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Improved UAV Small Object Detection Algorithm Based on YOLOvVS

LI Songlin, JIANG Jian"

(School of Mechanical Engineering, Nanjing University of Science and Technology, Nanjing 210094, China)
Abstract: The detection of small-scale targets, characterized by limited available features and unclear tex-
tures, has perennially posed a challenge in the field of object detection. To address issues related to false
positives and false negatives unmanned aerial vehicle (UAV) targets, we propose an improved UAV
small-target detection algorithm, termed LLASD-YOLOvV5. This algorithm introduces a polarized self-
attention mechanism to more accurately extract minute features, incorporates a weighted bidirectional fea-
ture pyramid network to replace the path aggregation network, thus enhancing the utilization of low-level
features. Furthermore, it decouples the detection head to expedite model convergence. Additionally, to
tackle the scarcity of small targets and incomplete scene coverage in existing UAV small-target datasets,
we contribute a multi-scene, low-speed, small UAV target dataset (LASD-D). The experimental results
demonstrate that our proposed algorithm achieves an average precision of 98.29% in LASD-D, surpass-
ing the baseline network by 2.87%. Notably, it outperforms mainstream algorithms such as YOLOV7,
YOLOVS and QueryDet, effectively meeting the demands of UAV small-target detection applications.
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Tab.1 Experimental results of model performance comparison

Hiat P/% R/Y%  Pu/%  JERE/(Wes™")
YOLOvV3 88.45 85.11 87.15 53.7
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Tab.2  Comparison of model complexity before and after improvement
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Tab.3 Experimental results of the ablation study for the LASD-
YOLOVS model.

YOLOV5 C3PP BiFPN fif kK P/ %
NG 95.42
NG N 97.13
N N 95.53
NG N 96.23
N NG NG NG 98.29

Vs AR A %L

M 3 H AT AR, A ST A —
FEEE F3RTE T BT F I AN/ B AR BRI RE
Fr 12 C3PP AR5 ] AR mAP 8 bR THUR B
i, PR T 1715, R C3PP AR AT A
T BRSO NVERAE , AT FHR ISR . t4h,
BiFPN 2544 9 I A mAP $8 454 0. 11% fI4R
T, Hh5R TS TN E R A BARIE R . B
Ji » KISk AR mAP FRARMETH T 0.81% ., %M
Ff RS I Sk TT LATE B o3-S AT 55 Al A AT 55 22 ) 1) oo
5%, MMt BFRRHINARERE . X SEHGHITS LASD-
YOLOV5 £ AV mAP 484740 H T YOLOVS $2 5+ T
2.87%, iKE|T 98.29% , MM G HRIRIZETT A
BL/IN B ARSI 77 T PR LR AR
2.2.3 AR

R T X A R A AR ) G A5 SR, AR Sk
A7 T AT AR AR A B, DAER RS 0 55 405 1 47 A D 7
J5 TR 8 IO £ ABE 70 44 7 1 R BRI

1 HMTR I R X E

B 7 R T LASD-D A LIRSz,

(2) YOLOVS (b) LASD-YOLOvS

(¢) YOLOVS

(d) LASD-YOLOvS

7 HAT LR IS S LA

Fig. 7 Visual comparison of detection results
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Tab.4 Comprehensive recognition of video sequences

Lt P/% F/% M/ %
YOLOVS 93.1 3.7 3.9
LASD-YOLOv5 95.3 3.5 1.8
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Fig.8 Partial video sequence detection results
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