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Research Review on Low-Altitude Visual Datasets for Unmanned Aerial Vehicles

SUN Yiming', ZHAO Kejia', WANG Shuo', CHEN Zhenguo', RUAN Yuan', YE Zifan',
CHEN Xingrui', LI Xin', CHU Ruilin', SONG Shengmin', HU Yitian', GUO Zhoupeng',
WANG Sen', HU Qinghua®, ZHU Pengfei’

(1. School of Automation, Southeast University, Nanjing 210096, China; 2. College of Intelligence and Computing, Tianjin
University, Tianjin 300354, China)

Abstract: Driven by the cross-domain synergy of unmanned aerial vehicle (UAV) technology and artificial
intelligence, and supported by national low-altitude economic policies and pilot reforms for airspace
opening, the low-altitude visual perception has played a significant role in smart cities, inspection, rescue,
and other applications. High-quality low-altitude visual data serve as the crucial foundational resource in the

field of low-altitude intelligent perception, and the release and application of public datasets have been
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pivotal in advancing low-altitude perception technologies. Despite the proposal of numerous datasets for

275
low-altitude visual perception, systematic organization and analysis of these datasets remain inadequate. To

characteristics and application scenarios, and selects representative datasets for detailed analysis. This
multi-task perception,

address this issue, this paper conducts a comprehensive survey of publicly released low-altitude UAV
review covers multiple domains, including single-UAV perception, multi-UAV cooperative perception,

vision-related datasets over the past 11 years, categorizes and explores them based on different data
multi-source perception,

complex environmental characteristics,

and UAV
embodied intelligence. To facilitate researchers’ understanding and use, the paper summarizes the basic

information of all datasets in graphical form and systematically analyzes their development trends from two
main dimensions: (1) metadata analysis, including dataset size distribution, scenario distribution, and
supported task types; and (2) basic information analysis, involving total image and video counts, target
category distribution, and annotation instance numbers. The analysis fully demonstrates the significant
progress in the quality of low-altitude visual perception datasets. Meanwhile, it points out that, despite the
initial formation of a systematic framework for low-altitude data, issues such as the imbalance between cost

and efficiency in low-altitude data annotation, insufficient reusability of multi-source data, inadequate

perception; UAV embodied intelligence

—_

coverage of extreme environments, and fragmented embodied intelligence data still exist. Finally, this
paper proposes outlooks for the future development of low-altitude datasets.
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Fig.5 Examples of datasets classified by modalities
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Table 2 Typical low-altitude visual datasets (k=1 000)
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35.0+ AP, 2.9+ AP, 10.0+ F1 AP, 21.0+ (1 45 AP, 6.2 10.2 6.8 11.1

R4S hT AP, 20.0 214 21.4 22.2




286 R E B L Jowrnal of Data Acquisition and Processing Vol. 40, No. 2, 2025

(2) AnimalDrone & H1 K H: K22 4 M6 & BL ' T 2021 4E Q1 2 (9 6 A HLRL 58 B He 58, B 78 M 3 it
5 WD AT 55 B At v T R YRR R B o BHE AR B P A T AR AL R, JC N HIL S bR AR AT B
AnimalDrone-PartA FI\ H B ™ I EE ) AnimalDrone-PartB, &3] 53 644 Wi, LA #8d 400 774 Hbr .
MR 478, % L CSRNet .CFF \GFAN 53505 7 , {7 19 48 % 152 2% (Mean absolute error, MAE) il
¥ 77 14 2% (Mean squared error, MSE)E Ry 48 b5 , X 38058 1% B9 8 o B2 #E 47 PF A , 78 AnimalDrone %45 48
PartA T4 I, GFAN J i 16 45 15 8] MAE 6.9 fl MSE 8.8, AnimalDrone ¥4 5 $2 it 7 4= & #9 3 ¥ b
X R BRI EETY 5 DA SR 2 1 RS R A 35 T sh ) 8 A A8 Ak REAARAT SRy L3 4 O B
TS P B S 5, Ry B I W D R R A A R R T R Y R

R4 HEIFIHEE AL AnimalDrone-PartA #iEE FHESIERR

Table 4 Quantitative metrics of the latest counting algorithm on AnimalDrone-PartA dataset

