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Research on detection methods of small targets on ground by UAV
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Abstract: Small object detection in drone images is one of the key and difficult research areas. Compared with large targets, small
targets have fewer features and are more susceptible to interference from occlusion and complex backgrounds. To address this issue, a
multi model fusion object detection network YOLO-DA based on YOLOv7 tiny is proposed. Firstly, add layers for detecting small and
extremely small targets to enhance the network’ s ability to learn small target features; Secondly, the spatial adaptive feature fusion
ASFF-L detection head is introduced to suppress the inconsistency of features at different scales by learning spatial filtering conflict
information, achieving adaptive fusion of multi-scale features; Finally, DCNS deformable convolution was introduced and a modulation
mechanism was designed to expand the range of deformable modeling, enhance the modeling ability of the model, and reduce the impact
of occlusion overlap on detection. Through experimental verification, the proposed method achieved an average accuracy of 44. 7% and a
inference speed of 71 fps on the Visdrone2019 dataset. The average accuracy was improved by 9. 7% compared to the baseline algorithm,
and the model memory was 63. 8 M, enabling real-time detection. Through ablation and comparative experiments, it has been shown that
YOLO-DA significantly reduces false positives and false negatives in drone aerial image detection, and has higher detection performance.
Moreover, the algorithm parameters and computational complexity can meet the real-time detection requirements of edge devices such as
drones.
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Fig.2 The structure of feature extraction network model after increasing the size of small target
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D ZAARG I/ B AR 2 2558, S50 BN, e L
FERL RN T P2 P3 4332 DCNS A 7R JE A LA & ASFF-
L AR AR A YOLO-DA Bk R E % mAP (HiRTH
T 9.7% KR T T 5. 4% , B EIRAEFT 9.2%., 1
Bl P2 P3 K 4> 32 A9 YOLO-DA 553 mAP {H )f /b
T 7%,

AR BRI A R S M AT AR A5 IS IR < o T
FAAEAS Y20/ F RS AR ARSI 73 308 T3 7/
FUARAGHIN Fe) P8 fIE 28 G L 225 Lk, SO PR AY YOLO-DA
BRI AN G LT /N F AR T 5 1R VE 2 RO AR
AL, BEAS HT 4y Hu P = /0 FUARAS I i PR RE , RS SEAL
RGNS L

F3 HEEKIE
Table 3 Ablation experiment

Baseline +P2 P34y% ASFF-L  DCNS % P R mAP0.5/% mAP0.95/%  Parameters’M  FLOPs/G FPS
VvV 45.6  38.2 35 18.5 6. 04 13.3 126
vV VvV 50 43.6 41.2 23.3 35. 04 85.7 84
Y 2 47.1  36.8 36.3 18.7 11.4 21.5 100
Vv VvV 46.9  38.6 37.3 18.9 10.5 15.8 105
VvV Vv vV 55.2  41.9 42.6 23.7 59.2 134.6 72
vV VvV vV 51.9  45.5 44.2 25.1 39.7 98.9 69
vV vV vV 45.7  39.7 37.7 19.2 15.9 24.2 89
VvV vV Vv 51 47.4 44.7 25.3 63.8 147.9 71

ST Y0E T PR AR X AN ) RUBEAS [R) 2 51 H e Ay A6 1)
PERE, 45t T AR AR i &2 00 B AR BRI ROCR |, ank 4
FiR o MNRPAT, A SCHT A RIAE Pedestrian b FAG
RCRETHR M B, mAP (3T T 14. 4% ;7% Tri Bus LA
J Motor I (1 45 T+t A0 XF 482 4, mAP {H 2 B4 T+ T
11. 4% \11. 7% 1 12. 7% ; tH T Pedestrian 2551 1 H #5 A1
X T AL B H AR RSF S /N R RE 8 543 1k
AR SCEEAE /N HARKE I D7 T AR H . Beah, AR SCR AR
Car 5% mAP RMEIR S T 84. 6% , 78 R S AL 5 i
FG A 2 BE AR R ARG DL T, T3 R A 1 AR - 1y Azl 5%
o SRR AR A HBR B AS I RS A E 4 B v
W28 B BT

