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Research on Small Target Detection Method Based on YOLOvVS

WANG Xiaowen, CHANG Jutai, YU Qirui
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Abstract: In order to improve the accuracy and efficiency of small target detection, this paper proposed
an improved detection method based on YOLOVS to address the shortcomings of existing algorithms in
small target recognition. Based on YOLOWVS, this method integrated SPD (Space-to-Depth) module,
which effectively avoided the information loss caused by traditional strided convolution and pooling opera-
tion. At the same time, an improvement of Fractional Fourier Transform Convolution (FT_Conv) was
proposed to improve the detection accuracy and computational efficiency of the model for small targets. In
addition, the C2f_Bil.evel Routing Attention mechanism was used to realize dynamic sparse attention,
optimize the feature fusion and object detection performance, and further improve the recognition ability of
the model for small targets. Finally, the Powerful-IoU loss function was introduced to improve the area
expansion of the anchor frame of the existing IoU and enhance the focusing ability of the anchor frame.

The experimental results show that compared with the original YOLOv8 model, the average accuracy
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(AP) of the improved model in small target detection tasks is increased by 3.29 percentage points, and

the false detection and missed detection rates are significantly reduced. These results confirm that the

improved YOLOv8 model has obvious performance advantages in the field of small target detection.

Key words: small target detection; YOLOvS; FT_Conv; model evaluation; dynamic sparse attention;

Powerful-IoU loss function
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Fig.9 Sample image of the SmallDroneDataset dataset
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Tab.1 Comparison of ablation experimental parameters

BB mAPs/% mAPs,.o:/% P/%  R/%  ZHG/A
'YOLOvS 31.108 17.400  43.937 31.611 2.62Xx107
MITIA 32912 18.779  45.001 32.339  2.74X107
BB 32.656 18.874  41.134 34.226  3.02X107
FRIC  33.644 19.33 44.176  33.485  2.56 X107
BiRID  34.395 19.695  48.773 32.638  2.56X 107
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1.379 @ 4y o5, WEHH A F bl BT T
1.064 EH 4y s M0, 728 o3 sk VA LS5 FRM, 1
YOLOvV8BE 1 3 T 73 s il SPD_Conv A &4 b
G TR G A K S B A AR T A B A
% AT DA R SR X/ N AR R A3 B R AR Ak

B fE F7 5 A EL AR A, BEA B 5 mA P, (H 12 T+
00%Eﬁﬁ,ﬁﬁﬁ§R%MT28xw%n%
AF 38 3 0 A A A s b B, AT DA S N T
THBYNE AL T $ TR RE s BERL C ] C2f_Bilevel
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HmAPy, FlmAPs, s 48853 MR T T 0. 988 A 43 1
F10.456 A 53 a5, WERARAE T T 3. 042 F4rmi, H
SHEW T 4.6 X104, TR A A
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Fig. 12 Comparison of performance curves of each model
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Tab.2 Comparison of parameters between improvement model

and YOLOV8

B mAPy/ % mAPso/%  P/%  R/% S/

YOLOvS 31.108 17.400 43.937  31.611 2.62X107
BRA 32912 18.779 45.001  32.339  2.74X 107
BIRE  31.818 18.229 42,995  30.458 2.86X107
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Fig. 13 Performance comparison of individual modules
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Tab.3 Comparison of parameters of different algorithms

il P/%  R/% mAPs/% mAPy /%
YOLOv5n 39.4 29.3 27.8 14.1
YOLOv5s 48.8 35.3 35.8 19.8
YOLOv5m 50.6 37.8 38.4 22.2
YOLOv5L 53.0 39.7 40.3 23.2
YOLOv5x 55.2 40.5 41.2 24.7

YOLOv4 43.4 35.1 36.3 21.4
YOLOX_L — — 38.8 22.2
YOLOX_ M — — 36.6 20.7
YOLOX_S — — 32.6 17.9

YOLOX _Tiny — — 19.9 10.0
YOLOX _Nano — — 13.6 6.7
Faster_ RCNN — — 37.1 21.9
Retina Net — — 19.1 10.6
cascade — — 39.0 24.5

VF Net — — 37.3 23.1
TOOD — — 39.8 24.4
DDOD — — 38.2 23.3
FCOS — — 31.9 19.0
Center Net — — 33.6 18.7
ATSS — — 36.3 22.1
FSAF — — 36.4 20.8
YOLOvlls 52.8 39.1 40.8 24.5
YOLOv10s 51.9 38.9 40.7 24.5
YOLOvV9s 52.0 39.5 41.0 24.7
YOLOv3 Tiny 37.9 24.2 23.3 12.8
YOLOv6s — — 34.3 20.3
YOLOv6s mbla — — 36.1 21.1

ik YOLOVS (A230) 52.627 41.915  42.397 25.707

3 &
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