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Remote Sensing Image Target Detection Algorithm Based on Improved YOLOvVS

ZHENG Jie ,NING Jiaxu,LIU Ziyi

( Shenyang Ligong University , Shenyang 110159 , China)

Abstract: Aiming at the characteristics of remote sensing image with complex background, large
number of small targets and different target scales, a remote sensing image target detection algo-
rithm based on improved YOLOVS is proposed. Firstly,the depth separable convolution ( DSConv)
is introduced to construct the backbone network , which reduces the computational volume and num-
ber of parameters of the model and improves the computational efficiency. Secondly,in order to im-
prove the detectability for remote sensing images of the target,an efficient channel spatial attention
module (ECSA) proposed is added in the Neck section to improve the recognition ability of the
model by fusing the channel and spatial features. Finally,a small target detection layer with a detec-
tion scale of 160 x 160 is added to improve the detectability of small targets in the image; the boun-
ding box loss function is replaced with SIoU, which focuses on the angle information between the
predicted bounding box and the real bounding box to improve the detection accuracy. The experi-
mental results on the remote sensing image dataset SIMD show that the optimized YOLOvVS8 algo-
rithm demonstrates significantly improved feature extraction capacity. Compared with the YOLOvVS
algorithm , the average accuracy is improved by 2. 63% ,the model parameter quantity is reduced by
19.43% ,and the model computation is reduced by 28. 31% , which proves the effectiveness of the
improved YOLOV8 algorithm.
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Table 1 Comparison of attention mechanisms %

R mAP@O0. 5 PERIES iRTIES
YOLOVS 93.21 91.19 87. 61
YOLOVS + ECA 94. 44 92.16 88. 68
YOLOVS + CBAM 93.73 91.43 88.76
YOLOV8 + GAM 93. 44 92.16 88. 62
YOLOVS + ECSA 95.97 93.42 90. 13
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Table 2 Comparison of experimental results

& mAP@0. 5/% =R/ % HEWR/ % S ¥t /10° T R/10°
Faster R-CNN 74.99 79. 45 57.50 137. 099 370.210
YOLOVS 67. 60 57.14 70. 69 47.057 115.918
YOLOvV7 91.72 85.74 88. 89 37.620 106. 472
YOLOx 87.02 82.64 79. 89 54.209 156. 011
YOLOVS8 93.21 91.19 87.61 11.167 28.817
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Table 3 Results of ablation experiments

i DSConv ECSA SloU UNELZY S mAP@O0. 5/% ZH/100 HEA/10°
1 93.21 11.167 28.817
2 VvV 90. 33 7.775 20. 192
3 VvV 95.97 11.357 28.947
4 Vv 94.73 11. 167 28.817
5 94. 82 12.199 29. 155
6 vV vV 92.08 7. 965 20. 322
7 Y v v 94. 54 7.965 20.322
8 % VvV vV 95. 84 8.997 20. 660
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Fig.5 Detection results before and after improvement
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