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A Small Object Detection Model for Drone Perspective

LIN Hao, XU Jianyu, YANG Huan
(School of Software , South China Normal University, Foshan 528225, China)

Abstract: To address the issue of low detection accuracy for small targets in UAV aerial imagery, an improved YOLOvSs algorithm for small
target detection in UAV aerial imagery is proposed. Firstly, to enhance the feature extraction capability of the backbone network and thus cap-
ture more semantic information of small targets, the idea of dense connections is introduced into the C3 module of the backbone network,
which is improved into the DC3 module. Secondly, the CIOU loss function is replaced with the EIOU loss function to further accelerate the con-
vergence speed of the model and enhance its detection capabilities and localization accuracy. Finally, an additional small target detection head
is added, which greatly improves the detection accuracy for small targets. Experiments on the VisDrone2019 dataset of UAV aerial imagery
demonstrate that the improved model, compared to the original YOLOvSs, has increased the mAP@0.5 by 6.6 percentage points and mAP@
0.5:0.95 by 4 percentage points, making it more suitable for target detection in UAV aerial imagery.
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Fig.1 Improved YOLOVSs model structure
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Table 1 Comparative experimental results on the VisDrone dataset
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Sk mAP@0.5/% AT A A A% HE (IR +F =REOENZE=RE O FEFER
Faster R—-CNN 21.7 21.4 15.6 6.7 51.7 29.5 19.0 13.1 7.70 31.4 20.7
RetinaNet 13.9 13.0 7.9 1.4 45.5 19.9 11.5 6.3 4.20 17.8 11.8
YOLOv5s 32.3 39.8 32.3 10.6 73.1 332 26.5 18.4 9.38 415 38.0
YOLOv7-tiny 36.1 41.5 37.4 10.0 77.6 37.5 29.6 22.8 11.0 48.8 454
YOLOv8s 38.9 42.2 32.5 11.0 79.8 45.4 35.8 27.0 16.0 54.8 44.7
ours 38.9 49.8 38.8 14.1 81.7 422 32.4 225 11.4 51.6 45.0
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Table 2 Ablation experiments based on YOLOvS5s model

F 2 LBLYOLOvSs A EfAR R Ay R SC I8
mAP@ mAP@0.5:

Bk Precision Recall Params/M
0.5/% 0.95/%

YOLOvS5s 323 17.4 443 333 7.04
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38.5 21.0 49.4 38.4 7.18
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Fig. 3 The detection results of YOLOvVS5s and the algorithm proposed
in this paper

B3 YOLOvSs SAXH ZWRMLER

4 Z5iE

B X 24 1 TG AL P A5G I A5 SR AS A % ) T, A S
X YOLOvVSs H AR KA 47— R 40 etk , DA TR
DRSS D T4 i C3RE AT et R i T
—A>DC3FEHL, FH 108 T W 2% A ReE SRR ) . BT
¥ CIOU 35K BREL AL S ETOU 5 2 R, #2711 AR 7R )11 25



28 1

MRRET R JE AP A /) F ARG AR - 187

BOR B/ N B AR RISk ST TR B A
Kt/ BAR A RTIORE B2 o SEe g SRR W], e 5 A A 5
FLLE BRI YOLOVSs M L, mAP@O.5 $2 T+ T 6.6 4~ 1 43 A,
mAP@0.5:0.95$2 T+ T 44~ H 43 sl o A SCKAE N — 25
HFORWI AL B 7 ik G SE TR 11z AL RE T, DAk A
AU S, R iR R AL 5T, B0 120 s A ShE , AN
s BRI A 5 TE MR — 255 -

Sk

[1]

[2]

[5]

(6]

[8]

[9]

