognition effect than other networks, and the average accuracy of recognition is 97.93%, F1-

Score is 0.982 6 and training time is 6832 s. It shows the superiority and feasibility of this network in identifying

small sample drones.

Key words: drone;  image recognition;
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Fig.8 Experimental scene pictures
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Fig.11 Training results of DenseNet-121
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Fig.12 Complete training results of TL-CA4-DenseNet-121

3 1.000 @

§ 0975 Promeg, o oo o KN £ S

£ 0950 | ﬂ“wrfliwwmrfvﬁ‘”‘“‘“'“

Z 0925 t :

% 0.900 |

> 0.875 | ——TL-DenseNet-121

g 0850 r . 71 SEl-DenseNet-121

§ 0.825 | . TL-SE4-DenseNet-121

2 0.800 L . - s - :
0 10 20 30 40 50

Epoch

3 1.000 z

g 0975 -(b..)-’ e A P A

£ 0950 | AR PR A

= 0925 | 1

% 0.900 |

= 98751 11 DenseNet-121

g 0850 F__ T _SEl-DenseNet-121

§ 0.825 | . TL-SE4-DenseNet-121

2 0.800 L . - s - '
0 10 20 30 40 50

Epoch

El 13 ZF % MTHIIZE . (a) A SE Block (9 R4 5T Hi i 285
(b) LA CA Block 1255 e il £k

Fig.13 Comparison curves of various networks. (a) Network comparison
curves introduced by SE Block; (b) Network comparison curves

introduced by CA Block
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Tab.2 Comparison results of different networks

Average accuracy F1-Score Training time/s

TL-DenseNet-121 95.24% 0.9345 4985
TL-SE1-DenseNet-121 95.85% 0.9375 4984
TL-SE4-DenseNet-121 96.84% 0.9686 6362
TL-CAl-DenseNet-121 95.70% 0.9490 5602
TL-CA4-DenseNet-121 97.93% 0.9826 6832
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Fig.14 Comparison curves of various models
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Tab.3 Comparison results of different models

Average accuracy F1-Score Training time/s

TL-AlexNet 94.06% 09151 1219
TL-VGG-16 94.49% 0.9244 6002
TL-ResNet-152 95.42% 0.9345 9023
TL-EfficientNet-B0O 92.59% 0.8853 3388
TL-CA4-DenseNet-121 97.93% 0.9826 6832
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