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Abstract: Nighttime perception remains a critical bottleneck for the autonomous operation of unmanned aerial vehicles

(UAVs). Under low-light conditions, weak and uneven illumination amplifies noise and glare, background interference

45 B H#1:2025-09-22; 12 [ B #3:2025-12-26
« BAFVEE M5 A5 1EFE 05 VR, 32 20507 ) J PR AR BRSSP0 G SE . E-mail : yeliang@wit.edu.cn; 5% yeliang@wit.
edu.cn
BEEWE FERK ARPEIL G H (62171329) ; B0 TR KRBT 40T H (K2023057)
Supported by: National Natural Science Foundation of China (62171329) and Wuhan University of Engineering Scientific Research Fund Project
(K2023057)

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

becomes increasingly complex, and targets often appear small, low-contrast, or partially occluded. Meanwhile, UAV plat-
forms impose strict constraints on onboard computation and power consumption, requiring detection and tracking methods
to strike a balance between robustness and efficiency. This paper presents a comprehensive review and empirical study of
the application of deep learning in UAV nighttime. target detection and tracking, synthesizing methodological trends,
experimental findings, and future research directions. We first characterize the unique challenges of UAV nighttime vision
in contrast to daytime scenarios, highlighting four interrelated issues: 1)limited perceptual signals and variable illumina-
tion, leading to degraded pixel-level cues; 2) feature degradation and background interference caused by artificial light
sources and shadows; 3) restricted onboard resources, making it difficult to deploy large-scale models; and 4) complex
imaging conditions, where target scale and appearance fluctuate frequently. These constraints underscore the need for spe-
cialized algorithmic paradigms rather than direct transfer of daytime methods. From the perspective of UAV nighttime target
detection, this paper systematically reviews four major research directions. First, nighttime image enhancement methods
employ dedicated restoration networks to improve brightness and contrast before detection. While these approaches can
effectively enhance visual quality, the two-stage pipeline may introduce artifacts and does not always optimally align with
detector objectives. Second, domain adaptation methods leverage adversarial learning, style transfer, or feature alignment
to bridge the day—night distribution gap. Such methods reduce dependence on annotated nighttime data but remain sensi-
tive to inter-domain diversity and often require carefully designed pseudo-labeling or regularization. Third, multimodal per-
ception fusion—most commonly RGB—infrared (IR) fusion—utilizes complementary thermal cues to mitigate illumination
deficiencies. State-of-the-art fusion networks (e. g. M?D-LIF) have demonstrated significant mAP improvements on UAV
nighttime benchmarks, with some models achieving over 80% mAP@O. 5 on the DroneVehicle-Night subset. Fourth, light-
weight models (e. g.  CSPDarkNet-based backbones) focus on balancing accuracy and efficiency under limited computa-
tional budgets. Experiments indicate that backbone choice is critical for enabling real-time nighttime detection without sig-
nificant accuracy loss. For nighttime target tracking, this paper categorizes four representative paradigms: 1)Enhancement-
before-tracking: low-light enhancers are used as a preprocessing stage (sometimes co-optimized) to improve input quality
and thereby downstream tracker performance. 2)Domain adaptation: extending static feature alignment to temporal model-
ing, sometimes combined with synthetic nighttime sequences or foundation models, to enhance robustness. 3) Prompt
learning: reframing day—night transfer as a fast adaptation task, leveraging small-scale prompts for efficient transfer with
minimal parameter updates. 4) Curriculum learning: ordering training samples from easy to-difficult (e. g. progressively
increasing darkness or motion blur) to stabilize training and improve performance under extreme degradation. 5) Multi-
modal fusion. We further analyze the interplay among these paradigms and the tension between restoration-oriented and
task-oriented objectives. Subsequently, the commonly used evaluation metrics and benchmark datasets for nighttime and
all-weather UAV detection and tracking are introduced, and a nighttime UAV vehicle detection dataset, DroneVehicle-
Night, is constructed. To support this survey, two complementary empirical studies are conducted. The first study, based
on DroneVehicle-Night (derived from DroneVehicle) , contains tens of thousands of paired RGB—IR annotated images cov-
ering urban roads, residential areas, and parking lots, with five classes of vehicles annotated. Experiments reveal that
under identical training conditions, IR consistently outperforms RGB (e. g. CSPDarkNet-based detectors achieve higher
mAP@0. 5 in IR) , while multimodal fusion methods such as M2D-LIF achieve over 83.9% mAP@0. 5, underscoring the
value of modality complementarity in nighttime detection. The second study evaluates the transferability of generic UAV
detectors to nighttime. From VisDrone2019, we constructed a paired subset (521 nighttime/513 daytime images). While
generic detectors achieve 30%-45% mAP@0. 5 on daytime data, their performance drops by 8%—12% at night, with small
and low-contrast objects exhibiting the most severe degradation. These findings confirm that specialized nighttime and
modality-aware methods are effective, while simple day—night transfer remains insufficient. To further reflect the state of the
literature on nighttime tracking, this paper summarizes the performance of 20 representative trackers on UAVDark 135 and
NAT2021 (results cited from original publications). Among them, Mamba-based methods (e. g. MambaNUT-Small, Mam-
baTrack) and several domain adaptation methods (e.'g. DARTer, DCPT) consistently rank among the top, achieving
robust AUC — accuracy trade-offs while maintaining reasonable frame rates—highlighting the importance of efficient

sequence modeling and domain-aware adaptation in nighttime tracking. Based on the survey and empirical evidence, sev-
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eral key conclusions are drawn. First, 1)sensor modality selection is critical : IR and RGB—IR fusion significantly enhance
robustness to low-light and complex backgrounds, whereas RGB-only pipelines remain fragile. Second, 2)backbone design
strongly influences the accuracy—efficiency balance: compared to heavier backbones such as ResNet-50, CSPDarkNet vari-
ants offer more attractive real-time trade-offs on embedded platforms. Third, 3)explicit temporal modeling and sequence-
oriented architectures are indispensable for robust nighttime tracking, beyond frame-by-frame strategies. Fourth, 4)day—
night transfer remains a major challenge—as evidenced by the VisDrone experiments, which highlight the urgent need for
specialized nighttime designs and datasets. Finally, we identify four promising research directions: 1) cross-modal vision—
language fusion, leveraging large-scale language/vision models to enhance multimodal alignment and interactive tracking ;
2) construction of richer multimodal nighttime datasets, extending beyond urban scenes to cover wild, mountainous, and
aquatic environments; 3) unsupervised and weakly supervised learning, to reduce annotation costs and improve cross-
domain robustness; and 4) Lightweight Architecture Design. Beyond accuracy, UAV tasks demand real-time and efficient
models. Future work may explore long-sequence modeling with Mamba, combined with NAS, dynamic inference, and effi-
cient operators to balance accuracy, latency, and energy. In conclusion, this survey and empirical study provide a clear
roadmap toward robust UAV nighttime perception and practical deployment. All algorithms and datasets used in this work
are publicly available at: https://github. com/bsfsf/DroneVehicle-Nightandhttps://doi. org/10. 57760/sciencedb. 32435, to
facilitate future research.