HONG D, GAO L, YOKOYA N, et al. More diverse means better: multi-
modal deep learning meets remote—sensing imagery classification [J].
IEEE Transactions on Geoscience and Remote Sensing, 2020, 59 (5) :
4340-4354.
HONKAVAARA E, SAARI H, KAIVOSOJA J, et al. Processing and as-
sessment of spectrometric, stereoscopic imagery collected using a light-
weight UAV spectral camera for precision agriculture [J]. Remote Sens-
ing, 2013, 5(10): 5006-5039.
MENOUAR H, GUVENC I, AKKAYA K, et al. UAV-enabled intelli-
gent transportation systems for the smart city: applications and challenges
[J]. IEEE Communications Magazine, 2017, 55(3): 22-28.
GIRSHICK R, DONAHUE J, DARRELL T, et al. Rich feature hierar-
chies for accurate object detection and semantic segmentation [c1//Pro-
ceedings of the IEEE Conference on Computer Vision and Pattern Recogni-
tion, 2014: 580-587.
REN S, HE K, GIRSHICK R, et al. Faster r—cnn: towards real-time ob-
ject detection with region proposal networks[J]. TEEE transactions on pat-
tern analysis and machine intelligence, 2016, 39(6): 1137-1149.
REDMON J, DIVVALA S, GIRSHICK R, et al. You only look once: uni-
fied, real-time object detection [CJ//Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition, 2016: 779-788.
LIU W, ANGUELOV D, ERHAN D, et al. Ssd: single shot multibox de-
tector C1// 14th European Conference on Computer Vision, 2016: 21-37.
LINTY, GOYAL P, GIRSHICK R, et al. Focal loss for dense object de-
tection [ C]//Proceedings of the IEEE International Conference on Comput-
er Vision, 2017: 2980-2988.
CHEN C, ZHANG Y, LV Q, etal. Rrnet: a hybrid detector for object de-
tection in drone—captured images [C]/ Seoul: Proceedings of the IEEE/
CVF International Conference on Computer Vision Workshops, 2019.
LIU Z, GAO G, SUN L, et al. HRDNet: high-resolution detection net-
work for small objems[C]//ZOZI IEEE International Conference on Multi-
media and Expo (ICME), 2021: 1-6.
ZHANG X, IZQUIERDO E, CHANDRAMOULI K. Dense and small ob-

[14]

[17]

Jject detection in uav vision based on cascade network [C]// Seoul: Pro-
ceedings of the IEEE/CVF International Conference on Computer Vision
Workshops, 2019.

CHEN J, SUNJ, LI'Y, et al. Object detection in remote sensing images
based on deep transfer learning[J]. Multimedia Tools and Applications,
2022,81:12093-12109.

ZHU X, LYU S, WANG X, et al. TPH-YOLOvS: improved YOLOv5
based on transformer prediction head for object detection on drone—cap-
tured scenarios [C]//Proceedings of the IEEE/CVF International Confer-
ence on Computer Vision, 2021: 2778-2788.

SUNKARA R, LUO T. No more strided convolutions or pooling: a new
CNN building block for low-resolution images and small objects [C ]/
Joint European Conference on Machine Learning and Knowledge Discov-
ery in Databases, 2022: 443-459.

SUJ, QINY C, JIAZ, etal. A amall object detection algorithm based
on ATO-YOLO [J]. Computer Engineering and Applications, 2024, 60
(6): 68-77.

FAE, R—W, W, F . AT ATO-YOLO #/ B AR#em k)], 3
FAT AL 5 M ,2024,60(6):68-77.

LI G Q, SUN Y J. Target detection in drone aerial photography based on
improved SSD [J]. Space Control Technology and Applications, 2023,
49 (1): 65-73.

FHEE,IER . R T AR SSD g RAMALI B ARl [1]. 5 42 4]
HARL A ,2023,49(1) :65-73.

WUMJ, YUN L], CHEN Z Q, et al. Improved YOLOvSs small target
detection algorithm from the perspective of unmanned aerial vehicles
[J]. Computer Engineering and Applications, 2024,60 (2): 191-199.
XA, =HE KR, F . B YOLOVSs ¥ RAMAL A T A B 4R
Sk )] LTS B A ,2024,60(2) :191-199.
BOCHKOVSKIY A, WANG C Y, LIAO HY M. Yolov4: optimal speed
and accuracy of object detection [DB/OL].
2004. 10934.

HUANG G, LIU Z, VAN L, et al. Densely connected convolutional net-

https: //arxiv. org/abs/

works[C]//Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition, 2017: 4700-4708.
ZHANG Y F, REN W, ZHANG Z, et al. Focal and efficient IOU loss for
accurate bounding box regression [J]. Neurocomputing, 2022, 506:
146-157.
DU D, ZHU P, WEN L, et al. VisDrone-DET2019: the vision meets
drone object detection in image challenge results [ C]// Seoul: Proceed-
ings of the IEEE/CVF International Conference on Computer Vision
Workshops, 2019.

(FrAE 2 45« T 23 )



