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Abstract  Given the large scale, uneven distribution, and large scale changes of small targets and the complex
background in remote sensing images, an improved cascade algorithm SA-Cascade is proposed. This algorithm uses a
recurrent feature pyramid network to strengthen the feature representation generated step by step, thereby improving the
detection rate of small targets. The region proposal generation network based on the learnable anchor is utilized to locate
the remote sensing target accurately. The feature adaptation module and feature fusion module are introduced to improve
the performance in detecting images with complex backgrounds. On the basis of the cascade algorithm, the two-branch
detection head is adopted to improve the performance of the model for detecting small targets. A comparative experiment
of various algorithms is performed on TGRS-HRRSD-Dataset and VisDrone-DET dataset. The experimental results
show that the improved cascade algorithm can detect and locate remote sensing image targets more accurately. Compared
with the original cascade algorithm, the improved one increases the accuracy on the two datasets by 2. 94% and 9.71%,
respectively.
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Table 1 Comparison of ablation experimental results
Cascade framework R-FPN LA-RPN db-head mAP /% Inereased Recall /% Detection rfllte {
percentage (frame-s ')
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N NG NG 91.61 1.77 94. 45 6.7
N N NG 91. 64 1.80 94.49 16.6
NG NG NG 92.10 2.26 94.76 13.0

NG N NG N 93.11 3.27 94. 82 10. 4
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Table 2 Comparison of results of different backbones

Model Network mAP /% AP for IoU of 0.5 /% Recall /%
Cascade R-CNN"'" ResNet50 84.90
ResNet50 90. 17 90. 20 92.17
Cascade R-CNN
( ) ResNet101 90. 66 90. 70 92. 60
ours

ResNet152 91.31 91. 30 92.97
ResNet50 93.11 93.10 94.82
SA-Cascade ResNet101 94.62 94. 60 96.75
ResNet152 94. 98 94. 96 96.92
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Table 3 Accuracy comparison of different size targets

unit: %
Model mAP mAP s mAP m mAP_ 1
Cascade R-CNN 90. 17 44.40 83.50 84.40
SA-Cascade 93.11 58.70 86. 30 87.30
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Table 4 Comparison of accuracy of this algorithm and other algorithms on TGRS-HRRSD- Dataset

unit: %

Model YOFQ Faster R- Faster R- MS » Cascade R- Cascade R- SA-Cascade SA-Cascade
V3 CNNAM CNN™ HEMN"™" CNNH CNN (ours) (ms)
APL 90.7 90. 8 90.9 90.9 90.9 98.1 99.2 99.2
BD 76.4 86.9 87.4 88.5 88.7 93.3 95.4 95.7
BC 66.3 47.9 65.0 74.0 68.7 68.9 72.4 80. 4
BR 75.2 85.5 84.3 88.3 88.5 94.1 97.5 97.5
CR 75.0 88.6 88.7 88.7 88.8 92.9 96.8 97.2
GTF 89.4 90.6 90.7 90. 8 90.8 98.0 99.0 99.1
HA 45.9 89.4 89.1 88.8 90. 0 97.8 97.5 98.1
PL 42.3 69.3 64.1 68.1 63.0 69.4 76.7 81.8
SH 73.6 88.5 87.5 89.6 89.8 94.2 95.5 95.7
ST 77.0 88.7 89.8 89.9 90.0 95.2 96. 5 97.9
TJ 59.4 75.1 70.8 78.7 74.3 80. 3 89.7 91.9
TC 86.2 80.7 89.9 90. 4 90. 3 92.2 93.5 95.4
VE 73.3 84.0 89.4 90. 2 90. 3 97.8 98.2 98.1
mAP 71.59 81.50 83.40 85. 84.90 90. 17 93.11 94. 46
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Table 5 Comparison between results of this algorithm and other

algorithms on VisDrone-DET dataset

Model mAP  AP50  AP75  AR100
CornerNet'® 17.41  34.12 15.78  24.37
Light-RCNN'* 16.53  32.78 15.13  23.09
FPN®Y 16.51 32.20 14.91 20.72
DetNet59"" 15.26  29.23  14.34  20.87
RefineDet' 14.90 28.76  14.08  18.13
RetinaNet''” 11.81 21.37 11.62 5.31
Cascade R-CNN! 16.09 31.91 15.01  21.37
SA-Cascade 25.80 41.70  27.20  34.90
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Fig. 9 Comparison of SA-Cascade and other algorithms on detection effect. (a) Faster R-CNN+ResNet50; (b) Cascade R-CNN+
ResNet50; (¢) SA-Cascade+ResNet50
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