Key words: deep learning; unmanned aerial vehicles aerial image ; nighttime; target tracking; object detection
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Table 1 Comparison with the total number of published object detection and tracking
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€l #] 5 (contrast limited adaptive histogram equaliza-
tion, CLAHE) (Reza 45,2004 ) R4 35 % LU B2, S 3000
PO B2 S AR A 0P . Li 55 A (2024) 5101
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1] T NHLAL S0 SRR SE TR I 22 OS2 R I
SRR B A =R SR INE S H R R 5 IKRE M
%% (zero-referenced enlightening and restoration net-
work, ZERNet) , 38 i il vH B2 )R & B AT R R
e 5 [ RN, AR SO I R 000 RIS 3
SER AT RN fE RO ST . Yue S A
(2024) % TA-YOLO (image adaptive YOLO) (Liu %,
2022) 7 KA T ) e LG I 41K 2 Fr) 2 i 12
W 2% DEDet (detection-driven exposure-correction net-
work for nighttime dronedet ), #2 4% JC AMLHAHE {5 R
AR 455 BB R R AR MR AR R A, A2 0 & TEA
HLRS I A 4%, I F 3 NightDrone Zfia 4, 11D T
[ Jo AHILAS U A4 SR 9 25 1 o Chen 45 A (2026) 45
4 Retinex(Land 4§, 1977) - fiff J5 3 5 22 43 14 2 1 L
il (differential attention mechanism, DAM) (Ye %5,
2025) , if 3 ANl 37 Y Softmax VB BT 2255
LT 3 K, ) T P A O R AR TR X

JUAE TRIAG oi  0 28 As OLBE Jo d, eAGr N 4
REJT T S/ ) — 7 ORI (BN AR AN R 1)
Mg sk FE ] BE 1 A RS20 A i B2 L 52 0T I A
i 2) VIR AR B, ME LA I B8 U552 FR A T A HIL
V-5 53) A WOCHE BA B R LG B I Bl
AR R A 2 M AR AS i e[
2.1.2 B A~

T X 448 5 7 VR Y JRIBIR, AT 504 O T AR R R
SRR B RR AR A 57 b, BRIV A s H 3
(domain adaptation, DA ) Ja /52 3k 22 , DA 17 314G 0
AR PR (R ) 2~ 3 Y 1 SCRE B 4 1 T 7% 3
Bl

Huang 55 A (2022) 15 Yo i JC e B o ~J A4
RN AR IO RRAE , SR 5 T8 3 A R Bl A 1k 4%
BOUHRRAE . BEXT B B R A ) T B A
SE BYIRFAIE , Schutera 25 A (2021) 38 1 6 i &1 45
A B ] PR e 48 o 1 R XU, O B3 A P
EREIE75= LR oallEC I O wrpv i El 2 ULl R e
ANWERG RS 25 M) 18, Kennerley 45 A (2023) #&H T
i Bt — ECHE VI 25 W 2% 2PCNet (two-phase consistency
network ) , 75 55 — B BOKE w8 05 B2 B0 AE 5 2 A=
RPN (region proposal networks ) $2 t () X 38 & FF, 56
W BEEIMAE G I IS B BHE A OB RO AR AR .
YT e % e Wi B 48 H i ) (unsupervised. domain
adaptation, UDA ) HARKG I P W AR 25 10 22 14 4% 272k

EESCIOISPS RN ERZY SallE )R 10 Y Vi
AN (2024) 48 Hi T — PR A B A I vk a8
12 S G ISR B8 SR 3R R AR LA B AT I U B
803 M, A5G I g Dok 7 DAY S 03 ) 50J ) 1
BT RE CRIFEL R PERE o Zhang(2025) % A& T
— Rl 2] Y SCAR R AL, B FE P E ARy i
7 Y LA RS AT 55 i 0 SRR TRl AR
BB BRI R , A R T B R A S Y
F14 428 it 22 (domain shift) FUAS i 2 IS, 3k SE47F 5
R g 1) H ARSI ) 25 48002 16 (domain general-
ization ) Ml BIUPE (LT B AY SELRS

TETC AHLALA T 38 & AT 5E 22 2T 3 AR ]
B BE XA S5 A F) 258 T TE AHLEHR BT 5875 Ak
TP B . Wang 85 A (2024) $2 11— Fl i 4ol i
#5 (frequency domain disentanglement ) J7 3% , DL 42 Ft
PEBZARRE T o B A AT 2 2 PRI o0 i 4 O
AR R AE AR E REAE, B0 T MR N S 451 2
AT HEAB S , 5 | T R s BE A RO A T R UA R L DA
T7] 42 55 A T P BE o Chen %5 A (2025) £ Xt 04 45 48
(pseudo-labeling ) A7 B 55 5 4 5 B 1) $uf( i 25 1) AL, 4
th 7 22 BT 1 B AR R G, 385 0 07 22 15 i 8
SRR (E, W R T O BR 4 o I A2 A P AR
ARR% o ARZ Bz ABe A IR, HAEN AR TC
N1/ A AT N

Sl 7 A AN TR oA 22 R 2D
HER B2 SR AR IS, AR HEAE X 55 AT A JE DA CRAIEAG
GRE . I AP E TR S A LA O S
14 It S5 A A BRI S5 I A2 T 5 SRR 3
5 SN T ARSI Y %
2.1.3 ZHISEAEE

W5 AT T3 1 il A 30O R 35 (light detection and
ranging, LiDAR) | 1. A1 Cinfrared ) . 25 14 4 HL Cevent-
based camera) 5 0] WLYEHIAL (visible light camera) %
ZUUE B R SRR S T BRI

Dai 45 A (2023) F] H NIR (near infrared ) 1% 5
LiDAR BEESFRE:, 56801 R I -5 I i 3 14 g 21 g
WA AL, TER 137 5 h AR 1 s A B2 AR A 28 1Y
T N-BEE R A5 2R, iSO 2 B Rl G 708 e S Bl
B JE A A R TAE . Liang 55 A (2024) #2113
“RGB-LiDAR SR B il & " 5K W, L RGB 42 ki SCAb
7 LiDAR $2 23 [P 70, fff ke 1 B A5 25 448 B AN DL
(i) L, S0 1 R B A ] = R A I 5 0 . Li 5%
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EETRIAL, AtS, EEFF, KA, BINE, RK
& iE T AHLAL A E G B ARt il 5 BRER T AT R R

A (2025) 38 i fil 5 5 HALSE 5 LiDAR = 48555, 5
M EHE s TE DL 50 T A 3l fih K PRI {535 5

FEAFEAHLE A g S 2 A DO B %) B T sk
A RR B 25 R, B R 5 B Y AR A A
B HARINFE | 2l A0 R LA SR 4 i 1] 53 3% 5
SRR, (F HAE = s B R OB F RA R
SRAEF . Li % A (2023) F XL E IR B9 I 7 {7 242
TR ML RE |, 30 5 S 20 1 3 ) il B R L R s
IR GBI MITRAE ZR Y Ry B, A R0 X I SRR 5 A%
JEHRIR . Liu %5 A (2024) 3528 52 B 73 A A 145 5 4
2K, B WA IR A T A  BATS AR 58 3 R
SR AIL Y 2 8] A g 1 5 v B TR) 23 B R, S BRE IR
8w WIRAR . Fan 55 A (2025) LAYR I8 1 28 1) 4%
(spiking neural network,, SNN) b .0, #& H ) LIMF
(leaky integrate—and—multi—fire) MG Y T [« Ba
Wt H 7 R T0 12 A R4 i 5 e R s 45 5 (A
BAHERDE T BGIRAS A ) Y IR, Jiang 55 A (2025)
P& 0 AT A% 2] [ PR 5 Rl G 8Bk (learnable
adaptive selection and fusion module , ASFM ) 7£ 18 18 4
JEP AT RAE AT AR S S R 2SR G

