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Abstract: Objective Unmanned aerial vehicles (UAVs) have become crucial tools in both modern military and civilian
contexts owing to their flexibility and ease of operation. High-altitude UAVs provide unique and distinct advantages over

low-altitude UAVs, such as wider fields of view and stronger concealment, making them highly valuable in intelligence
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reconnaissance, emergency rescue, and disaster relief tasks. However, tracking objects with high-altitude UAVs intro-
duces considerable challenges, including UAV rotation, tiny objects, complex background changes, and low object resolu-
tion. The current research on multi-modal object tracking of UAVs focuses primarily on low-altitude UAVs, such as the
dataset named VTUAV (visible-thermal UAV) for multi-modal object tracking of UAVs, which is shot in low-altitude air-
space of 5-20 m and can fully show the unique perspective of UAVs. However, the scenes captured by high-altitude UAVs
significantly differ from those captured by low-altitude UAVs. Thus, this dataset cannot provide strong support for the
development of high-altitude UAV multi-modal object tracking, which is also the bottleneck of the lack of data support in
the research field of multi-modal object tracking of high-altitude UAVs. Given the lack of an evaluation dataset to evaluate
the multi-modal object tracking method of high-altitude UAVs, this limitation hinders research and development in this
field. Method This study proposes an evaluation dataset named HiAl specifically for multi-modal object tracking methods
of high-altitude UAVs captured at approximately 500 m. The UAV shooting this dataset is equipped with a hybrid sensor,
which can capture video in both visible and infrared modes. The collected multimodal videos with high-quality videos were
registered to provide a higher level of ground truth annotation and evaluate different multi-modal object tracking methods
more fairly. First, the two video modalities were manually aligned to ensure that the same tracking object in each pair of
videos occupied the same position within the frame. During the registration process, ensuring accurate registration of the
area where the tracking object is located is the top priority, and under this premise, other areas in the image also become
roughly aligned. Then, accurate ground truth annotations are provided to each frame of the video on the basis of the high
alignment of the two modalities. The horizontal annotation boxes were used to label the position of the target in a way that
best fits the contour of the tracked object. In the abovementioned modal alignment, two video modalities can share the
same ground truth, which allows better evaluation of different multi-modal object tracking methods under the high-altitude
UAV platform. Tracking attributes, scenes, and object categories was comprehensively considered during the data collec-
tion process to ensure the diversity and authenticity of the dataset. The dataset considers different lighting conditions and
weather factors, including night and foggy days, for nine common object categories in high-altitude UAV scenes. The data-
set has 12 tracking attributes; two are unique to UAVs, which have rich practical significance and high challenges. In con-
trast to existing multimodal tracking datasets, this dataset tracks mostly small targets, which is also a realistic challenge
associated with high-altitude UAV shooting. Result The performances of 10 mainstream multi-modal tracking methods on
this dataset are compared with those on a nonhigh-altitude UAV scene dataset. This study employs common quantitative
evaluation metrics, namely, the precision rate (PR) and success rate (SR), to assess the performance of each method.
Taking the two outstanding methods as examples, the PR value of the template-bridged search region interaction (TBSI)
method on the RGB-thermal dataset (RGBT234) reached 0. 871, whereas it was only 0. 527 on the dataset proposed in this
study, which decreased by 39. 5%; its SR value decreased from 0. 637 on RGBT234 to 0. 468 on the dataset proposed in
this study, which decreased by 26. 5%. Compared with those of RGBT234, the PR and SR of the hierarchical multi-modal
fusion tracker (HMFT) on the HiAl dataset decreased by 23. 6% and 14%, respectively. In addition, the dataset HiAlto
was used to retrain six methods. Comparative results indicated improved performance of all the retraining methods. For
example, the PR value of the duality-gated mutual condition network (DMCNet) is increased from 0. 485 before training to
0. 524, and the SR value increased from 0. 512 before training to 0. 526. These experimental results reflect the high chal-
lenge and necessity of the dataset. Conclusion An evaluation dataset designed to assess the performance of multi-modal
object tracking methods for high-altitude UAVs is introduced in this study. The multimodal data collected in the real scene
and provided frame-level ground truth annotations were carefully registered to provide a dedicated dataset for high-quality
multi-modal tracking of high-altitude UAVs. This proposed dataset HiAl can serve as a’standard evaluation tool for future
research, offering researchers access to authentic and varied data to evaluate their algorithms performance. The experimen-
tal results of 10 mainstream tracking algorithms in HiAl with other datasets were compared, and the experimental results of
retraining 6 tracking algorithms, including the limitations of existing algorithms in the multi-modal object tracking task of
high-altitude UAVs, were analyzed. The potential research directions were extracted for researchers’ reference. The HiAl