Overall ~ Low-density High-density Low-height Med-height High-height Bird-view

KA MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE
CSRNet 147 17.8 153 17.8 14.2 16.7 25.2 255 11.8 141 141 16.8 158 17.6
Switch-CNN 18.6 22,7 16.7 20.1 20.8 30.1 16.7 21.4 175 19.7 20.7 26.8 17.8 21.2
C-MTL 48.4 564 415 49.6 56.5 634 504 539 458 523 50.7 61.8 51.5 56.4
DA-Net 42.2 544 369 464 485 624 746 752 464 622 244 279 383 515
CFF 10.1 132 73 95 132 163 83 99 9.2 129 126 150 10.6 13.8
GFAN 69 88 81 104 57 71 11.7 134 45 57 75 93 74 95

GFAN-w/o-warp 7.5 9.7 82 11.0 6.6 84 13.1 152 43 58 86 102 7.3 10.3
GFAN-w/o-cnt 8.3 100 94 113 82 9.6 124 160 56 6.7 84 103 81 10.0
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Table 6 Comparison results on MDMT dataset %
] FAML 1 F A2 5 fk

ik MOTA dF1 MOTA dF1 MOTA idF1
Faster RCNN+QDTrack 52.12 66.23 43.02 57.68 47.57 61.96
Fasterr RCNN-+ByteTrack 53.88 67.71 47.98 64.14 50.92 65.93
Tood+ Bytetrack 50.95 66.42 48.02 63.92 49.49 65.18
Carafe+QDTrack 53.20 66.28 43.06 57.46 48.13 61.87
Cascade RPN+ QDTrack 51.05 65.00 45.75 58.66 48.40 61.82
AutoAssign—+ ByteTrack 49.52 67.38 44.52 63.75 47.01 65.56
Carafe+ Bytetrack 54.13 68.22 48.42 64.93 51.38 66.58
MIA-Net (AutoAssign+ ByteTrack) 51.90 69.67 47.46 66.81 49.68 68.24
MIA-Net (Carafe+ Bytetrack) 54.92 68.82 48.23 65.12 51.58 66.97

(4) AU-ATR J& i /1 22 B9 307 K2 Bozean %5108 A9 1 A 2 15 A% 0 AL S 38 W 4 43 4 i 1d
ik zs %ATF & (Parrot Bebop 2) 78 B S04k it 3 s R 4 o 28008 4R A0 3 8 B B3t 2 h M A 41 0t , 412
32 823 Wil 5 {3 A9 RGB I i K % 07 A% Jak i #4078 35 5~30 m /= J 78 [ A 45°~90° 2 T I/ 90 40 £ 1 22
FEALZE B 5. B AR AR I 8 25 3838 X G 4L it 132 034 4N S, I 6] 4510 57 A W A B 1) 8% . G PS Ak 475 1
PR IMU 2225 f e = 4l B2 1) it B0 4 B UK 2 A% IR A EE (L8 /B 28 /38 3l /v ) 5 0 24
AR AR 25 A, F 1T ) S92 s DG A ML S 3 W 8 1 B o I 45, O I s A0 W T 5 2 VR R S 4R it
T AR EE

(5) MAVREC J& 1 35 F #b 2 HLik K% A6 2Rk 90 K2 B I8 1 20 RS 22 BF AR I MR K 27 Bk T
AR 2024 4F 5 H I B AN R MR Z2 W1 0 AL AR T W R 4R . R Rl RS AL S T
T A ML Y Bl ) R 4, 7 5 BN AR AT 5 3R T IR A S WA 11 b B X 38k, f % 2.5 h B 3 3 (2 700 1% 2% X
1 52044 ) MU 41, 3t 537 030 Wi i ifg Bz 1 102 604 A5 7E 5201 . 14 Yk 52 Bl 22 W0 [ ik 2 [7) 45 1) ~7 A
Bt R A WA 5 10 28 383 X 2 M 52 2k g e Jm Ak



IN—4 F @A R ANGGAR T AL B IR R R iR 289

(6) Air-Co-Pred "/ J2& 2024 4F v [/ Bl 2 B 25 K A5 B Q1B IF 58 B I A L A T8 BE 9200 22 S5 ML L 7
CARLA" 5 BV 5 M #1914 22 J0 AL B0 1R 00500 390 0 504 48 o 2% %30 42 3 ok 4 22 6 A HLAE 50 m i
BE X 100 m X 100 m 3 7 38 #& 37 &= #E 47 B 5] R 4, 25 g 32 000 Mt [5] 25 RGB B4 (43 ¥ % 160018 % X
90014 ), BIF PE bR vE 7 480 A7 N L A AT 4 32X 4 1% 2D /3D bR vEHE Moz sh Bk, B 5 KO R
(>50m) /NHER(<<0.5m) .2 AR 55 225 5, o AAURE D[R] e 56 N B Al R e I R4k T
o PR L S