4546 ] WG5S LLA UG BE S A UM PR S E A
T R Y (RSP RS 7 8 A N IR ey o paf e
R RGB-IR BB FFAE Rl S AL, 2 B TR 14 e
AR R, R AIE 58 3R A TR AE X 5 S Ak =
Liu %8 A (2022) 48 H BE B FHE 27 ) B, 3 i 43
5 RGO 2 X e 2 SRR E AR B S
TSI P RER TR . Mazhar % A (2021) %GR
i A8 FA% AR AR XS BRI AR ) 8, B3 s A Al % 2%
i ATEEE AL (B AE/N B AR 50T RIA R Bt
BRI

BEAE DFFCIRA | il -G W 2 1 1) B g J2 K A o
SCEBES B A HRE o Xie H5 N (2022 )38 i Jay#
53R R AR A I A 5 2] B Ak T A DA R OC
1, {ELATS 28 W% 350 23 A AR AR . Cao 55 A (2023) 5
N TE U5 23 E) T B W 2R R AT
3 I 8 5 A )G 5, AT RO i T R B Rk
), Sun 55 A (2024) $2 Y AR SR S A0 1Y
oS R R E RS RS 2 Xy IR R R
RS ASE AR B o AH BTy B 1 Z2 S ] 1 TU AR
T RCREAE o Li % A (2024) 51 A 2k Rl 58 55 4 A
(dirichlet distribution ) HE 5% A 15525 1 200 R A o 1
FIHIEYE PRIE (dempster-shafer theory ) 2SR & F 45

PR A B, (AR A M P sl ol 2 A O AT A
FEOE S AT SE 1 54 . CALNet(He %5 ,2023)
3 A O R S S LS A R, IS kA B
RIS PEA T3S, LARRAIR S B 5 P . Shen 55
N (2024) 48 T —Fh A if) 51 5 19 58 SUEERE S pL il
SRR AT HEE , 2 L SO T B T RS R S A
BEHBENRIE. GuofF A (2024) 5| A2tk ] A8
58 X3 1, AE 208 U2 1 R A8 AR A
SR R AR SR ), Berjawi 25 A (2025) #F—
AP U I 2R B A8 U R T il (filtered multi-
modal cross attention fusion, FMCAF) , 4t & A7 dk &
PIID I A IS S E , MR 05 42 R e 2 0, 3
TRRNZ A SR AR T . H IR R RS X
TERAHLH HES B TR ok T G,

Je B2 I 1) Z2 B AE TR LR S 8RR
TAMRFAE . Jin 25 A (2025) F1 FH A58 3R 5901 o 1845 X
B 9 TE SR TR 1 R P B A & R LR
A 3h 25 3 50 R SRR AR i . Yang %8 A (2025) 3% 11
PG 8 o S B85 M, 1l 25 e g 24 ) e ALY
FRIER N, [l R B L8 B AME B FE R84 )
53 T8 A SO R Al G 2O IR TE A RO IR A
T R B I A R BE . Hu % A (2025) F1 A
S5 5 10 G A5 ER AL BE RES TAD , fif e Z2  JA
FEBH A5G HE R Bl A A ) . Shen 25 A (2025)
i 1 5 AR 25 [A1 B 7Y (state space model , SSM) %)
AR FRAERL A AL 42T T /N B A 5100
RO BE AN B . 3295, Shen 25 A (2025) B IK
W 2257 BUBTOR 2851 A Z G5 Al A, BOK T AMFAE,
P e 5 5 TS S ST MR AR 5 ARAE Y B A OF
5. Yang % A\ (2025) 42 H RGB-IR A4S #s 5 =43
TP EURE A (diffusion model) , 38 15 73 B B 2 i ok
TR IE“RGB 55 IR BR” (AL B AMERT, 1+ A
S VRS (|l Y e A N 1B

FETCAMLAA T, Li 55 A (2023) $2 4 5 1250
PR ZZ 18 (knowledge distillation ) HEZE | Fi] FH £1 41 46
AR R0 A B AT DL SEAS I 2SOk, R B B SR
AT DL SEAG I 25, A P T 22 A2 A6 I 4 T8 A AL 28 X
55 A5 G0 R 26 TR B AL S 1 S B R BR P . Wang %5
N (2022) B SR IE] TEA 5 B N T HRBH 4325 (R
R KRR YA 38 3T B R e T RS 41
HREA O . 3 I B R A R DR A [ 114 2 TR 4o
EERELIAIA, Be = % 4R 1R s BRI . R,
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Xie 55 A (2023) $2 ) BS B Jmy i b s 5 42y 1 F 3¢
LR 4% (cross-modal local calibration and global
context modeling network, CLGNet) , 7 Z Fit B8 B 5% 4
T HEWT H AR A S AL, AT R A R AN [ A
P . Yuan 55 A (2024) B2 T BRI R
BLA AT A 38 B RFAE SR A S, 78 DroneVehicle (Sun
85,2022) R )37 5 S8 T R RE L HIZ AL g
TAE BB o Lin 88 A (2025) F1| 42 JR Ak RRAE 7%
M B S )5 S BR A A RL G A 1 (8] TE A ML 5
IR A5 RUBE S A R Al G XE R . RO T AF A
(2025) 52 NRRYBEFRIER IALHIE K, 32 1 05
228 25 P[] 3% £ M 1 & (neuromorphic collaborative
selective attention, NOSA ) HEZE , 3 1o F ] 5C 1 (early
focus) Fll J57 1 5 13 (late focus) 43 51 7E B3 S8 T RRFiE
SR PR OCHEAE B, I T RSB IEN 1 m RUR £
NPt LR THER B TC AN B2 2R Y
K AG B, Zhao %5 A (2025) 1 B Retinex (Land %,
1977) B8, F) 5238 0 B BEAN AR 1, SE B 1 A []
HE T 5 2 R A 1Y 22 B S R AIE AR E X 5%, A AR
fiff Y 1A A LR R AR R AL ) BT . Wang S5 A
(2024) 4 1 T FR BTN e 55 R AL ] L o AN
B PR AL AR, 51 3 R4 O T = R, DL
Jily 0 465 553 25 A R T dRc A RS ARG U 0 O e o ST
Shang &5 A (2025) #1 Hi 1 5 B 25 5 S AR A6 I 45
CCLDet (cross-modality - and cross-domain low-light
detector) , T M4 H A7 G IR B 35 W R B2 BESAE , IF
S A T LAY SR A s 2 RS SR W R DX Y
JGHRER T 25 5, TR ML B 2 mT T RS E 2 1R R
DR MRS I A J3E 5 455 A%, Sun 55 N (2024) 21K
F3# I (low-rank adaptation, LoRA) f3§ 1 75 7% (Hu
45 ,2021) MR S, 3 H AR Rk 9 i 1 AR A0 3l 2 e
PRHE R ASE 2 RETIC (i 74 4 412 22 LS AR AIE , LAASUIBRL
A3 IR IR BN RS B SRR AL, X R
20 T A bR p i g5 B, Had BEARE T IR A
Ao X, X245 A (2025) 18 5 2 MBS i
i (super-pixel dynamic illumination- aware mask,
SDIM ) 5 B FIER 18 J32 45 48 5 A5 2k (low illumination
image enhance , LLIE ) 73 | 2 fif i1 Z FRAE 25 55 S5 ] L
DGR SCGBRAR R, i 1 22 RO A2 ST =y s L]
il DR RS AR IR S MR 5 P28 . Kim 55 A (2024)
FIAEE bR S ALE ) 2 B8 KR 5 R
(large language model, LLM ) & J K /<. | BE UL BE A1 5%