dataset is available at https://github.com/mmic-lcl/Datasets-and-benchmark-code/tree/main.



$30% /FE 28 /2025 £2 A

Bz, B, Eak, LK, Fit
ETEELANFANSESRIRHIESE

Key words: multi-modal object tracking; high altitude unmanned aerial vehicle; small object; high quality alignment;

dataset

0 35l

][/

J& AL (unmanned aerial vehicle, UAV) H A {K
BUIN ARG L 705 LSl FIOULI AL R T 45 45 i, TE 1S
HRAVTEE FO H AR | H G N R A A g
MRS T Tz e o AL H AR EREAT:
55 1 22 BT AU b B BF SRR 2 — A
B9 (51T 45 ,2021) o SRTHT, B T T WG RLR
T AL B AR IR ER 5 32 B = 55 G BSR4 IR B TR
R ISER 18 8 R 55 P IOG RRADE IR A 55 Pk
A 38 A TE AL B A R R Tk B PR RE R I (Li
85,2023) 0 T A ASCHI N R S A AT Y B Pk
SIS WNGT VAR = 2208 &/ |
ARSI EAMESR, B E R m IR B, &
2NN Z RS B bR ER T8 1Y 72 1 v 25 Jo AHLA
FER] WOGFNLLAN (TR 5 2RISR, TE 45 E W) iR B
PRAERTE AL 0 BARIEATHRPEE BRER i 7 . Hor,
WA TE ML BRI 7 50 5 (e N2 B =5 4% kAT
IR AT S0 ) K 120~500 m 23 385810 43 Ry i 4, i
120 m PAR 28 BOWFR AR 2

B i A S e SR WIS R T i B E AL AR
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Pt A JE AP SE H AR B B 4 L 405 20 1K
RUATUF 5 A1 123 A SN RUATUF 31, SR 2 113 K,
JE o ML F AR ER U A AR R e 2 — . Ll
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FLAE 192 AT, SOWUEGE 2 221. 9 K W, 445
10 Ff H 45 28 51 A1 12 B Pk f%JE 24 . UAVDark135
(UAV dark tracking benchmark ) J& FH Ye %5 A (2021)
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Table 1 Comparison of UAV object tracking datasets
S BHREAT  FARS/MEER mx BRI siURE sl ARlE BeuE ARG
UAVI123 1280 x 720 - 9 12 AT WiRbRE - 2016
DTB70 1280 x 720 - - 11 AN WibRE - 2017
UAVDT 1080 x 540 P 3 9 FAZ WghsE - 2018
HOB VisDrone 3860%x2160 & 10 12 AL MgbRE - 2019
UAVDark135 - P 5 12 AT MgbRE - 2021
WebUAV-3M - - 223 17 HEHD Wb - 2022
RGB-D D*Cube 1280 x 720 i 34 18 AT WIERbRE &b 2023
Anti-UAV - = 1 7 AT WgbRE - 2021
RGB-T VTUAV 19201080 1% 13 13 AL WEARE EbT 2022
HiAl 1920x1080  J& 9 12 AT WgbRE #EW 2025
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(2020) FI| A 5 2 R RIS 1 B AR A TRAIE &
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Fo A58 25 e 5 Pk AR T Pk R I 2% CAT
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HME SRR B W] S E PR, il N 2 S
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representation network ) o Xiao 25 A (2022) 42 0 T —
il 5 T g Pk 0% W #E X RS Y 4% APFNet (attribute-
based progressive fusion network ) , [ i V7 fill & A~ 7] &
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B P, I JH S ] R E 2 PR A S RS
FRAEAR B IR AR 58 ik LU B e AP 4t 35
FH.

