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Medical Image Target Detection Method Based on Multi-branch Attention and Deep Down-
sampling

GU Chengjie' , MENG Yi*,ZHU Dongjun' and ZHANG Junjun'
1 School of Public Safety and Emergency Management, Anhui University of Science and Technology,Hefei 231100, China

2 School of Computer Science and Engineering, Anhui University of Science and Technology, Huainan, Anhui 232000, China

Abstract With the development of artificial intelligence technology, medical image detection based on deep learning has a wide
application prospect in clinical practice. However, for some medical image target detection such as tumor and plaque, there are
some problems,such as small area to be labeled,few features to be extracted and difficult to extract. To solve these problems., this
paper proposes a medical image target detection method (MD-Det) based on multi-branch attention and deep subsampling. The
feature extraction module(C2f-DWR) is introduced to extract multi-scale features and enhance the feature representation of the
target. This paper designes a deep down-sampling module(D-down) to capture the context information in the image more effec-
tively and enhance the feature extraction capability. The core idea is to combine average pooling and maximum pooling operations
to make full use of their respective advantages to improve the feature extraction effect by fusing multiple sampling methods. The
accuracy of target detection is improved while maintaining the computational efficiency. Then, a multi-branch attention (MA)
mechanism is proposed,which extracts and weights features of different dimensions,with each branch extracting features of dif-

ferent dimensions of the input tensor,including spatial and channel features. By generating attention weights,important features
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are emphasized and weighted together. The feature extraction capability of the network is enhanced, and the detection perfor-

mance of the model is improved. Finally,a new joint optimization strategy is proposed,which weights Wise-IoU loss and NWD

loss to form a joint regression loss function to further improve the accuracy of target recognition. Experiments show that the pro-

posed method can effectively improve the detection accuracy of the model in medical image targets,and the mAP, ;of the medical

data sets Tumor and Liver are increased by 2.5 percentage points and 1. 1 percentage points,respectively.
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Table 2 Proportional results
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Table 3 Experimental results on Tumor dataset

ok P R mAP 5 mAPg mAPy mAP, mAP 5,095 FPS Params
FasterRennl?] 0.719 0.583 0.712 0.219 0.509 0.721 0.397 72.0 4.13x107
DETRC19] 0.730 0.575 0.721 0.227 0.519 0.726 0.436 75.9 4.15%107
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YOLOv9c 0. 889 0.725 0.803 0.318 0.614 0.813 0.536 179.6 2.53x107
MD-Det 0.912 0.741 0.817 0.327 0.623 0.824 0.539 139.8 4.90X 107
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Table 4 Experimental results on Liver dataset

Vi3 P R mAP, 5 mAPg mAP mAP; mAP 5.0 95 Fps Params
FasterRennl9) 0.621 0.463 0.608 0.152 0.426 0.610 0.357 76.1 4.13x107
DETRE!? 0. 636 0.478 0.629 0.172 0.434 0.631 0. 384 77.1 1.15x 107
Tood[29] 0.653 0.538 0.642 0.181 0.453 0.652 0.370 37.4 3.20X107
Ddql30] 0.721 0.683 0.714 0.224 0.521 0.719 0.413 17.6 4,84 107
Atsst31] 0. 655 0.535 0.653 0.185 0.467 0.668 0.372 48.9 3.21x107
Dinol32] 0.695 0.684 0. 689 0. 229 0.528 0.737 0.406 23.6 4.75%107
YOLOv5n 0.798 0.595 0.701 0. 207 0.505 0. 704 0. 408 171. 8 5.00%107
YOLOv6n 0.751 0.638 0.711 0.223 0.513 0.717 0.411 220.7 8.30X107
YOLOv8n 0.752 0.631 0.708 0.215 0.509 0.715 0.414 196.2 6.00X107
YOLOv9c 0.733 0.651 0.715 0.226 0.520 0.734 0.419 181.3 2.53X107
MD-Det 0.763 0. 654 0.719 0.234 0.531 0.740 0. 421 144, 9 4.90X107
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Table 5 Comparison of ablation experiments

VS MA D-down C2{-DWR Wiou-+NWD P R mAP, 5 mAP; 5.0, 95 Params
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HgE A+ _
N 0.887 0.724 0. 802 0.531 5.9%10°6
N 0. 899 0.719 0. 803 0.522 6.0X108
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