MRS A BE T SCRFAE , JF 3 T4 AR 38 e PR
AEI Rl AKTIHESE , (A A B BRSO AR T

25 b, Z RS RN RS TH Ta) A6 I A9 A
P, B H DU 5 R AR S 2 B g AU S R A T
HAEREZ R T A& ERiEE .

2. 1.4 R

T Z2 LS Rl 5 52 TR I P BE 1Y [ ), IS
AR B 10 52 2R B 5 RERE IR R i 29 T AHLHIL
R E B OSBRIt B AR B
PRIE] e NG AIF 5 1Y S — 22 R e T 17

Liu 45 A (2024) K 22 3k i3 5 1 UL (multi-head
self-attention , MHA ) H1 ) Softmax 54t A 4% 5 fk SiLU
(sigmoid linear unit) 7% PREL , E o 1 52 % 0 46 P41 T
. Wang %8 N (2024) 42 2040 5 7T OGRS M2
Il R A AR E RS ZUE B TR
TFE o Xue 255 A (2024) I BRAFFE Rl 5 2 72 0 Y JZ
8] 4 H % , K H DSConv (depthwise separable con-
volution ) Fll TensorRT f& fL £ A, SEEL T ML N 21T
B4 24FPS(frame per second ) A Ab BRI Zhong
4 N (2025) % F YOLOv11s (Jocher 45, 2024) 42 i
PS-YOLO, i i 5| A Faster_C3k2 fij b8 1 M 2% , #f
B X6 7N ) AR 350 S AS 432 1% C2PSA (cross stage partial
with pyramid squeeze attention) | I 78 4G U 3k H
Jim A Ft 52 38 FHOHT NWD (normalized wasserstein dis-
tance ) 451 ¢ BRI, SEEL T AR B AR /N AR 5T
9 e A SR e B T o Fan 4% N (2025) 2% T
YOLOv8 (Jocher 45 ,2023) 4 1 T LUD-YOLO, | ]
SRR e A (NS RE =W N R EE S i
IF 38 3 By B HE— 2D B AR M 45 0 2R B . T B SE A
(2025 )t 1 %0 Al 5% XA T 20 B A AN 5 LA S
fie X 24t HER T, AR TSI E R AITAR
FEEAZHL (B T B SO B AR . Wang 5%
(2025) 2 Hi ) MINTAOD 3R H Ghost 45 B i i i
T2 , If-4E B GSConv (ghost shuffle convolution ) £
BRAR) R A3 95 R 2%

L5 b Tk A e ML R B ARG I O v
MIRIFTE 28I 1 DA G ik 3 e AR XS 5, #4538 2488
B A 5 AT A RRE g . R T
VE T ZMHUR R B AR T 5 R IR EOR AR O
B EAEEZOUM S SR T BN a IR, B
Jer B W A > 8 e AR 0 A R A R e N TR
22T, ANTERR i I R 2% A T ATD 32 BR 7 AT WOt A5
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EETRIAL, AtS, EEFF, KA, BINE, RK
& iE T AHLAL A E G B ARt il 5 BRER T AT R R

AR . A, BF9E 51 ALLA 0GR IA (S
SRS HEBD T RS G A P ) RO K R, R
£5) A AR Rl Rt SRR o A B A i 8
T e 1 o0 255 25 4 g v AU B AR W 1) RS , D BIL B
B TS TAT R T R . BT AT
NAIL E AR A 0 (4 BIF 5% 1 328 A5 30 1) DA 3 5 g 3]
“HbE EAN PR RO LR R BB, X
) JC ML H AR ER BEE 1 IR SR BORBERT,
2.2 WEEX AV AHEGBiRRE T E

G I -5 B B2 7 TIC AHLARE ) L i ST 55 v
FEARIRSLAAAE o A DUE 8 67 T A B 50 e B
FEAL H AR, B EE SR A0 4 RS FNZE B 5 B )
TEELEMWUH IESE F bR B0, (RAF LIRS, I AE—
SEFEE F A BT T SR 5 S T 5
BRI, DR, A I 5 SR AR P T B A S A
ST RE e, M B R 0 B 24 R SCRE TR ARG 22 (R b 7T
HARRA, (R RS B AR e . B 2R 3
SRR AN ) 5 0t RIS e R R A 55 O RICR

HARERERHOARZE D1 1 R399 A= g0 i) X7
e FETAE RV (correlation filters,, CF) I 7. A=
Ty 238 5 ST H ARSI EGZ SR A DL i i 1
{7 g, RFVETT A Y6 (kanade-lucas-tomasi, KLT)
(Shi 55, 1994) J{EEHS (meanshift) (Comaniciu 55,
2000) .+ /R 2 1 P (kalman filter) (Kalman %, 1960)
HURL U8 % (particle filter) (Isard 55 ,1998) . 31 51|
D3 AR o 2R X2 HBR 575 5, A0 SCfF 1) piL
(SVM) (Avidan % ,2024; V07 %5, 2017) BEHLAR
M (random forest) (Saffari 55 , 2009) A1 42 F+ Jy ¥
(Boosting) (Grabner %5 ,2006) . #133E ¥ (DCF) )7
AR g P B 1A% 4 (fast fourier transform, FFT)
B ROM S5, M AR SR AL 4% MOSSE (mini-
mum output sum of squared error) (Bolme %5 ,2010) .
KCF (kernel correlation filter) (Henriques 4 , 2015) .
DSST (discriminative scale space tracking) (Danelljan
4%,2014) SRDCF (spatially regularized correlation fil-
ters) (Danelljan & | 2015) #1 BACF (background-
aware correlation filters) (Caloogahi 45 2017), Sk
M5, 3% 4 R A IR AR E L HARSMILAE AL AT B
(R H L7 5 h BB R B SE N M 5 — e R B, (BRI
FTC AN ST, a5z LRe 1 & Z IR,
T 1 IR BRI

PEA R BE 22 2 B, PAZE A N 2% (siamese net-

work ) (Chopra 45, 2005) 2 {82 A AU 27 2] 224 |
= JIHLE S Transformer (Vaswani 45 ,2017) 4844,
LABHT 24 ¥ Mamba (Gu 45, 2024) 4 F S8 R —
AARTE T ERERE R A 5 P RYRME S BRE ST, R
T, 3K 2 4 B ok 1 42 AT % B[] e AL 4TS
T ek 22 T A, 0o R B B ) 6 M L SIS 5 2
PSS T R A EOR

