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Improved UAYV aerial image detection algorithm for YOLOv11

Li Jun Ding Binbin Shi Weijuan Yang Lin

(School of Electronic and Information Engineering,Lanzhou Jiaotong University, Lanzhou 730000, China)

Abstract: Aiming at the UAV aerial image detection task, there are problems of tiny target size and complex
background environment, which often lead to leakage and misdetection, this paper proposes a small target detection
algorithm WT-YOLO based on YOLOvI1 for aerial images. First of all, taking into account the problem that UAV
aerial images are generally small targets, the structure of the YOLOv11 necking network is adjusted, and the output
feature map is changed size, which improves the algorithm’s ability to detect small targets. Secondly. the structure of
Bottleneck and C3k2 module, named C3k2-WT, is redesigned in combination with WTConv to realize the efficient
extraction of features. Again, Focal-Modulation is introduced to replace SPPF, which makes the model more robust in
dealing with complex scenes by focusing and modulating the features at different spatial scales; finally, the shared
convolution detection head is designed to reduce the number of parameters of the model through the convolution sharing
mechanism, while enhancing the global information fusion capability between feature maps. The experiments of the
improved algorithm on the VisDrone2019 dataset show that compared with the base YOLOv1ls model, the accuracy
(P), recall (R), and detection precision (mAP50) are improved by 5.6%, 5.9%, and 7. 5% . respectively, and the
number of params decreases by about one-fourth. which shows a good performance compared with other algorithms.
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Fig. 7 Comparison of three detection head structures
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Table 2 Comparative test of detection head structure
P2 P3 P4 P5 P/ % R/% mAP@50/ % Params/M Model Size/MB  GFLOPs
N J N 48. 8 38.0 38.7 9.4 18. 2 21.3
v N N N/ 53.9 41.7 43.3 9.5 18.6 28.6
N N J 52.7 42.0 43.4 7.1 13.9 25.6

FR 43R 2 B85 T, SR A ) e Rk T 42 I 4% 1 e
e, mAP @50 353 T 43.4, 4tk YOLOv11 £ F+ 7T
4.7% . [AIET ERIS BN 9.4 MR 7.1 M, FHET 2
/4, hETRBERG B EFRIA THRWER. HIFRERES
R, & R X AN G SR ) A R AR
A AT I R T, R A SO B M A s T R
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ARIXFI T EAER S WT-YOLO 7£ VisDrone2019
R &N AR IR Y 2 0, 25 Rk 3 TR, B
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Table 3 Comparison of detection accuracy by category

- mAP/ % |
YOLOvlls WT-YOLO increase
Pedestrian 42.1 53.4 +11.3
People 32.7 43.2 A10.5
Bicycle 12.1 17. 3 A 5.2
Car 79.5 84.9 A 5.4
Van 45.9 50. 4 A 4.5
Truck 36. 4 40. 4 A 40
Tricycle 25.8 34.5 8.7
Awning-tricycle 14. 7 20.3 A 5.6
Bus 55.1 63.3 A 8.2
Motor 42. 8 53.7 £10.9
all 38.7 46. 2 A 7.5
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A C3k2-WT Fisk sk ¥ C3k2, mAP@50 #7717 1.1%,
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Table 4 Results of ablation experiments
ik C3K2- Focali SC- /b ‘E fr P/ mAP@ mAP@ Params/ Model GFLOPs FPS
wT Modulation Detect )2 % 50/% 50:95/% M Size/ MB

YOLOvll1s 48.8  38.7 23.2 9.4 18.2 21.3 131
A V 50.5  39.8 23.8 8.9 17.5 22.5 122

B N 49.4  39.1 23.5 9.8 20.5 21.7 155

C N/ 50.7  39.5 23.8 9.0 18.9 23.8 151

D N 52.7 43.4 26.3 7.1 13.9 25.6 119

E N N N v 54.4  46.2 28.2 6.9 15.4 27.6 109
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Table 5 Comparison test of different algorithms %
- | | H 5 28501 | — AP
Pedestrian  People Bicycle Car Van Truck  Tricycle  Awning-tri Bus Motor

SSD 18.7 9.0 5.0 63.2 30.0 33.1 11.7 15.5 47.2 19.1 25.3
Faster R-CNN 20.9 14. 8 7.3 51.0 29.7 19.5 14.0 8.8 30.5 21.2  21.8
RetinaNet 13.0 7.9 1.4 45.5 19.9 11.5 6.3 4.2 17.8 11.8  13.9
CornerNet 20. 4 6.6 4.6 40.9 20.2 20.5 14.0 9.3 24. 4 12.1 17. 4
CenterNet 22.6 20. 6 14. 6 59.7 24.0 21.3 20. 1 17.4 37.9 23.7  26.2
YOLOv5s 39.2 31.4 10. 6 72.6 33.7 26. 2 18.2 9.8 39.9 38.4 32.0
YOLOv6s 37.2 29.8 8.9 78.1 42.6 32.5 23.6 14. 8 51.2 39.6  35.8
YOLOv8s 42.0 32.5 13.0 79.6 44.8 34.2 26.4 15.9 57.6 43.3  38.9
YOLOv9s 38.4 32.8 10. 3 78.0 43.2 34.3 26.9 15.0 51.5 42.2  37.3
YOLOv10s 39.9 31.3 11.6 79.0 45.0 35.4 24. 8 16. 5 55. 8 42.5  38.2
YOLOvlls 42.1 32.7 12.1 79.5 45.9 36. 4 25. 8 14.7 55.1 42.8  38.7
WT-YOLO 53.4 43.2 17.3 84.9 50.4 40. 4 34.5 20.3 63.3 53.7 46. 2

