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Abstract A small target detection algorithm based on super-resolution reconstruction is proposed to solve the problem of
low detection accuracy of small targets occupying a few pixels. First, a high-resolution image is segmented via image
preprocessing and sub-images containing targets are filtered out. Second, a super-resolution sharpening enhancement
module is constructed, and the sharpening image and sharpening loss are introduced to obtain high-resolution sub-images
with clearer edges. Subsequently, a multi-scale sharpening target detection module is used to detect the target; it uses an
edge-sharpening model to further enhance the image edges of the deep feature layer to compensate for the loss in details due
to deep convolution. Finally, the small-target detection results are returned in the original image based on the sub-image
number used to complete small target image detection. The proposed detection algorithm is then verified using the
PASCAL VOC and COCO 2017 datasets, where the average accuracies (mAP) are 85.3% and 54. 0%, respectively.
Moreover, the small target detection accuracy of the COCO dataset is 43. 5%, which is 9. 7 percentage points higher than
the suboptimal value. Therefore, the proposed algorithm can effectively reduce the number of times small targets are
missed during detection, thus improving the detection accuracy.
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Fig. 2 Image blocking. (a) Direct blocking; (b) overlap blocking
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Fig. 3 Schematic of overlap block. (a) Schematic of edge image;

(b) schematic of middle image
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Fig.4 Structure map of SR sharpening module
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Table 1 ~ Comparison results obtained by using proposed method and latest SR methods
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] 52 2% JE A2 (8] 52 2% BE P dR A . IR, #E COCO
2017 s i AP L APT 43 5l 3R 22 9F L (IOU) 3
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3.2.2.2 LR
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B 7 BRI ER AR (a) R R X 25 (b) U R F R X 45 () REE -l X8
Fig. 7 Reconstruction results of each model. (a) Scaling factor of X 2; (b) scaling factor of X 4; (¢) scaling factor of X 8
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R IR B SR 1K o R 3 3 D PR UG 43 Bl ok H B 4
EI R ZA T HFR, BB BARA A8 FUR R E , X 4%
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2 Pk HHAl ) A 7E PASCAL VOC $dit 8 1 9 45 R H 4%
Table 2 Comparison results among proposed method and other methods on PASCAL VOC dataset

Method Backbone mAP /% FPS GFLOPs Model size /MB
YOLOv3 Tiny Darknet-Tiny 58.2 25.0 0.48 2.3
FCOS ResNet 76.4 14 3.9 30
SSD300 VGG16 77.2 46 31 4.8
FSSD VGG16 80.9 35.7 40 6.5
DSSD ResNetl101 81.5 5.5 79 122
TSD SENet154+DCN 83.0 2.7 7.3 58.9
Proposed method SSD300 85.3 28 35 7.8

3 AR E S HAB T AE COCO 2017 R4 1 i 45 0L 4

Table 3 Comparison results among our method and other methods on COCO 2017 dataset unit: %
Method Backbone mAP AP® APP AP? APY AP"
YOLOv3_Tiny Darknet-Tiny 33.0 57.9 34.4 18.3 35.4 41.9
FCOS ResNet 44.7 64.1 48. 4 27.6 47.5 55.6
SSD300 VGG16 25.1 43.1 25.8 6.6 25.9 41.4
FSSD VGG16 31.8 52.8 33.5 14.2 35.1 45.0
DSSD ResNet101 33.2 53.3 35.2 13.0 35.4 51.1
TSD SENet154+DCN 51.2 74.9 56.0 33.8 54.8 64.2
Proposed method SSD300 54.0 74.2 58.7 43.5 55.8 60.7
COCO 2017 HHfE e v, Br 2 AU fg AP SSD300 K RS 5 A — E A4 i
RUR T 32. 9/ A 20 i, R FT R BLRLEE XS /)N F AR A P 8 Sy B 4 A A 5 SSD SRk a4 &/ BAR KR B

TSD proposed model
B8 H bR 45 5l WAk Xt e

Fig. 8 Visual comparison of target detection effect
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