ARG RGELR TR 2 > AR B T AL 5]
B B ARER EROF ST 09 2 AL - 1) e g RS R
B 2) B HE N 3) MR 4) IR~ 55) 2
BSR o [RI A — /N X7 i L35 R R
PR R ES 5 AR AR
2.2.1 SFIARGIE R

i IO R 3% 4 (LLIE) 42 THir A S T
I, RN ERER AR HEAT HOFT I ZR A A4 B S THR )
Gt R R RE

Ye %5 A (2021) #2 i Dark Lighter, i 13 5% & 2% it
St 2% ME-Net(map estimation network ) B&-&fili
TG R P R 75 &, 52 LAk AU 05, 34T CNN BR B3
i (5 8 BRERAT 55 A DMERE 148 . B4 X
AR, Ye 55N (2022) FE— 4 tHAE 55 K S A EROL Y
i #% SCT (spatial-channel Transformer) , £ %5 [] i &
T ATE R B HUS HE2 R (5 S IR 5l 22 1)
2% (feed-forward neural network , FFN ) 2 #t °A ResNet
(residual network ) , LLER B8 Jai B I F SCAF & ; [RIAS 38
Tk AR LR A 2 P55 5 MR A IR A, SR AR
R PR SR AR R . Li%E N (2021 FHIOE
P53 5 A (LLIE) R A SGIE I (CF) B BRERHEZL
I FH R B AZ A ) B AR R i JE I 9R 5 A f Ik
G A R I I R S A S [ B R
B EREMESE N (2023) 51 A A G g s ik,
AN S 2% 0 60,30 18 L T4 R 2R AT R R ORI AR
1y JE R 8 B5E , DA 7R PR JIE CPU (central processing
unit) 3 S5 A ) ] Ak 22 fige D' MR AR Ak | 30 SRU A0 5
ESEY S JINENE L A

AN PRI 5E O TE 4 T AN AL S R DA% B
Hi TR L AR E . Fu 58 A (2022) $2 1 [ 3E
I 3 5 % HighlightNet, ™ i 7E 2 H e B 51 7E H
b, 5 3 $2 T (E {5 MR HE (peak signal-to-noise ratio,
PSNR) F145 #4 1L (structure similarity index mea-
sure, SSIM) . Huang %5 A (2025 ) £ %] ¥ 78 KGR AiE
FE AR a5 A R TR TE R B (pyramid

11
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attention module, PAM) (Zhao %5 ,2017) 3% =5 I’ 4% 35
T4 S i J2 R4 B3 1 R A OC RGBT L S5 B
LAY S PR ] IR e e R A2

BT (8] 37 5% BB 5 | kS ) D6 R G3 A AN 34 Y ao
N (2024) ¥ 5050 A 5 RGN 2253 85, REA il 2
DX 358 S A 5 I DAY, A UAVDark135(Li %¢,2023)
D B S 3 PG T el A ] B 2R 8% SiamRPN++
(Li %% ,2019) F A4 £ Fh SOTA X' K 15 4 55 2% (N
RUAS (Liu %%,2021) , LIME (Guo %,2017) , Enlight-
enGAN (Jiang 4 2021), LLVE (Zhang 45 2021),
DCE++ (Li %5, 2022) , KinD++ (Zhang % , 2021),
DarkLightNet (Ye % , 2021) , HighlightNet (Fu %% ,
2022) FISCT(Ye %,2022) ). #an THA R0
O3 AT AN 5N Sy B I S DXASORY A5 ) 8, 3
SO BT S L A BRER R RE . ARAEARSE A (2025)
T A 3 D R AR R O R 5T i PR s A R B ]
EMAE, $2 T 7O BRI AR 5 R 1 Z 1T Y R R AR
EPE .

Zhang %5 A (2025) ¥ Mamba (Gu 45 ,2024) 5] A
WA T AALER R , 42 0 A RO R g oi 2% (LLIE ) BE
SR A Jry i SR BR R ER A YT, 52 (He 55,2025) )3
I, H 5 R S Mamba W 4% 38 1o 0 9¢ - 15 5 (vision-
language ) @il &5 51 AT SUAE S, 2 1 0 ) B8 7 fike
)@, 520050 e - 18 5 1) 7 CiteTracker
(Li %F,2023) M kb, iZ 58 GPU 5 A T 50%, #E
PR R ) 42 /A

AT 2 MR AR X 7 B, AT R AR H R —
B S EURERG TR R v AR S ] BB OR .
Wang % A (2024) B3 T —Fb BV RP A A 52 s 2 g
#% CGDenoiser (conditional generative denoiser) , i 1+
57 o) FLAC MR TR B 5 2 oA, A 3 AR S A BTR
HH O A 75 0 5 bR . Xu 45 N (2024) $2 13 35 T f b
FE7 I BRI J7 74 NiDR 38 1o ff AR e 820 SR
A5 1 B A R AE T R RE A S

SRR O RS CES SR T B
FUCER AT (B EEAE P RAZ PR : 1) HE 5
T R AR B T8 5 1 1 [ B A T sl G M B R 1 T4
A5 534, 5% M A E A8 PR R AR rh A s 5 2) 3
588 e A BRI 45 20 0 SR AR TR A 5 H AR E 7, AT:
%5 HbRAR 0T 22 5 800 & M LS P R i G
2.2.2  BAENER

B A N (DA) B 78 F7AE J2 140 /NSl ) 22 5

SR 38 A HA AL e AT 55 vh & e i, HoAE B
o B ST A S EATS AR 55

Ye 55 N (2022) F GO JC B 8 35 B2 (UDA)
FIARE] To AHLERER , 48 1 T UDAT (unsupervised
domain adaptation) J5 ¥ . FE YR (1K) AT H kg
(T IA)) B4 b HEATXEHT I 2 , 55 BRSO AR RRAIE 1Y 2
>J R %5 1R 5803 A I R 8 RUBE 55 B AN A8
P S D s H AR 0 2 th B B AR 22K
MG 2 VA I AE SRR AR 7T Bt T /) H AR S 2%
SR B2 DI, PERESE T2 B IR . FTX
XL, Wei 55N (2024) £ T UDAT & H} T Trans-
ffCAR, £E Ji%, Swin Transformer V2 (Liu %, 2022) 5 A
Fr 13 & 71 (coordinate attention, CA) #L il (Hou %%,
2021) 32Tt T YA 55 v R 0 23 B RS2 B
PRI 1 37 5 b A N UE H AR, R R Z R
J R AR 5 A TE I AL i T/ AR R I BE ) .
Chen Z¢ A (2023) & Bh - 22 200 (mean teacher) (Tar-
vainen 25,2017 ) HE S8 £ 41 i1 [ 1 & (pseudo supervi-
sion) {5 5, & 1 — BT % TG e B I HE SR, ik A
OGS 5 8% DL SC sk O AR 28 o £, A1 1 s 22 4k 1
— B

VT AF SR, 3 BORE R AR AU (diffusion probabilistic
model, DPM) 7£ H H I 20 ER IR (19 H AR {5 S 07 1
J& B 5L AE (Dhariwal 25,2021 ;Song %5 ,2021) .
PG iy — 2 A B T P A X 3 18] e ALER ER
rh i LA ARG 70 R R A i LA SRR A 4 B
PR EBREFIE . Zuo %5 N (2024) 1 UK s Al
(diffusion model) 7| A 1% S0 5 , $2 1 38 [ A L AE 22
DaDiff(domain-aware diffusion model ) , 1% 11 ¥ FR 7 )2
REAT 2808 5 I X8 S5 AR 23 B H AR AIE B SRR 45
SRR R 5 BT 55 AH IR, S B AR 73 Pt
R HEBRRHAES A RREAE S (8] A X 5%

