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Unmanned Aerial Vehicle Image Small Target Detection Algorithm Based
on SODM-YOLOvS8
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Abstract: To address the issue of low accuracy and relatively complex models in object detection algorithms for drone aerial images, the small
object detection algorithm SODM-YOLOv8 is proposed. Firstly, design a small target detection module that detects small targets through
large—sized feature maps, preserving the detailed features of small targets and increasing attention to them; Secondly, design the DC-C2f
module to improve the original convolution through a dual stream convolution structure, in order to reduce the number of model parameters;
Once again, an efficient multi-scale attention mechanism EMA is introduced in the small object detection module to enhance the algorithm’s
ability to fuse multi-scale features; Finally, the Inner IoU loss function is introduced, which adopts the idea of Inner IoU to improve the WloU
loss function and enhance the model’s generalization ability. The experimental results on the VisDrone2019 dataset show that the SODM-YO-
LOv8 algorithm mAP@0.5 Reached 43.8%, showing a certain improvement compared to other object detection algorithms, among which the
YOLOv8 model outperforms mAP@0Q.5 Improved by 5.2%, while the parameter count decreased by 28.3%. The experimental results on the
DOTA1.0 dataset show that the proposed algorithm mAP@0.5 Reached 72.3%, an increase of 1.4% compared to YOLOvS.
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Fig.1 Structure of YOLOVS8 model
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Fig.2 Structure of SODM-YOLOvVS8 model
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Fig. 3 Feature fusion method of SODM-YOLOV8
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Fig.4 Structure of EMA mechanism
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Fig. 5 Structure of DC-C2f
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gorithms
#3 HNBERFRGNEEMERELLE
Bk mAP@0.5/% mAP@0.5:9.5/%  FPS/(Ii/s)

RetinaNet 28.7 11.8 23
Faster—RNN 33.2 17.0 15
CornerNet 34.1 17.4 33
YOLOv5 35.2 19.5 89
YOLO-PWCA 40.6 229 181
Bi-YOLOv8s 40.7 / 135

SC-YOLO 43.1 25.7 /
SODM-YOLOv8 438 26.0 80
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Hirp SR /N HARKE AR | E 2278 EMA & AL, D %
78 DC-C2A R HE TR Inner—-W1oU 5 25 BRI, 1M fl S 56045
BnFE 45, ATLIE H, YOLOVS-S B AU i) mAP@0.5
B YOLOV8 425 T 4.3%, mAP@0.5:0.95 82 /& T 2.1%, Bk
T/ BbR R B . i A DC-C2f Bk 5, 55 7Y
HI S BOR FRAR T 28.3% , B AE T % BB A0 A 201 . Ktk
PR B 4 R Inner—WIoU $32K RS L B2 1Y) mAP@O.5 2
T T 0.5%, FPSHR & 1 3 Wi/s, B UE 1 ehok 401 2% ok 85 19 A 5
PEo 25 LA, lotE AR AR A A P BEAH AR 4R YOLOVS 5%
RURMREE T, 5 BRI /A 4 AR I, 3630 T i 2 45 A5 B
BRI AT A A ok

PATREhHL /N B AR, S 1 HAS RS
Table 5 Experimental results of attentional mechanism ablation

RS EENNHIERBEIBEER

s mAP@0.5/% mAP@0.5:0.95/% FPS/(i/s)
CA 41.8 23.8 89

CBAM 42.1 25.1 75

EMA 43.1 259 81
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Fig. 8 Detection result visualization of YOLOvVS8 under strong light
conditions
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Fig.9 Detection result visualization of SODM-YOLOvVS under
strong light conditions
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Fig. 10 Detection results visualization of YOLOvVS8 under dark condi-
tions
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Fig. 11 Detection results visualization of SODM-YOLOVS under
dark conditions
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Fig. 12 Detection results visualization of YOLOVS8 under occlusion
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Fig. 13 Detection results visualization of SODM-YOLOV8 under oc-
clusion
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Table 6 Experimental results on DOTA1.0 dataset

#6 7EDOTALOZIIEE FASLINER (%)

g YOLOvS SODM-YOLOvS
KR 74.3 78.4
pNE ] 62.0 63.2
fiti 92.5 93.7
HEpk 72.5 74.0
G 94.7 95.1
jiiE287) 85.0 86.6
Hh i A2 61.4 63.7
W 54.7 55.3
K27 89.3 90.1
Lty 87.0 89.4
KL 68.6 70.2
HIHL 57.1 58.3
IRIE A8 X 64.3 65.0
JEEkY 44.2 449
TFvk it 55.7 56.2
mAP@0.5 70.9 72.3
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