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Improved RetinaNet

Cheng Lu', Liu Jiawei’, Zhou Qingzhong', Zheng Yuchao', Liu Wei'

(1. School of Information and Software Engineering, East China Jiaotong University, Nanchang 330013, China;
2. College of Mathematics and Computer Science, Pingxiang University, Pingxiang 337055, China)

Abstract: [ Objective] Aiming at the problem that the general target detector is not directly applied to remote
sensing image detection, a remote sensing image target detection algorithm based on improved RetinaNet is pro-
posed. [Method] The algorithm combines the advantages of dynamic selection of down-sampling blocks and
convolution kernels. Firstly, the improved downsampling module (IDM) on the base feature extraction network
ResNet50 was introduced, which performed multiple down-sampling processing on features. Then the spatial re-
ceptive field was dynamically selected by using the convolution kernel selection mechanism to model the multi-
scale semantic information of the scene. Finally, the classification and regression results of the target object were
obtained. [ Result] Experimental results show that the proposed method improves mAP by 3.2 percentage points
on the large-scale remote sensing image object detection dataset DOTA compared to the orignal RetinaNet net-
work. [ Conclusion] The mechanism of introducing a downsampling module and dynamically selecting the size
of the convolution kernel has improved the recognition ability of multi-scale remote sensing targets to a certain
extent.
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Tab.1 Ablation of downsampling modules

Convolunm‘lal Slice den- Maxpooling mAP/%
downsampling sampling
70.88
Vv 69.97
Vv 69.51
V 69.76
Vv 69.34
Vv V 71.11
vV 70.81
Vv Vv V 71.63
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Tab.2 Experimental results of different
kernel composition
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ilati AP/% P /M Flops/M
dilation rate) field m o Params ops

(29,1) 29 69.34 24399  40.66
(5,1)+(7,4) 29 7032 23971 40.46
G,D)+5.2)H7.3) 29 7088 23957 4043
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Tab.3 Experimental results of different network designs

3%3 5%5 7x7 9x9 mAP/%
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vV vV 70.45
V vV Vv 70.88
V vV Vv vV 70.23
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Tab.4 Result of different algorithms on DOTA dataset
Method PL BD BR GITF SV LV SH TC BC ST SBF RA HA SP HC mAP/%
ICN®Y 81.36 74.30 47.70 70.32 64.89 67.82 69.98 90.76 79.06 78.20 53.64 62.90 67.02 64.17 50.23 68.16
RetinaNet(baseline) 89.41 76.82 40.91 67.61 77.51 62.66 77.54 90.88 82.34 81.99 58.15 61.55 56.46 63.71 38.96 68.43
R3Det"” 88.9 75.25 44.96 66.27 75.16 72.53 79.35 90.88 79.88 83.22 49.42 61.63 63.84 62.84 35.55 68.59
Rol transformer 88.64 78.52 43.44 75.92 68.81 73.68 83.59 90.74 77.27 81.46 58.39 53.54 62.83 58.93 47.67 69.56
CAD-Net®” 87.83 82.37 49.43 73.51 71.08 63.48 76.59 90.89 79.23 73.35 48.42 60.87 62.14 67.12 62.32 69.91
DRN™ 88.91 80.22 43.52 63.35 73.48 70.69 84.94 90.14 83.85 84.11 50.12 58.41 67.62 68.60 52.50 70.70
Ours 88.43 77.72 46.81 67.96 77.27 74.80 85.37 90.91 78.46 84.71 59.82 64.02 65.59 66.03 46.53 71.63
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Fig. 5 Visualization results of the proposed algorithm on
DOTA dataset
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