A 355 1) I R 28 i s 2 TR, HL k= 3
SN X RS 0 U R 03 A 2 S B S A
MG . Zhang 55 A (2023) 5 T HFAE R Al fif 4
h SR S N A 5 BURE TE XURS 19 B (Huang 55,
2018) o R JH Gt it - i b 235 4 2 LB ol oA 26545 XA
SRR AL R IR B AE A BOE R 2 Hin
suf, DT -2 P SN Rl A, S IR DG IR 2R AR Y
i BB F7 3858 . Chouhan 55 A (2024) 254 # 5 X
A% i JCOT P 5 5 B Sl B R, e
SN R AR AN H AR O bR 45, B ) S i A S5
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UE J2 9% 18 BR324 ) R AT
S5y R T A MERN S %

41 #| — P A (segment anything model, SAM)
(Kirillov 45, 2023 ) < HE R MU B I 25 , Ho48 58 R
Mz AL RE I M REA IE RS PERE , (H T 5T 494
MELL B3R B AR R IR Z IR AN . i,
Fu %5 A (2024) 42 H1 365 SAM (35 1 38 J AE 4L SAM-
DA (SAM-powered domain adaptation) , B YK FH T8
] e ANHLER B o 1205 2 0] Y SAM A Ji s Jo e 1) 4
[ AEAS , G2 M A A) A 1 AR 7 A JBT 5 S i 45 [l
R AR 2R B P SAML, 4 38 B B2 R 4% a AL
RITRE TIN5, EHLH K5 32FPS,

AR AR S Tk 2 R T B Mt ) e )
3, T AR X Te AALIRERJC N o8, Fude A
(2024) 4 Hi i ¥ 8% [ 35 1 11 ZRHE 42 TDA (temporal
domain adaptation) 5| AW} ¥ _F T SO 5 54275 9K 5l
R E PR AZ AL , PR UE RS MURAE— S, JF B SC
AL RSB HE B bR i X AN Z A A
R TE AR 78 3 R L2 R 2030 50K R e LA S st ) )
AL, Li 25 N (2025) 42 H—Fh 2h 25 R Ak A R 5 %
DARTer(dynamic adaptive representation tracker) , i
B RS sl AR, SR SR Sh AR LA S AN
(] s 1] 1) AR A A5 S, AT 5 22 0 A AR 3R 58
BERL A AR A i AR F 38 W0 Transformer B9 AN 7]
JZ R TR T8 T 6. 3% 45 B 1 [l
SZPL 74 FPS HYSZIFPERE . Wu S8 A (2025) 42 3 T
A [a] A 3 P 55 R IR 1) 7 5% 118 B 1 i 107 T8 A AL R B
#% LVPTrack , 8 13 i A= ®X 2% (teacher-student model )
RN EUZ U SO DR BRSNS T, O LA
ARG IR RT HARSMILE W PE . e A
Yao 5 A (2025) i — 20 5t 58— 22580 A 38 07 B ERAE
48 UMDATrack (unified multi-domain adaptive track) ,
255 P HUR Y (diffusion model ) A2 BY ) 70 1 5 i
TARBFEA AR it b e 5 B A5 XS FEAL] , 7E 8
— AR P SR (55 K R AR 2R R A
R R R R, P T U 5 s B P S AR AR
AR SEAZ O TR

SR ) TC BRI A B A A
FEE i B RR R X 5, R O R AR R
PR S5 i Z2 48 U R DEALREZR , OF IE#E— 2500
Gi— Z B R TT 9] o SR, TS AR T OB PR
FROEHE . 1 5 R AL R 3B T S ME RS, SAM. % Trans-

former S5 (1) 12 TH B LA 5 TE AAIL IR FR 1] 2 (1]
PR 3 LR, AT B89 3 17 5 12 2 AT Lol ]
18, AR A PR BE 52 0 8 3 HR A% B — 52 Z2 3F
BT 2 AL RE A R 5 T E A R H R A,
AR ] H AR ) A TEDCHK
2.2.3  BEHREIR A ] MERAR S ) st

P4k, #7822 2 (prompt learning, PL) £ R 5]
T O, B SR F AL B (nature language pro-
cessing, NLP) i DI 9 Ji& 2 400 58 40 35 (Jia 55 , 2022;
Zhu %,2023) o 8% HU 0 SO SRR AL A dkal
WIZRZHL, BIVAT 5 | 20 38 BT 95 A RS
DRAR A 2 V)3 Ao X 32 i I 2R A5 S 3R THI IO
18 SRR SE S T B R

Zhu %5 N (2024) $4 15 (8] o AN AL 88 SN
PR > [A) R, G ok AR R 55 PRI LR 45
I T ¥ R AE 2R 4 (gated feature aggregation, GFA ) #L il
RS WEOUAE B ARORRN T R B ER SR TR [A]
ARFIESRIRER PG o 7RSI (prompt tuning) BHEL
LAY S 3o P HE prompt S EUI Uk 45 FERb AR RY | B o]
S H R B A A RO . A $oR 4 ~ rid R
Z Ja S e AR B R B X R BUE R SR
TEFEBON B . Zha 55 N (2025) 32 0052 017 A2 2 )
R T E MG R ] Ik i IR ASZ Y8
FIAR G #0445 4 5 200k AR E AT R e 1 1T
FA B B v 3 s SO AR E 57 A RS HE Y [R) 8, SR
T, 28 3 78 27 20 J5 s (U H 2 H T 8RB A0 ik T
Transformer Bf ) A5 51 ABUANAT I 25248, 3T CNN
R BRI i AN o, (32 BR T SRy RS2 BB 0 L 58
G R IR OC 2R

Wu %5 A (2025)  UOK Mamba (Gu 45 ,2024)
TR IETC ANHLERER . hy 22 3 ) g Joi o 8040 s ke ]
A AT 28 IR AR 22 2] (curriculum learning, CL)
(Bengio 45, 2009) , 4 Hi [ 1 BT ERFRE 27 > 5wt - Il 2k
LA H [F 8 o 3 e IR 2 o) 8 PR AL ; B s
B S FR TR AR AR, () Zrid BN 5 "B 40 i
TS M, AT SR AT B A N A 8] 37 55 1 B R
W HE Mamba 1 755 U L % 07 Bk 1) 2 H0 iU
Transformer 75 ¥ ) 1/20° 2 1/10, i # # FF 0] i&
75FPS, 1fij Transformer 1 5138 5 A JE 40FPS,

SRS 9 7R 5 2] 5 TR 2 ST XK
() e AAILER B $ it 1 v 280 HL P I A% 10 ffe e S 7
G B S ST AR B RCR T T RIS T . SR

13
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1M, $7R 2% 2 19 %5 5 5007 A6 5 Mamba (Gu 55 ,2024)
ZRRL PR AR 2 A T I R AT Bk = 2R G2 I
H B R IR ) 5 52 S8 e 5, B T R
PHHERE . Aok T E S A I 1 IO B A S i 4
TN IR W A TR R B ML AR TS R

