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Remote sensing image object detection based on inverted
residual self-attention mechanism

ZHAO Wenging'?, ZHAO Zhenhuan', GONG Jiaxiao'

(1. School of Control and Computer Engineering, North China Electric Power University, Baoding 071003, China; 2. Hebei Key
Laboratory of Knowledge Computing for Energy & Power, Baoding 071003, China)

Abstract: An inverted residual self-attention method (IRSAM) was proposed in this study as an approach for object de-
tection in remote sensing images. The method was designed to address challenges related to significant variations in ob-
ject sizes and substantial interference from background information in remote sensing image object detection. Firstly, an
inverted residual self-attention mechanism backbone network with strong feature extraction ability was utilized to fully
extract the object features, thus reducing the interference of complex background information on the object. Addition-
ally, a multi-scale spatial pyramid pooling module was constructed to offer diverse sensory fields at multiple scales and
improve the capacity to detect objects of varying sizes. Finally, a lightweight feature fusion structure was employed to
integrate the feature maps extracted from the backbone network, effectively combining low-level and high-level fea-
tures. The study compared the performance of IRSAM with both traditional network and enhanced object detection al-
gorithms. The results indicated that the proposed method exhibited significantly higher detection accuracy. In addition,
ablation experiments were designed on the DIOR and the RSOD datasets. The results show that the mean accuracy is 4.6
and 4.2 percentage points higher than the YOLOvVS algorithm on the DIOR dataset and the RSOD dataset, respectively.
Consequently, the proposed method significantly enhances the accuracy of object detection in remote sensing images.
Keywords: remote sensing image; object detection; inverted residual; self-attention mechanism; multi-scale; spatial pyr-

amid; feature extraction; feature fusion
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Table 3 Comparison of detection results of different algorithms in DIOR dataset

Bk BackboneZ5 14 ARG mAP/% G S B /(£s) SHR/10°
SSD VGGNet 300%300 55.7 45 26.3
Faster R-CNN VGGNet 600x1000 52.1 21 136.7
CenterNet Resnet50 640%640 55.2 20 32.7
RetinaNet Resnet50 640%640 61.6 29 37.9
YOLOV3 Darknet53 640%640 58.0 27 61.5
YOLOv4 CSPDarknet53 640x640 65.0 24 52.5
YOLOVS5 CSPDarknet 640%640 69.6 42 7.1
YOLOX CSPDarknet 640%640 72.2 44 8.9
AAFNet? Modified CSPDarknet 640x640 75.3 34 14.1
SCFNet™ Modified CSPDarknet 640%640 69.9 14 32.1
StrMCsDet*"! CSPDarknetC5 608608 65.6 39 414
YOLOvV8 CSPDarknet 640%640 77.1 56 3.0
IRSAM IRSAB 640x640 81.7 50 4.7
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Table 4 Comparison of detailed detection results of different algorithms in DIOR dataset %

Bk cl ¢c2 ¢3 ¢4 ¢S5 ¢c6 c7 8 9

cl0 cll cl2 c¢l13 cl4 cl15 cl6 cl7 cl8 cl9 c20 mAP

SSD 58.6 67.1 68.1 83.6 26.2 77.2 53.5 67.7 48.2 75.2 56.7 54.3 50.7 34.9 67.9 28.2 77.8 46.0 18.9 52.5 55.7
FasterR-CNN 47.9 64.7 68.6 84.0 23.7 76.4 53.1 57.5 47.0 74.6 56.8 42.0 49.2 16.6 70.5 20.9 73.9 52.9 12.2 49.1 52.1

CenterNet
RetinaNet
YOLOV3

65.7 64.7 69.2 84.8 25.8 73.8 46.8 54.0 48.0 69.5 56.9 39.7 48.2 45.1 47.6 39.6 79.8 50.3 30.2 65.1 55.2
71.8 65.7 71.1 87.9 30.9 79.2 57.3 69.9 54.8 79.4 74.1 55.8 53.3 50.1 70.7 40.2 83.8 459 21.4 68.4 61.6
74.7 54.6 69.4 83.8 27.2 73.5 47.7 50.2 46.9 57.7 44.2 57.8 47.3 88.6 29.3 72.3 85.8 27.3 47.4 73.4 58.0
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4k 4
(ER7S cl ¢2 3 ¢4 ¢S5 c6 7 8 ¢9 cl0 cll cl2 cl13 cl4 cl5 cl6 cl7 cl8 cl9 c20 mAP
YOLOv4 84.8 65.5 74.7 85.1 36.3 78.6 52.3 57.2 54.9 71.3 69.2 58.2 56.2 88.0 38.7 67.8 85.8 49.0 49.9 75.9 65.0
YOLOv5 859 76.1 72.3 89.4 43.6 80.8 61.5 59.9 58.0 75.5 73.8 62.1 57.6 89.1 55.7 72.7 86.9 55.5 53.8 82.7 69.6
YOLOX  89.3 72.0 75.3 90.2 47.8 79.3 61.5 60.1 66.2 74.2 76.8 58.1 62.3 89.9 71.1 77.5 89.9 61.0 57.3 83.5 72.2
AAFNet™ 927 81.7 81.0 90.8 49.7 81.3 69.9 67.9 70.4 80.4 77.3 64.0 632 90.4 68.5 78.0 90.6 65.1 56.6 85.7 75.3
StrMCsDet™ 78.6 58.4 81.3 72.0 38.1 79.2 37.1 49.3 49.5 56.8 62.9 35.5 42.5 54.9 66.0 66.6 80.8 38.3 38.3 349 65.6
YOLOv8 93.6 82.4 94.0 82.0 46.0 89.2 61.2 73.9 65.8 76.2 79.7 72.0 65.7 93.2 94.6 82.1 92.6 43.7 72.9 80.9 77.1
AHED: 947 855 95.5 87.1 52.2 91.8 75.8 80.0 70.7 83.5 82.9 70.5 69.7 93.9 95.3 85.4 95.0 66.3 75.9 82.5 81.7
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Table 5 Comparison of detection results of different algorithms in RSOD dataset

RV Backbone%i4 i ARST mAP/% RIS 2 /(f75) ZH/10°
SSD VGGNet 300%300 76.4 46 26.3
Faster R-CNN VGGNet 600x1000 80.5 7 136.7
CenterNet Resnet50 640%640 71.3 19 32.7
RetinaNet Resnet50 640%x640 81.7 22 37.9
YOLOV3 Darknet53 640%640 81.6 30 61.5
YOLOv4 CSPDarknet53 640%640 87.8 28 52.5
YOLOvV5 CSPDarknet 640%640 83.6 48 7.1
YOLOX CSPDarknet 640%640 89.4 49 8.9
YOLOv8 CSPDarknet 640%640 90.5 68 3.0
IRSAM IRSAB 640%640 94.7 50 4.7
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Fig. 6 Visualization detection results on the DIOR dataset
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Fig. 7 Visualization detection results on the RSOD dataset
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