®4 BRI

Table 4 Different types of comparative experiments

Name YOLOv7-tiny( mAP50) YOLO-DA (mAP50)
Pedestrian 37.6 52(+14.4)
People 36.9 44.8(+7.9)
Bicycle 9.3 17.7(+8.4)
Car 75.6 84.6(+9)
Van 38.8 47.7(+8.9)
Truck 31.5 39.6(+8.1)
Tri 19.6 31(+11.4)
Awn-tri 11.9 16. 1(+4.2)
Bus 47 58.7(+11.7)
Motor 42.4 55.1(+12.7)
Mean 35 44.7(+9.7)

2.4 XFEESRER
SRS IE SC AR BT 4 H B WA A R AR S T R

5T FE R B ELE VisDrone2019 B4R £ 47 %) L a2
5. Fr i B 3 3 75 A DroneEye2020 , Cascade R-
CNN ,CenterNet ,.SDS-YOLO Z545-F JC A ML FA H ARG
B SRR AN 5 TN, SR ARG I 4 SR kL
FARFRIE, NS AT, SCH 5L AE Pedestrian
People ,Car ,Bus H1 Motor 5 251 FRCREET W35, Horp
mAP $§ b5 (9 (8 32 T+ 55 o W, 43 5 02 52% . 44. 8% |
84. 6% .58. 7% K1 55. 1%, FE Bicycle , Truck ¥ J7 I W%
T MR A B, A 17, 7% 1 39. 9%, FE Tri,
Awn-tri K2 2E 51 F KT DroneEye2020 5.3, 43 5l &
31%H116. 1%,

FRAE LA 43 HT , A SC T 45 58 T 2 T A G 0 R ko
FE XY B £ B E Fast R-CNN L)} Casecade R-CNN £
SERPRERE 23 SR T T 23% F1 21. 5% , Hoh Pedestrian |
People il Car M T B o B &, 4 R T T 30. 6%
29.2%F1 32. 9%, X bt 3 Ui 1Y HL B B S TE YOLOvSs, F-
VIRGEESRTE T 11, 5% AEARA— 4002651 | YOLO-DA
HRSUET YOLOVSs 533, £ al i, SCrp 4 i i/ B AR
R B i T T /0N B R G R 7 4 B I
YOLO-DA A% J& SR I 1) 75 5K, IF BT Z 80 %t
2% . i1 E RIS, YOLO-DA 8 A /il JC A ML 8 18
Gt A W
2.5 EEHRHASF

J9 T B IE A SCE T YOLO-DA 78 6 AL/ H b5
Bt EA R, BEE S VisDrone2019 M4
823G I IC MU ] 1EA T m A A6 2L
A 4 i B 4(a) ~ (e) 200045 5 4L IE AHLAL
T B AR E LR Pk s, FHh 22 M S A YOLOVT-
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Table 5 Comparative experiments of different detection algorithms

Bk Pedestrian  People  Bicycle Car Van Truck Tri Awn-tri Bus Motor ~ mAP50 FPS
DREYE2020/% 35.7 18.3 14.0 56.5 42.9 37.6 35.4 25.9 50.4 28.9 34.6 -
CASCADE R-CNN!%! 22.2 14.8 7.6 54.6 31.5 21.6 14. 8 8.6 34.9 21.4 23.2 15
CENTERNET!?* 22.6 20. 6 14.6 59.7 24.0 21.3 20. 1 17.4 37.9 42.0 26.2 -
SDS-YOLO!'?! 46.7 35.4 14.4 82.0 45.1 35.8 26.5 12.7 54.3 47.4 40.0 40
FAST R-CNN[2%J 21. 4 15.6 6.07 51.7 29.5 19.0 13.1 7.7 31.4 20.7 21.7 20
YOLOV5S!?"] 38.2 30.6 12.0 72.4 35.2 30.8 19.3 10.2 45.5 37.8 33.2 85
MIXEDYOLOV3-LITE % 34.5 23.4 7.9 70.8 31.3 21.9 15.3 6.20 40.9 32.7 28.5 -
YOLO-DA 52.0 4.8 17.7 84.6 47.7 39.6 31 16. 1 58.7 55.1 44.7 71

tiny A I, A &R YOLO-DA B3 46 0 R4 R 5 o1
Pl B e R AE AR 5 40 AR R 7 Sk AR i YOLOv7-tiny 5
YOLO-DA &5 5 i AR R 2 4k