B RS 5 3 N
2.2.4 ZRESAATEX

Bl 75 A IR AR R AT R SR 82T FENLER R ) K
A SRV S R B T — S 2SRl & R
ANAUIRER 7k . H WA 2884 &4 RGB-D(A]
WYCHREE) \RGB-E (A WOt+=R - AHAL) .RGB-T(A]
WIHC+IRLTI) o

Horp  RGB-D Jo A MLER B 1 P R P $2 1L A L
] 285 A6 15 JE R By 2 24 A B 5 ROBE A 3 AR T
YEAN Yang 5 A\ (2023) 45 A2 H 19 EMT BRER &5 , Hol
i 4 JRy AL R A 2 RS AR FE GPU BT
SCH A Wi S PERE , IR REAE Jetson NX Z5 i A 2
S =Y G lengff)\(mzs)%ﬁiTﬁ?%%E
FEAERLG 9 RGB-D BRERAS , i@ 2 1x1 B FUE B H il
I“H;E.;%E%,ﬁmmé%ﬂﬁwj% So SEHGHE P
BETEMOG IR T AN P E B 451 N RN, 1B
INREEAR BAETC ML B bR R P A9 77

FEAE AL LURRD 9 B[] 43 B3R 0 S 5 B AR 4k
HLA v sh 25 u RN HE 3R 0 B 3, A 50138 FH 1 o e
iz 8l 5 W o IR 37 o AR SR PEAESE A0 Wang 55 A
(2024) H2 11 T 28—~ = 4 HE R g A o R B e 22
FEventVOT, 3% i1 T 3T Transformer 1 22 & 20 -
SR ZRIRAE SR S T AU S 15 5 1 e AT A
RBREE . Hamann 55 A (2025) 55 OB FAEAHALE A
AL 7 5 BREF (tracking any point, TAP) T 45, $2 HH LT
FFAE X FF 40 4 B B TAPHEZE , S8 T bz sh5 1
() FA R AR IR I B R R . SR, B RGB-E R
BRI A 4 () B B Rl A S5 4, S B0 R T Y
K EXELAA SR B AR D5 248 AEfE . Zhang 55
A (2024) %5 % H br R S 9% 4 % RGB-E Ay B H
PR RS, DL EOR) AN WAz 315 B8 . Yang 55 A
(2025) F 2 T 15 A~ 58 4 3k -2 043 =X 1 o - 34
A HESR 3 1t BEALBE 12 15 Ih 25 0E WAk A SR i 1 Ar
B R 5 B LAS RM FR I, H I RE B EFEK. Sun
45 N (2025) H T Mamba(Gu 45,2024 ) YK PR A5
SRR A B O3 4 1 IO s A B A R AR
SR AE AL, | 7E /8 5 RGB-E KLU - USRS fig

EIREAL %#mm%%J\ME*TEEETTEWT
=LA TR e = SR (e TR AR
F& AL M e S BHEAE T i#ﬁﬁﬁf/\
Bt
M Z T RGB-TREZS LIS a8 i 58 o
RS L e m O, A H TR R] JEAHL H A5
PR B EVR e E . K2 B RGB-T B9 . H b B 7 57
¥ L MDNet (multi-domain network ) (Nam 4§, 2016)
&Y, RT-MDNet (real-time multi-domain convolutional
neural network) (Jung 55,2018 ) i FEREHESL | 1 5]
A RSB EHL RS2 TR A RO . RN
T2 2R JHIMAS Rl A SR W, 21 Li 2 N (2017) A1) o e
B 2 AT TS B S BE , Lan 45 A (2018) 3 T 43 2545
Ay A & NS AL, LASE B RGB 5 IR 15 B 3h
ARG o SR, YA A BE AR T AR I, X 27
LRI CIRRAE A F SR AR 755 T B H bR
L. HLRGB-T Rl G Ik BB T BS AL 1)
FI 3 1 R (H A7 BRI 2454 5 T TRMER A
BRI SIZAEATIR
Bl A TR B2 27 > 1 R e T 5 B i 2 W e [ R
PR R o LiSE N (2017) Bt S R i 2
7N E U A 1 P27 > D v Sl ek B AR 3 0 R
RGB FI IR F1F ; Li % A (2018) i — A& T 34
FRA 2 P 2% (two-stream convolutional networks ), F i
IO fe LD Y AR SR AT R . X ROTE R
FIRTT T RE RYFRIKAE ST ABATIXE LU X 5 AR 4 5l
ST E. LidE A (2019) #2 ) 28 B 4% 28 1"]
MANet (multi—adapter convolutional network ) , Bt & 2#
ARSI BSRE 5 LB AFAE 5 Zhang 55 A
(2021 )3t 18 s 1 B 2l (1 5% 22 73 S S R 2 PR R A T
(Y IS AR SR AT o BB, Xiao 55 A (2022) £ 3 3k
A3 MR SRR RO B AR Al R | Phse S A A
PR WSS 0SRG2 SO ARG T AR
Bl n O . Hui 55 A (2023) 8 1 W e 43 % H s
FIFREEAH A L F SORMFE RGB AR R X B2
[ SRS A H . IR RS RIER S A RGB-T
G B4 T SR AT g R Sz Ak Re ) (E A
HRIEEZ b TE, SRR ) — e i 2
TAER , W oT At — 0 e ) S SRl S S R
it . Wang 25 A (2023) 4R 38 iy A B FFAE 2315 B
T A AR AL, S B E] Bh AT AR, 7E R s Bl
5P s rh R TR A B 25 B PE . Tang %

I
+
it
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N (2023) ZE DL B | A s AL e A% Al 38T
B, &7 PSR PRl 5 0 MR R SR Z A28
R e JO7 1 [ 7 (AR TR BB AN (W) P45 2% 14
T RIE PR S5 SR . Hou 55 A (2024) 51 A &
TGS B 38 ) R RO S8 BRI e 4, I A
A - SEIREE A X BRI Z RS FHIERALS . Shao 5F
N (2025) B AT RS B0 M RE R B B L S
BB LA D TR AR IR AR L. R RS
(2025) 38 o 22 B 4 g a5 42 BB AME S A i i 2%
TR A M 7 48 B A0k R M i s [R) A 7
VTUAV (visible-thermal UAV) (Zhang 55 , 2022) 5
HiAL(high attitude UAV multi-modal tracking dataset)
(¥ 2 % ,2025) % J0 N HLIER B 50 45 rh BUS e 5k
Aede Tt , B E A RS 73D A SR T e T 43k
JRE S T AME S B YE . Ding 2 A (2025) LIS N
FaUo KB AN 2 1, A% Bl =R Al , A 5 e e
2RO B A A BB S SAE , HIE DL A
&5 LA Jo A )

