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Remote sensing image object detection based on
MobileViT and multiscale feature aggregation

LIANG Liming, FENG Yao, LONG Pengwei, LI Renjie

(School of Electrical Engineering and Automation, Jiangxi University of Science and Technology, Ganzhou 341000, China)

Abstract: A new algorithm is proposed based on MobileViT and multi-scale feature aggregation (referred to as FWM-
YOLOVTt) to address problems such as complex background interference, difficulty in extracting small objects, and ob-
ject multi-scale differences in remote sensing image object detection. First, we design a multi-scale feature aggregation
module to establish context dependencies for remote sensing targets, which improves the accuracy of detecting multi-
scale and small targets. Then, we utilize the MobileViT module to fuse the advantages of convolutional neural networks
and vision transformers for effective local and global information encoding to suppress non-target noise interference. Fi-
nally, we introduce the Wise-IoU loss function, which focuses on ordinary quality anchor boxes to enhance the detec-
tion performance of the algorithm. Experimental evaluations on the public RSOD and NWPU VHR-10 dataset demon-
strate that FWM-YOLOvV7t can significantly improve the average accuracy of remote sensing image target detection.
Furthermore, compared with other object detection algorithms, the FWM-YOLOv7t algorithm exhibits superior effect-
iveness in detecting complex, small, and multiscale objects in remote sensing imagery.

Keywords: deep learning; remote sensing image; object detection; YOLOv7-tiny; MobileViT module; multi-scale fea-

ture fusion; contextual information; Wise-IoU
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Fig. 1 YOLOV7-tiny network structure
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Table 1 Comparative analysis of overlap factor L

B R % AR/ % mAP@O.5/% ZEiR/10°

MO 94.6 94.3 97.0 7.9
MI(L=1) 955 94.5 97.0 7.6
MI(L=2)  96.2 94.8 97.6 8.1
MI(L=3)  96.6 95.1 97.8 8.6
MI(L=4)  95.5 923 97.4 9.1
MI(L=5)  93.1 93.5 96.5 9.6

Shy TG b G 39 A SR R R TR 1) A 0,
RSOD %4l 4 3547 1 fal 52 36 % L, 4G 045 28] 9 o
W A RS MER S mAP@O.5, Gk 2 fir
R, AT R R I i A8 PR . Al F7R YOLOVT-
tiny, A2 F/R¥i MFAM #4t Al % ELAN,
A3 FIRGIA MVIT B A2 AL 1 [ 25 2
B MFAM, A4 FR1E A3 5] A WloU #K bR
B, A AR SCAR R

*2 HBMITBHIE

Table 2 Ablation experimental data %
N, FEIMER R
TR iR HER Lk mAP@0.5
Al 909 941 987 972 892 98.0 95.8
A2 946 943 989 983 923 98.6 97.0
A3 96.6 951 98.7 97.5 956 99.2 97.8
A4 960 953 989 975 97.0 99.2 98.1

i 3% 2 I, YOLOv7-tiny #5281 8 H 45 2
AR LT A A5, ) e AR TR A T AL R 3
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Table 3 Comparison of detection data from different algorithms
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Fig. 5 Remote sensing target detection results of different algorithms
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target categories
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