(7) UAV3D & 1 35 8 734 WM 57 K2 Ye B A 'S FE 2025 4 3 F CARLA-AirSim B 4 1 24 8 1)
T3 2% 3D S o B A A L AT 425 2 T A HLI R] SR 4R 19 500 T 5K = A BE RGB EIR R 330 75 4 3D
TEME . BUOUE AR 7 35 T B A4 S AT NS A ST R L 22 00 B T oK o L P RD 4 BA (38 B
i J, 60 m & BE ) L 2 3 5oz Ak, BB AR 1 10 Rl BB M IR 24T 55 S — PR HESR AE N A
F5 20 /00 AF 3D H AR A TN 5 BB 0 JE A MLIEEWESE &, O B UE B R A v R D 3 B AR 5 B RS 06
2.2.3 RAHREIH

(1) 3 22 Wa % 5 8 3 : AU-AIR .MAVREC il Air-Co-Pred 5 84l R 5 UL S5 = T Y
WO s PR AL T T G T S A o TC LR R AT P R AT L 2 AR R 1 AR (I RGB B Rk
LiDAR S ), 0] LAy 25504 1 Hi W 4 30 vl o 1) 58 30 1 00, 20 A7 52 ek 3 3 bR 450 7 55 300

(2) ZHLI AR 53 . MDMT #l CoPerception-UAV's %5 %5 i 4 fE 9% 7 R0 AE & AWLTE &6 2%
AT R SRR W 2P0 E, 24 T0 APLRT DU 55 5032 19 K, U ) E 47 9 xE 337 1
B AR BRI 5 U0 . B 4 b i 22 LA A 0 S 1) 8RR T A5 530 BB 06 16 LB 2 BIR ol P R 8 T AR
R R B BRI 558 B RE .

(3) Wil % 5 54 3. A FH MDOT F1 UAV3D Bd 4 b i Z 0L B W) 80 o A WLEE R 729 7%
B i A i B B P BB S R PR EVE T . FE A B TE , 24 T ANLE IR, T AAE KRR G R h
R AT W) 5 B S A2 G IRIE R I 3R AR AL B N T AR A v 08 25 AU R R B . AE W IR 2 7 T, 2 0L
173 1) 6 A% 5 3L BT SR 355 114 3 o B A OB 3 R S P 6 £ L B S AR TR 6 R RN v A
2.3 SESEIHEE
2.3.1 L HHE

LT 55 2 2 B S R AR BT X ZFME S5 T R AT IR B AR I B SR A R S R s 5 £
P 8 28 A, S AR AR [] i 2% 2 2 A A SCAT 55 o AR SO B R 22 AT 55 B di SE UEAT TR, 24 /T 2T 55 B
FE YLD 2 R Ar N 1~10 F L 35 2 10 Fh LA 2850 0 5 is 2 55 /0, AR p /N RVBUHR 45 i e 2 24T 55
B 5 K 2 K AT 55 FN 38 B3 AT 55, 4 AT 55 A X 3 /0 A0 & A0 5 38 B8 AT 55 19 3009 45 IRk 3
ZAT 55 2 20 BG4 (0 % 0 R A AT 55 ) 190 S BBG Tk ARV BSCHis 100) Z2 R 1k 5 b T i S 2 1, LR

(1) 4555 B - B0 45 1 AT 55 18] 30 8 A7 76 S B, I B S8 AT: 45 N 7 SR B0 0 o B s 4 b AT A i,
ZAAT 55 AR

(2) B et BRSO AE B LI ZRE LRSI ELHEZ R Mg 5 UL
155 iz Ak

(3) by M e R A 2 PP B0 5 A vl T 2 T 55 e S R S bR T R R D T A
R
2.3.2 BB EEEFIHELE

(1) SDD™ I 37 1048 K 2 L BA T+ 2016 4F % A 19 J6 A HLBCHE 2 | 35 01 1) 47 A 90508 7000 5 47 49 28 1.
SR S5 o SDD B 4 LU =1 40 HE R 0 MUAA0URT == 5 AR T A5 B R A & T AN [R) KA s ) RO TR A%
T 2SN shEXT 4