WEETR, B 4 (a) RGN B bR R ACE , H7E
b o A A R i AN ROEE Y B AR, YOLO-DA HyE A& %
KT ST IR AT NS EEFEZE R TRk S A R R AIE, HL
FERTIE T AT N B A AT 25 O G I 00 R A AR o 4 v, 3
ST ASFF-L HiE W 2 R AR, B T ASFRHE
FRUBEXS F B RHE B 24 ST RCR . YA AR P i B A
W3 BN HARER RS BRI T , I 4(b) L (d) By
KRR T LAE 1, i 5 e H 6 KT T #IRe % 1E
BRI oA H AR Ak BAw ., Bl 4(c) | (e) A%

B2/ AR ORISR 70 A, 368 3k 20 A P PRI L AT LA
TEFEG IS BEXT =58 4 RS 3 R R LA TR
RAESE MG [ 4(e) RT/NA SRS IR T 5 AT Al
KR AR IR T

T SR BCR X LRI A, 2k A A E F R R
RSk SO AR FAR T A5 S 2 IR BT AR H AR
BAHE T, PN A4/ AR RERE AT R SR PR Y T
P, BRI E AL BB HAR, 25 LITIR AR SCHR A 2
T YOLO-DA 92 HARKINJr ik , e AN R 15 5 AN [F] H AR

ﬁ /?'\ Y
AR FEDE ISR SE PR 5T, 0 428/ H AR DI

TS AR SRS R A T ARAE BB T, RERE I 2 TG AHLAR
FAEHG ) F ARSI 55 .

(a) B/ B AR

(a) Small night goals

(b) E H AR

(b) Concealed object

(o) H&E R

(c) Intensive targeting
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Fig.4 Comparison of detection effect

FFEPTCNHUTE B2 i TR —80 = 4305

T BRI DL KN BAR T i e st T K T 8y
HEME B BRSNS 421 T YOLO-DA 595, TR EHR
W43, Bt HARASINZ 0 AN B R FIRL S B ARSI Z , %t
/N EAR BB RO AR B 3, R T RRAE (B A 4R BLRE
F1. GEFFHEFEEGH 4 51 A 0] AR A U T B H | B mT
AP ARZ LA S 38 I sk AL A Oy X, A 5 A B e 2
AL B BR I S5R, BE G T T H AR RCH NS SR B R
Z+FEOMK A, R B, 51 A A 3 R REAE @A
232 2T 08 v S A S F R R R — B
D R T TS — E0h B bR T R )
YOLO-DA 53:4E VisDrone JC AMUEHESE X e R Bk
FEVERGR A B3R A mAP [H34 4 327, mAPS0 42T T
9.7% ,mAP50-95 {HE T} T 6. 8% , I A1 &1 45 #f BH 3k &5y
71 fps, FEMEIRE H bR O SERFAD B, 7R KA TAEH 8
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S 23k
[ 1] BRIAE, BV, skEAR, 5 A TRIEREG 52T

[FIRAAESE B Rt dn BN B ARkl [T]. il 5

VB84 ,2023,37(10) ; 183-192.

CHEN P L., WANG J T, ZHANG ZH W, et al. Small target

detection in aerial images based on feature aggregation and

[2]

[3]

[4]

(5]

[6]

(7]

multiple cooperative features interaction [ J]. Journal of
Electronic Measurement and Instrumentation, 2023,
37 (10) ; 183-192.

e TR iR R, 4. Bl e 22 )2 PURIE Y 2 2 ]
BGHuT 55 /N HAR KR IN [ )], AR 2R, 2022,
43(3) . 221-229.

YAN J H, ZHANG K,SHI T J, et al. Ground dim small
target detection in remote sensing images by fusing multi-
level features [ J ]. Chinese Journal of Scientific
Instrument, 2022, 43(3) . 221-229.

