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Small Target Detection Algorithm for Multi-scale Aggregate Remote Sensing
Images Based on Improved YOLO

KUANG Xian-yan, WANG Xing-xing* , WANG Long-feng, ZHANG Zu-liang
(School of Electrical and Automation, Jiangxi University of Science and Technology, Ganzhou 341000, China)

[ Abstract] In order to solve the problems of missed detection and false detection in the current remote sensing image small target
detection task, a SMCA + CSC + shape-aware intersection over union loss ( SIoU)-you only look once ( SCS-YOLO) remote sensing
image small target detection algorithm was proposed. Firstly, in response to the problem of small and clustered targets in remote sensing
images, a spatial multi-scale convolutional attention module (SMCA) was constructed to improve the model’s feature extraction ability of
spatial and channel information. Secondly, in order to solve the problem that the semantic information of small targets was easy to be
lost during deep network transmission, the aggregation subpixel convolution module concentrated sub-pixel convolution (CSC) was
designed, and the multi-scale aggregation feature extraction method was used to enhance the ability of the network to extract semantic
information. Finally, the SIoU loss function was used to replace the complete intersection over union loss( CloU) loss function in the
original model, which accelerated the convergence speed of the network. The average of the average precision( mAP) of the SCS-YOLO
model reaches 97% and 90.9% on the RSOD and NWPU VHR-10 datasets, respectively, which is 2. 2% and 2. 7% higher than that
of the original model, which shows the effectiveness of the method in the small target detection task of remote sensing images.

[ Keywords] remote sensing images; SMCA + CSC + SloU you only look once( SCS-YOLO) ; small target; attention; aggregated sub-

pixel convolution; SloU
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90,01, Y125 JE A (epochs ) 24 300, 4t b F & ( batch-
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TRHL M AEFESE 10 BRSO, B 4 — 3R 800 Gk
’l,3 651 A~ HAR, 4 8:2 BEHL/ Ml ghge ke
2.3 XWIFEIERR

SCH AL TR PR A B R (P) VA B3R (R) I
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YRS I 3 B2, B R0 52 B B i &2 /0 B AE D R
FPS | FIC{EL 85 A U ARG 0 T 8 R p e
2.4 HUESW

T BrIE SMCA , CSC AT SToU 43 2K bR 5%t
TR RGN H ARSI R, 78 RSOD %4 4 I it
ATIHESEES (H ] PR Fl mAP@O. 5( F: T35 IF 1L 15
0.5 BYF- Y85 BE (8 VR A PEREVT- M 46 4, 250
ERMFE 1 s,

MZE 1 AT LLFE Y, YOLOV7-tiny £ 5 fE RSOD
BIGE F B mAP@ 0.5 K5 JE  94. 8% , Bl s i
SMCA HEH 5 i mAP@ 0.5 ¥5 5 M 95.9% , 13 W]
SMCA A& e 3 1 378 4 38 18 12 1) v 8 L AL A

®1 HREXE

Table 1  Ablation experiments

21 5] P/ % R/% mAP@O0.5/% ¥FPS/%
YOLOV7-tiny 93.6 95.1 94. 8 96. 4
YOLOV7 -tiny + CSC 94. 6 94. 8 96.0 85.6
YOLOV7-tiny + SloU 94.0 94.9 95.6 98.7
YOLOv7-tiny + SMCA 95.2 93.8 95.9 92.5
YOLOv7-tiny + CSC + SloU ~ 94. 5 95.2 96.3 88.4
YOLOv7-tiny + CSC + SMCA  95.2 94.8 96.5 81.8
YOLOV7-tiny + SMCA + SloU  95. 1 94.5 96.3 94.0

YOLOV7-tiny + SMCA +
CSC + SIoU( SCS-YOLO)

TE O B 2= X R PR RO R A

95.6 95.3 97.0 82.9
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Table 2 Comparison of mAP for each class in the
RSOD dataset
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Table 3 Comparative experimental results of introducing

mainstream attention mechanisms

CS-YOLO SE  CA CBAM SMCA P/% R/% mAP/% Z%&
94.5 95.2 96.3 6548 674
94.8 94.3 96.0 6 581 442
95.0 94.7 96.4 6574322
95.1 94.9 96.7 6586245
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Table 4 Comparative experimental results of introducing

different loss functions

1K PREL P/% R/ % mAP/ %
CloU 95.2 9.8 9.5
DIoU 95.5 9.6 96.7
EloU 95.0 9.3 96. 0
SloU 95.6 95.3 97.0
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Table 5 Performance of mainstream detection algorithms on
RSOD,NWPU VHR-10datasets
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Fig. 5 Visualization results on RSOD dataset
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Fig. 6  Visualization results on NWPU VHR-10 dataset
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