290 R E B L Jowrnal of Data Acquisition and Processing Vol. 40, No. 2, 2025

(2) VisDrone " & K HE k2% 4 I & 11 BA % A 119 K BLASE T AL AR 4 00 5 ok ol 0408 4 L iy ¢

A%

B A SRR F BRI 52 B 0 L 22 bR B S AT BCSE 2 L 55 . VisDrone 58 #b T 6 AHLARL

PR IR AS L AT 55 B — LR i Ar B R 458 ()80, i IR 2 U 0T ) T 2 o

(3) DroneBird "2 K K 2 A<M K P BA7E 2024 4F $2 H B 1 AN K MR G A HIL R £ 9049 1% 25 B 4

. ZEREAE T 3686 409 4 5 A5 vE A L

%7 DroneBird ##E& F MAE #1 RMSE i§isHIEE

S S BEVRR 5 B2 06 T 9 389 A& Bl HRYE S T i
55 FBRIERE AP BTAE 5 B TN S00ME  papie 7 Quantitative

comparison of MAE and

A4 DroneBird i 1 2 Fl A 98 358 S AN 6] K RMSE metrics on DroneBird dataset

ST S A4 . Bds 4 b i bR T ) DroneBird

S E T RATYA REVRAT o B A M B0 R A ik XN ey RMSEY
eyl St DI A B2 R R AR Y i e S S SO T CSRNet B 66.11 79.33
YRS T RANAAT SRR LR, £ MAN & 39.11 50.08
7 %l T CSRNet, MAN . PET % °R [d] J5 ¥ 7€ PET e H 45.10 52.35
DroneBird % 4 £ #9 1H 850 4F: 55 2O | i I MAE #I Gramformer B 49.11 65.50
575 #1522 (Root mean square error, RMSE) 1§ EPF LR 97.22 133.01
B %R AT PR . 45 BOR  E-MAC 7 ik fE STGN B 92.38 124.67
MAE 5 RMSE I35 #1] T e 4 09 3F8005% 22 16 A vk E-MAC B 38.72 42.92

e, 76 S 2RI BUE 55 B L B3R Dk Rig e 1
545 14 BE L K W] DroneBird £ £ B8 1 0 PEAf AN R
SRR IREE b AR T RE A4 i B B S

(4) DroneCrowd J& Hy K22 4 M8 & 1 BRI 78 2021 4F 32 8 19 85 A KB TE A WL/ R 355 A
T U000 B0 4 o B 4 oh 112 A0 F BE AL AR, AL B 70 AN TRl 4 5 R 3R B9 33 600 A 1R 43 9 S
(RP 192018 FK X1 08018 FK ). HHluE s i 5 E F 6 #4720 800~ AWl Ar i , 43 & 480 J5 4~k #8
RN Z A AT 928 P ¥ 51 . DroneCrowd M 3 1T 2 R bR T B8 (2= 4137 5 DL K B 19 3 r L 38 5 Bl A
TN AERTT N DA E ARG B, B R AN BEE AL T AT R 2 B R 2O DL R R o B
OB S g S TR & Hefdi H DA-Net . CSRNet 4575 ¥ 7 DroneCrowd 58 45 i A RE %5 )3 £k
THE 55 800, 20 AE R AR /IR 2 = I R 55 2R 254 1 1 MAE A MSE 48 b5 #4751, 25 21 1
7~ ,DM-Count ,CSRNet % 5 ¥ Al iR 2 bR 15 8] T MAE14.1-+ fl MSE14.9+ , % 1 DroneCrowd (¥

ST B BRI S, AR A A2 A T 55 L ) ML R R 3 v
%<8 DroneCrowd #HEE FFEBEMHKITIRE

Table 8 Estimation errors of density maps on DroneCrowd dataset
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Fig.8 Distribution of typical multi-modal dataset
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Table 9 Comparison of detection precision by different detection methods on DroneVehicle dataset %}

Xf L I vk XS A 1t 4 Bt MERE mAP
RetinaNet(OBB) RGB 67.50 13.72 28.24 62.05 19.26 38.16
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Fig.9 Distribution of typical complex environmental characteristics dataset
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