ZHANG Y. Detection and tracking of human motion
targets in video images based on camshift algorithms[ J].
EE Sensors Journal ,2020,20(20) :11887-11893.

CHEN X L, YU X H, HUANG Y, et al. Adaptive
clutter suppression and detection algorithm for radar
maneuvering target with high-order motions via sparse
fraction ambiguity function[ J]. IEEE Journal of Selected
Topics in Applied Earth Observations and Remote
Sensing, 2020,13:1515-1526.

GIRSHICK R, DONAHUE J, DARRELL T,
Richfeature hierarchies for accurate object detection and

IEEE Conference on
2014 .

et al.

semantic segmentation [ C ].

Computer Vision and Pattern
580-587.

GIRSHICK R. Fast R-CNN [ C ]. IEEE International
Conference on Computer Vision, 2015;1440-1448.

RUN J, HE K, GIRSHICK R, et al. Faster R- CNN:

Recognition,



59 1

Te BN H/ S B AR 7 058 -153

(8]

(9]

[10]

[11]

(12]

[13]

[14]

[15]

[16]

[17]

Towards real-time object detection with region proposal

net-works [ C ]. Advances in Neural Information
Processing Systems, 2015:1137-1149.

REDMON J, FARHADI A. YOLOv3: An incremental
improvement [ J ]. ArXiv arXiv: 1804.
02767, 2018.

BOCHKOVSKIY A, WANG C Y, LIAO HY M. YOLOv4.
Optimal speed and accuracy of object detection[ J]. ArXiv
Preprint arXiv; 2004. 10934, 2020.

WANG C Y, BOCHKOVSKIY A, LIAO H Y M.

YOLOv7: Trainable bag-of-freebies sets new state-of-the-

Preprint

art for real-time object detectors [ J ].
arXiv: 2207. 02696, 2022.

LIU W, ANGUELOVD, ERHAN D, et al. SSD: Single
shot multibox detector [ C ].
Computer Vision, 2016.:21-37.
WRI, A, S, A5, R 2 ROBEFRRIERE & SSD 1Y
AR /N BRI [ )] e s RS TR, 2021,
29(11): 2672-2682.

CHEN X, WAN M J, MA CH, et al. Recognition of

ArXiv Preprint

European Conference on

small targets in remote sensing image using multi-scale
feature fusion-based shot multi-box detector [ J]. Optics
and Precision Engineering, 2021, 29(11) : 2672-2682.

AU AL RS, 55, — R R AT A/ B AR i
Jrid [1]. AR, 2022,43(5) :136-146.

SHI X, LU H, QIN P J, et al. A long-range pedestrian
small target detection method [ J]. Chinese Journal of
Scientific Instrument, 2022, 43(5) :136-146.

XNI7 RS, BT 22 RO TR BE 2 ~) 19 [ 38 AT AH H bs
KT, fias2Fdi,2022,43(5) :471-482.

LIU F, HAN X. Adaptive aerial object detection based
on multi-scale deep learning [ J]. Acta Aeronauticaet
Astronautica Sinica, 2022,43(5) :471-482.

AKYON F C, ALTINUC S O, TEMIZEL A. Slicing
aided hyper inference and fine-tuning for small object
detection[ J]. ArXiv Preprint arXiv: 2202. 06934 ,2022.
JRAcH:, PR A, RARSE S5, B T YOLOV7-tiny 11
o A R SRR A BRI i [0, HL I 54
el ,2024,38(7) :22-33.

KUANG X Y, CHENG F J, WU C Q, et al. Efficient
and lightweight remote sensing image object detection
method based on improved YOLOv7 tiny [ J]. Electronic
Measurement and Instrumentation,2024,38(7) :22-33. .

JRFYER , = AL SET RO YOLOVT i/INERRKGII T ). 3
FEHLTRE,2023,49(1) :41-48.

QI L L, GAO J L. Small object detection based on
improved YOLOv7 [ J ]. Computer Engineering, 2023,
49(1) :41-48.

[18]

[19]

[20]

[21]

(22]

(23]

(24]

[25]

[26]

[27]

X%, TuATE 2 [, 55 UAST-RCNN #E#417 A Y H
R T]. o0 5 AR # 4, 2022,36 (12)
168-175.