2 HUEE

h T AR HE S H bR BRI AT G R AR SR
BT — ANz AN B B bR R EE A x5k
PERET/MNIE T ANEFIORHRNER UTT
12 FpBk SR JE M, an e AHLIER: N B AR5 . i
ARt T MG 2R B AR AR AL H 3RS A dE
150 % AT WLOCFNLLAMILAT 91, Horp, 127 XA 46% T
500 m Ze Ay A, 23 AT 120 m AT AOMIRAS .
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FAREAS B 4 1 TC A ML Ry 28 26 Matrice300
RTK, W& 1 R, HAE R BAEER 2 o . &4
Matrice300 RTK $4 #% #f JE Zenmuse H20T AHAL , AT [A]
B A T DL S AT A AR I B, T o RIS
PR N 1920 x 1 08018 &K , ALLAMENG 73 HE %R

640 x 51214 % , 13X HL MG o HER 245 MG PR R
B, FH“SE R x S e R T 1B .

Bl 1 24 Matrice 300 RTK 5 [4]
Fig. 1 Image of Matrice 300 RTK

%2 Matrice 300 RTK FI# R M 4&
Table 2 The technical specifications of Matrice 300 RTK

RS ZHUE
s 810 mm X 670 mm X 430 mm
RSF ORI, A& 3nt) (Lx W H)
430 mm X 420 mm X 430 mm
INNE/iE=) (Lx W H)
X £k AL AR R 895 mm
Him(AFHEMh) 3600 g
R E 2700 g
59 WO igiiy 9000 g
I R A % PR - 300 ° /s, L1 %l 100 °/s
R LT EE 6 m/s
KR B 5 m/s
bt e g 5000 m(2 110%£0)/7 000 m
BR S ATHR R (2 195 Rk FF 20t )
e KR 1] (AR 17T) 45 min (125 154 700 ¢)
e R B A5 B 1] (VT ) 43 min (12 H 54 700 ¢)
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Fig. 2 Statistics on the number of frames and duration of

video sequences in HiAl
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o v, AN [ P 51030 R 1) P e ot 0k 4% PR 0 S 4
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A bR 4 SR T 2% Pk M AR B St
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HE55 R THORAY PRI, AR SO 1 — Pk e ol T
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Table 3 Definition of challenge attributes in HiAl

Pk e 1 TE X
F T IC AMUIE e T 24 H b i e 21

HABUBEREDR) oy e i

I HER DB (8 2 T 32 x 3222,
/N BER(ST) FEE

FIEF(NO) b B

WOMER(PO)  ERRRESBOL
SAERI(TO)  ERse A Bt e
SRV E BRI R A
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FIRPIETAE(SA)  A77E S FAREAT AL ML) HoA X 5
HEIRAL(BC) H AR5 1 SN )
AL (OV) H AR E T AL

r

“

(d) Motorbike2
K3 Pehs s
Fig. 3 Example images of challenge attributes
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Fig. 6 Statistical of different environmental factors in HiAl
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Fig. 9 Overall accuracy rate and success rate of trackers on HiAl
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Fig. 10 Visualization results of three representative sequences( (a) sequence: TurnRightWhiteCarl, attributes: DR, ST, scene:

daytime/foggy; (b) sequence: Motorbike, attributes: TO, ST, scene: daytime/sunny; (c) sequence:
MiniTruckTurnRightAndGoStraight, attributes: DR, IV, scene: night/sunny)
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