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Center Point Target Detection Algorithm Based on Improved Swin Transformer

LIU Jiasen and HUANG Jun

School of Communication and Information Engineering, Chongqging University of Posts and Telecommunications, Chongqing 400065, China
Abstract Aiming at the shortcomings of Swin Transformer in extracting local feature information and expressing features, this
paper proposes a center point target detection algorithm based on improved Swin Transformer to improve its performance in tar-
get detection. By adjusting the network structure and introducing a deconvolution module to enhance the network’s ability to ex-
tract local feature information, using an adaptive two-dimensional Gaussian kernel and a regression head module to detect the cen-
ter point of the target,so as to enhance the feature expression ability,and adding a dropout activation function to the Swin Trans-
former block module to alleviate the network overfitting problem. The improved algorithm is validated on the Pascal VOC and MS
COCO 2017 datasets,respectively. The experimental results show that the improved Swin Transformer algorithm achieves an ac-
curacy of 81. 1% on the Pascal VOC dataset and 37. 2% on the MS COCO dataset, significantly superior to other mainstream ob-
ject detection algorithms.

Keywords Deep learning,Image processing,Object detection, Deconv,Swin Transformer
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Fig. 2 Diagram of Centernet center point detection process
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Fig. 3 Diagram of block merge layer process
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2¢1 Swin Transformer

Table 1 Swin Transformer
Input Head Block’s Outpt
dim number number dim
Swin-T 96 (3,6,12,24) (2,2,6,2) 768
Swin-S 96 (3,6.,12,24) (2,2,18,2) 768
Swin-B 128 (4,8,16,32) (2,2,18,2) 1024
Swin-L 192 (6,12,24,48) (2,2,18,2) 1536
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Table 2 MS COCO 2017 dataset

Dataset train test val

MS COCO2017 118287 5000 40670
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Table 3 PASCAL VOC 2007 dataset

Dataset train test
PASCAL VOC 2007 5011 4952
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Table 4 Comparison results with base algorithm on MS COCO

2017 dataset
%)

Model FPS mAP  mAP50 mAP75 mAPS mAPM mAPL
HEHEA  21.2 32.0 49.3 33.9 11.8 32.8 51.6
Ours 26.3 37.2 56.1 40.2 17. 4 41.2 57.2

5.3 Xftbsmg

WA SC ARG Btk B 1 YOLO & 41, SSDYY | Reti-
naNet" &8 g4 MS COCO 34 4+ LIAR R VI 2 2 ok 17
SEYRXT H X AR Tk RO A SR 5 fisl . R LUE
AR B B AR T At A T B GRS B . A
BT BB R T anchor free B 51 Y FCOS, 7 3¢ )7 1
B A D R TR, ELRS R ARCA TR T M T E T anchor
base i) YOLO F #5535 , A% SC 5 1 B8R A6 0 8 o 1, (H 2
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F 5 MS COCO 2017 Kt £ 145 55 0 o L 45 28
Table 5 Comparison results of each algorithm on MS COCO

2017 dataset

Dector Backbone FPS/ % mAP/ %
YOLOV4 DarkNet 28.7 30. 2
YOLOVS CSPDarkNet 30. 2 33.4

SSD ResNetl101 19.8 20.4
FastRCNN ResNet101 12.4 35.4
RetinaNet ResNet101 15.2 35.4

FCOS ResNet101 17.6 34.3

CenterNet ResNetl101 21.3 26.1
Ours Swin Transformer 26.3 37.2
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Table 6 Ablation experiment
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Fig. 12 Comparison of target detection results
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