LIUY, YUCHY, LIGY, etal. UAST-RCNN: Object
detection algorithm for blocking pedestrians [ J]. Journal
of Electronic Measurement and Instrumentation, 2022,
36(12) :168-175.

AL, Je Mk, 15, 25 ok AL VIG-YOLOVT-
tiny FOHIBAZRIETEREEAGIN [ 1], Je-dhi TR, 2024,
32(8): 1227-1240.

LIANG L M, LONG P W, FENG Y, et al. Improved
VTG-
YOLOv7-tiny [ J ]. Optics and Precision Engineering,
2024, 32(8) : 1227-1240.

BRI, BN ORI, 5. JE T DSM-YOLO v5 G
AHUL A7 B8 B AR A [ ], 3L 3% 5 AT,
2023,59(18) :226-233.

CHEN W B, JIA X J, ZHU X B, et al. Target detection
for UAV image based on DSM-YOLOv5[J]. Computer
Engineering and Applications, 2023, 59(18) ; 226-233.
LOSHCHILOV 1, HUTTER F. Decoupled weight decay
ArXiv 1711.

steel surface defect detection of lightweight

regularization [ J ]. arXiv;
05101,2017.

CAO Y, HE Z, WANG L, et al. VisDrone-DET2021; The
vision meets drone object detection challenge results [ C].
IEEE
Vision,2021.

YU W P, YANG T, CHEN CH. Towards resolving the

challenge of long-tail distribution in UAV images for

Preprint

International ~ Conference  on  Computer

object detection [ C ]. TEEE Winter Conference on
Applications of Computer Vision ( WACV ), 2021.
3257-3266.

ALBABA B M, OZER S. SyNet: An ensemble network
TIEEE
International Conference on Pattern Recognition, 2021.
EER(ER7N O SN/ I =i A oW NG N S Y Rl
BRI, R AR 2022,45(19) :167-174.
WANG H T, ZHANG SH, CHEN X, et al. Lightweight
uav aerial target detection algorithm [ J].
Electronic Measurement Technology, 2022, 45 (119) .
167-174.

YU W P,YANG T J N,CHEN C. Towards resolving the
challenge of long- tail distribution in UAV images for
object detection [ C ]. IEEE Winter Conference on
Applications of Computer Vision, 2021 3258-3267.
Xl MRz k& , #7fi. BT YOLOvSs I/ Hox
Rl e BRI FE ()] Je 4 TR, 2023, 53 (10)
2286-2294.

for object detection in UAV images [ C ].

Journal of



- 154 - LSRR R e o

38 &

LIU ZH W, CHEN C F, DONG F M. Research on
improved algorithm for airborne small target detection
based on YOLOvSs [J]. Radio Engineering, 2023,
53 (10) : 2286-2294.

[28] ZHAO H, ZHOU Y, ZHANG L, et al. Mixed YOLOv3-
LITE: A lightweight real-time object detection method[]J].
Sensors, 2020, 20; 1861.

EE®E T

T, 2021 AT BT OREED

SFBER A, DO R TR A A

WEE A, 225 T5 1 O (R Ak B 5 BLAR

WE
E-mail ; 1595438923@ qq. com

Su Yulei received her B. Sc. degree from

@,

Qingdao College of Qingdao University of Technology in 2021.

She is now a M. Sc. candidate in Changchun University of

Science and Technology. Her main research interests include

P AL, B R A B T A PR, 2

image processing and machine vision.
WEFE 5 1) Ry S LR B R LA o

BT GEFER),2007 4 T RAEM
6 TR RA 2407, 2009 4 T R b K2

2 ETTHIIIEE
E- mail; hdd@ cust. edu. cn

ARAFAA -2 i, 2016 4F TR B TR 2 3

Huang Dandan ( Corresponding author) ,received her B. Sc.
degree from Changchun University of Science and Technology in
2007, her M. Sc. degree from Northeastern University in 2009,
and her Ph. D. degree from Dalian University of Technology in
2016. She is now a lecturer at Changchun University of Science

and Technology. Her main research interests include computer

vision, pattern recognition, machine learning and so on.



