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Remote sensing small target detection based on feature

multi-scale enhancement and interaction fusion
LI Yunhong, WEI Xiaoshuang, SU Xueping, LI Limin, TIAN Gufeng,
HAO Teji, FENG Zhunruo, LI Shibo

(School of Electronics and Information, Xi’ an Polytechnic University, Xi’ an 710048, China)
Abstract In order to achieve remote sensing image small object detection task, there are problems such as
poor feature extraction and fusion due to the blurring of target detail texture information, and leakage of small
targets, a remote sensing objects detection algorithm that leverages multiscale feature enhancement and interac-
tive fusion is proposed. Firstly, the multiscale feature enhancement ( MFE) module with cross-layer and multi-
branch connection structure is used to enrich and enhance the texture feature information obtained from differ-
ent gradients by using the Split shunt operation, and at the same time, the lightweight feature phantom module
Ghost is introduced to perform the linear transformation of the channel, generating more effective feature detail
information flow to enhance attention to local detail feature information in the image. Secondly, the feature in-
teraction fusion ( FIF) module is constructed, which introduces a multi-branch serial parallel convolution
block and an adaptive mechanism pooling block to interact with the channel semantic information and spatial
transformation of the input features, capture the global context information, and accurately locate the key posi-
tion of the small targets. information, enhance the correlation between feature information, and achieve multi-
dimensional interactive fusion of fine-grained features. The proposed algorithm is validated with DIOR, which
is a remote sensing dataset. The optimized network model achieves a mean accuracy precision of 87.6% ,
which is higher than the other seven excellent algorithms including NPMMR-Det, YOLOv7, and YOLOvS.
The improved small target detection algorithm for remote sensing images achieves better detection accuracy.
Keywords

remote sensing image small target detection; multiscale feature enhancement; Split triage ; adap-

tive mechanism; interactive fusion of detailed features
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Storage tank 58.5 70. 4 88.4 46.6 45.2 76. 1 86. 1 90.1 90.5
Tennis court 85.9 90.0 95.7 76.3 84.0 92.0 96. 1 97.9 97.5
Train station 61.9 70.7 44. 4 55.1 57.1 69. 1 70.7 76.4 76.5
Vehicle 42.9 58.8 62. 1 27.4 43.0 58.6 67.3 77.4 68. 8
Wind mill 86.9 90.3 90. 4 65.7 75.9 83.6 92.0 88.7 94.8
mAP50/% 68.0 77.8 81.3 58.6 64.9 77.4 85.6 84.7 87.6
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Fig.5 Comparison of target detection results between the improved model and YOLOvSs
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