F* 6 B YOLOvI1s #& 8 X bk ik 36

Table 6 Comparative experiment on improving YOLOv11s

F 7Y mAP@50/%  mAP@50:95/%
LSOD-YOLO™ 45.2 27.4
M YOLOvSs™ " 46.1 27.9
SOD-YOLO™” 45.1 26.6
YOLO-RLDW™” 45. 8 27. 4
WT-YOLO 46. 2 28. 2

F£ 7 B YOLOvI1n # 8% bk it 16

Table 7 Comparative experiment on improving YOLOv11n

R mAP@50/%  mAP@50:95/%
ik YOLOv11n™! 40. 1 24. 1
itk YOLOv11n™™ 36.7 21.9
HPRS-YOLO™" 38. 4 22.7
WT-YOLO 40. 3 24. 2

BUL B RRAE fil A SR W 76 A RS D T 34 0 Al L
MG RN H AR K AT 55 R R B A, R T A
WT-YOLO £/ B A=K I i 48
3.8 #EGZHZLE

Sk B 3E AR 3C R O T 2 AR e S A R v, 1 R
RSOD #1 DIOR P44~ 2 J&k [ 15 50 4 4 JF J A5 B X LE S 55,
RSOD #4840 % € ML ImGE 3t SL 38 0F 4 b, 3
976 1 115 s DIOR £ 45 1E S KA S 2 8 Jaoksr ) 226 ofk:
3 CHL LA S 20 200, 4 23 463 TRIEMER . TS
EEEREN R ERERBRREHAAREER,
2 AR IR T . AR SCRA 73 2: 10 LI X RSOD
B £ AT Y ZR 4 / 9 i 4 /3% 4E KT 43 DIOR #0475 48 W)
REAEE 7R A HN . BB YOLOvSs, YOLOv8s, YOLOv10s.
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Table 8 Model generalization comparison test

" . mAP@ mAP@
PVEITE S A P/% R/% 50/%  50.95/%
YOLOv5s 78.4 84.2  78.2 55. 4
YOLOv8s 81.2 81.4 78.4 55. 4
RSOD  YOLOv10s 83.2 75.1 78.0 55. 3
YOLOvlls 81.4 84.0  80.2 56.7
WT-YOLO 86.3 84.2 83.2 60. 6
YOLOv5s 84.8 71.2  77.0 55.9
YOLOv8s 87.7 74.3  79.7 60. 1
DIOR  YOLOvl0s 87.0 72.8  79.2 59.1
YOLOvlls 88.5 74.5  80.1 60. 8
WT-YOLO 88.9 77.5 83.6 62.0

SIS RO FRW, WT-YOLO 78 WA 5o 42 1 2 3
AU R I P fE, 78 RSOD %4 4 L, & ¥ M Ik
YOLOv11ls ) mAP@50 #5454 T+ 3. 026, iK% 83. 2005 ¢
DIOR $t#i 4 . mAP@50 $54R 42 F 3. 520,15 3 83.6%.
HARE B JE, WT-YOLO 78 {7 35 55 55 A g B2 A 7] B
AR 23 B30 K T Ll X Ll R . e i O S 037 fh ik
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WUAT: 55 I 9 75 000 R 0 H B 0 100 B0 323 O 1k 5 5 i ik
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AT EU LA CHBGE R L S YOLOvV1Ls ZE G A
BLATFAZ 5 T AR ISR . 76 VisDrone2019 5045 £ Hp L
T/NEARE 0 A O IS AR G 2 ROEE H br R 2R g



F 7 %% YOLOvIL #) RAAUAL S B 4845 ml 3F ik

5 18 i

RILA 2R SR UHA AR AT 1 A0 245 2R 0 e S 56 /)
FI b7 3R A RO 2 52 2 2 A0 41 ] A5 A6 I e O o L 19 52 7 3
. 2 RUE B AR st A — B Borb TR i A7 A 2% RO 22 5%
(9 H AR CAAT A R R 0 e 3 S R BERL AR B 2

Y VR JE R SURRAE LB 25 AN 8 s, Hoh 2
JRE, H R YOLOv1s B8 7E % 3 5 F A9 R I %R
FiE R A SCk B WT-YOLO 546 I & 18] 5
YOLOv1s A I 22 59 76 & b LLZL B R JEAE AR i

FEE YOLOv11s
(a) /NEREEGR

(a) Small target dense scene

RE YOLOv11s

WT-YOLO

(b) SRR IR

(b) Lighting variation scene

JRE YOLOv11s

(o) ZREHEGR

JEE YOLOvl1s
(d) ShERmE %I =
(d) Dim lighting scene

B8 #2575 FBRA AR X T

Fig. 8 Comparison of image detection effects in various scenarios
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