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A multi-scale target detection algorithm for unmanned
aerial vehicle(UAV) images in complex scenarios

Zhan Yufei
(National Key Laboratory of Complex Aviation System Simulation,Chengdu 610036, China)

Abstract: To deal with the challenges faced by target detection algorithms due to the small scale, weak features, and
high background interference in images of a drone dataset, a multi-scale target detection algorithm for unmanned aerial
vehicle images in complex scenarios is proposed. This algorithm enhances the overall accuracy, reduces false negatives
and positives, through the incorporation of modules such as DConv, AIFI, and Dyhead. These components address the
limitations of the original network in handling multi-scale targets. Furthermore, the use of the DIoU loss function
improves the model's convergence capability. The effectiveness of this approach is demonstrated through its application
in detecting multi-scale targets on the VisDrone-DET2019 dataset. Compared to the original network, there is a 3. 7%
increase in precision, a 1.2% increase in recall rate, and a 2.3% improvement in average accuracy. Moreover,

extensive experiments demonstrated that the proposed algorithm exhibits strong robustness and excellent overall

performance, suggesting significant industrial application potential.
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Table 2 Ablation experiment

DConv  AIFI  Dyhead DIoU mAP50/% R/%
X X X X 47. 8 45.8
J X X X 48.1 45.8
X J X X 48.6 45. 9
X X J X 49. 8 47. 4
J J X J 48.2 46. 1
J X J J 48. 4 46. 2
X N NG N 49.1 46.0
J J X J 48.3 46. 2
NG N N NG 50. 1 47

3.6 FAEBSHIZETHIILLE

D0 Ao i 1) 255 5 0F 4 Y 1) I R R A e AP RE A
BERBEEADIR ., 00L& 7 ] R BE L AR SOT R T
JLH XS LS, sk 3 B, BAE & R A A S5
S RS L IR R A BT SR SGD, fEX — &
SIS T LU B AR L LE AL AR A Adam Al AdamW
TEPRAE 2 T b IR T R W SO AVRR 2 A L SR T, A S
P RO T o o S0 2 0T o e Ak TR Al T SR PR
WS 5 2k 3 St Al A SR T SGD JEBLH T Ak e 9
oo BARITE A A sh 8 901 SGD AL AESS 7 I ZRid 72
T W SIS 4 i s 3 A A e T o Y 3 AR UK T EL I
REAT 80 S B A S5y 8 S (10 i+ X %) T 4 THBE AL 42 AL fiE )
M AVERE R RE . AL, S IR A7 6 A B T UL &%
TEB BE T ) b 1% SRR DA T ol 45 A5 70 B 808 7 52 2 I 1k 57 WL

Fh S AR A RS 2l L R G T R AL BE Y R 2 Bl . T 4R
w5 IR AR E .

Table 3 Hyper-parameter experiment

ks %33R P/% R/% mAP50/% mAP50-95/ %

Adam  0.001 58.6 46.5 49.6 30.5
AdamW 0.001 57.1 45.6 48.1 29.2
Adamax 0.001 58.9 44.5 48.9 27.5

SGD+3hiE 0.01 60.4 47.0 50.1 30.7

3.7 XLE=EI

SR T B8 AS SCITAR R 4% 4 S M B L BT TN H
BSORAIEIA B 4 AN BARBHEMIEIROFE P.A I E R,
SEHKE B mAP50 Fl mAP50-95) Jg & MR, S 45 8
FA5PR. NFE AW ISR AR SCHE
AUAH 4R T H A 22 BT AL AE |3k 4 NI S bR T ¥R E &
BRI RE . A EE T IR 4% — Y OLOv8s , A U A 1E
W BRI T 3. 7% . EF R FRFAT 1.2%, mAP50
AT 2.3%,mAP50-95 $2F T 1. 4%, X EFEMH/ L FA
CLEAMH T sh A BB B I T B LR R R E
EH LA R ShAS K 3k , (5 545 D B 6% AR A S ] 4 A RE AR R
<t R R B AR AL B AR A 1 B i R M AR
WRE . IR, 2% eR B A Bk A i B TR AL L Rk T
Ykt fe. 5 YOLOvSn A b, A SCAL B #E R Fl mAP50
WA TE TR A7 bk B L R T TR 8. 6%, It
AN, BIRAR SO R B S 2 BE RIS N T — AR E W SR
B3 T B30 45 181 A 9 S 2 4 BT 1A 15. 6 ms, 545 A H
B A I 1 52 A P SR . 53 4, 38 A xR R ToU 94 Y 3%
BLOATRVE R E R ToU BIE AT DL & i R, (A & 5
WA MR B, fSLbr A 3mSR IoU B H %
TARIEE AR R ok e, il E R S ME RS
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Table 4 Comparative experiment

J7 i P/% R/% mAP50/% mAP50-95/%

YOLOv5n  51.6 40.0 41.5 25.0
YOLOv5s  57.3 45. 8 46.0 28.3
YOLOv6n  49.7 38.5 39.3 23.6
YOLOv8n  51.5 38. 4 40.0 24.3
YOLOv8s  56.7 45. 8 47. 8 29.3

Ours 60. 4 47.0 50.1 30.7
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Table 5 Comparison of AP in different categories %

ViReS Ped. People Bicycle Car Van Truck  Tricycle  Awn. Bus Motor
MSA-YOLO™" 33. 4 17.3 11.2 76. 8 41.5 41. 4 14. 8 18. 4 60. 9 31.0
SDS-YOLO" 46.7 35. 4 14. 4 82.0 45.1 35.8 26.5 12.7 54.3 47. 4
YOLOV7-tiny 39.6 36. 2 9.6 77.5 38.3 30. 3 19. 4 10. 2 49. 6 44.5
YOLOv8n 40.0 46. 3 34. 8 80. 9 44.2 35.2 26.3 15.1 56. 5 45.8
YOLOvVSs 55.5 43.2 23. 2 85. 4 52.0 43.9 35.1 19.0 64.7 56. 4
Ours(IoU=0.7)  56.7 45.5 25.8 86.0 54.2 44. 4 39.5 21.7 68.7 58.5
Ours(IoU=0.5)  45.6 45. 8 20. 5 84.8 49.9 45.0 42.6 19.7 64.2 57.3
Ours(IoU=0.9)  57.0 45.8 26. 8 84.7 54. 6 45.0 40. 3 22.0 68.8 57.9
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