R 2B 980T I [R5 2 R AR 5 A FR | TRl st
WA T 25 (8] S5 R fE B2 [ A AR M . Wang 55
AN(Q024) B GRS F B S ZHEFEE  ARURRL T
148 RGB-T BRI i 25 B 24 ISR AC HOR R (IR
BEIAL S R, Li %5 A (2025) FI FH sh 25 4B 4 4 A
T N Rl TS Y 22 RS R, O B R T L
LA DI R o AV, DA T S R 5 i) £ 5T
BAAL . Feng %5 A (2025 ) 4 WU S g B S8 4
fIE, 3 2o PR3 S BRARL S B T R AR S RS G A
B, Hu 558 A (2025) D) 58 i B 8] S Ry B, 48
H0 A B (LR ZS AR 28 2 T 28 X Mamba( Gu 55 ,2024)
Bl SERLT W ot ) B )4 R BT AR I . AR
Fh 712 ¥ 85— i RGB-D/T/E 24T 55 iz {LRE J158
Ry RS IR B T e T 2R

B 2 RS B A 5 5 A TR M R L, 7 2
2] 7E RGB-T BREF U 2458 . Yang %5 A (2022) 7F
B EZYIZ MBI AR F/ NS5 RCB 4 fii
200, LH MO ES BASTER . Zhe 58 A (2023) A
AR L A A B REAE SR HCRE T, G o / f AT 2R )
(R RFEFE s B FERRAE R T SC L T 28 H BN
AN A AR 5 3K AR B UK R IR S T Y B R 2
ISR . IR IE S O E AR X
B AR B BB AR R (R B, SR E EEREAR
Cao 55 A (2024) #F — 25 52 H W) 5 455 25385 FC 2% , g

g N IF i b £ SRS AR, L T 8
A VW SRR NG, LIRSS B ik 3
BAFPERE , JUHGE T AR bk BRSO R 2R
WA 55 AR AL RGB-T LA . Hong % A
(2024) 4T T A8 7R 24 S UGS BLRE e A 1 Ry
B W o T TR R AN AR R A O 42
AN, LT 6 RERERAT 55 S —IE BiL . Chan 55 A
(2025) & it 1 =43 3454, IRl BB 51 A Sigma
HL, 15 B Mamba (Gu 45, 2024) Z2 3 =4 2 2 [6] 49
UREE R E L S5 P AL, A &l 70 (5 B JF
Oy R WS T AN (ARSI BON , TE S
PEJS EARAEAE A o Zha 25 A (2025) 4% Hi () RGB-
D-T # 5 #% RDTTrack F| #2758 27 2] 7E Fil illl 25 RGB
PREEARE A R B S A AME B AR R
A P = RS BAMIM R, SR T RS T ik
AOPERE T BRI B AR T e O o A B i AR
[Fi] 25 7 ) £ 45 RGBDTS00, U ik 4605 1 528 T
B R PR ERPEBE , (R 20 AR ] Y RIE 25 5
Lu 55 A (2024 ) 38 35 KUK - P9 25 k#8040 AR 2R AR AL )
RARIFIE 2257, 2B 96. 4FPS (frame per second ) Y 15
SCHE R . Hu %8 A (2025) $2 1 T LRPD (low-rank
prompting and distillation ) HE 42 , 5K F % R 22 44 19 1K
B4 8 2% 2 (low-rank prompting, LoORA-P) 5 ¥l RGB-
T B X i) B A A 58 L fige e T S ) g P S A2 L I
S5O 4R UK B i U AR 20 e Ak e 2 A AR R
PRRM . Luds A (2025)#F— 25| Mamba(Gu %,
2024 ) (B BEME T L e 2800 4k 2 SRR 1 R
FROE, SE 0 T 22 5 2 Rl 48 2 AT i ) B K
R IUH RGN 5. Tang 4 A (2025) 4%
HATIRAB ISR AT AT 55, HARRAHE
222 > (continual learning, CL) W40 H #x , [A] B 45
TN TR S SRR AR e AN R T
A% 4 RGB-T . RGB-D il RGB-E = J54T- 55 1 5k v
UniBench300 %4 48 , 8 2 % 55 11 25 5 M X
UM ST AR A SRR R T A 1Y
RS

VLAL , 2GR R e 2 1w A S Y R LR
Z S UG & AT ANT- 65 T &, 20615
BTN A KA 2B . Li % A (2023)
AR T I B OGI M | 3l 2 i A AR 2 o
AUk B B I H TS bR SO R
TIELA KA Rl BRER A5 R . Li 55 N (2024) 2 T A [F]
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FEBHEA B OGBS M ISR AN ], 589392
PEARME B, W IR RS . BRI AR A
F RGB () BR B 2% PR 7 ol DA BEZ2 5615 K114, Qin
4 N(2025) $ 1 UNTrack HEAR i 45— 4 5635 |
s (5 5, SN BARFIIE 37 56T i S i, O
T A 2065 0 A PLER H A R A B 4R
MUST (multispectral UAV single object tracking data-
set) o Li%E A (2025) 4 e e ROt 1 -2 [a) A
B E A Z HARIER , IR T T 3
e F b RS e M EL I 2 O AL I BR ER T 5K, IR K
A E AT AW 2 O60E 2 H b BB B0 4 MMOT
(multispectral multi-object tracking dataset )

ST, BUA J7 ik 22 56 T b 1o = T A0 A
I, DB X AL 5= RGN HFR o E5E
1 BAT AL AR AE A9 B0 v © e IR Hh R PR, 3R B
HAET AN A T B B500m 49 n] 1= 4 5 0 v
Ho AHAFE R , 7E BRI 8 RE = 52 29Ot B 2% F
T AT ROR A AT GIR A B BE X
KT NHUAEST HCIREE T SRR B Ar o (v $2 4t T8
L o R, 2R 8] e AHLER ER AT I s - 1) &3
RIS bR T A i, DA Bl S A PR, ke = 7
i S A 0] 37 s RS S B R D0 B A M oA 5 2) A5
A2 5l G BORI A EHOR I | i A
BB ARTL T, A o BRBSBOSEAME R 3) M)
Ui 7y 5 B R S LRI AR TR IR S (i
PP AL B 2 0F M ADAEAEPE REIR AL IR . ROk,
WEHE N G IE T i A2 I e 5 B RS RE R
A AR (41 Mamba 2844 5 Adapter yu28) 1 & &, 245
ATl G A B SR e A HILRE 58 D Bk 4 5 2]
“IHIBRAR” B BRAT , Dy 25 R RESE A2 A A PSR
HET HLE Bt 1 HAR S8

3 BIESEEFNMER

3.1 ®ES5£XMEXT AVAAE G B FR& N5
7S

PRI TE AL B ARSI % e Jee v B A< v Joa i 4
PR 5ot B TR R o SRTNIA TC AN A B
LZ2EPTHRY R KRR R, ik, A
73T DroneVehicle (Sun 4, 2022) ¥ 2 T 7 [6] ZE4H
Far N5 41 2 DroneVehicle-Night , Jf %% 3 LA (1) 42 K
A T N HILATC ARG DU SR 4, DA R 4 LU A [ 250

38 RE SR A L AMAE
3.1.1 DroneVehicle-Night 44

TE#) 2 DroneVehicle-Night £ 42 5], A SCEF X
55— T AR D AR TC MUK I B %, 704 A 1E 55
PRt EdErT TR

TG BTN B AT RE 1A BR R R AR
A7), N DroneV ehicle B4 42 14 1T UL G i
e R AR R N TOGIR BB (7 5 AR A0 RS
AR [B] 7 SR A, U o B ] UG R o 8]
3R TR BIREAS, An AT BRI A 4k i 18 % (LT
3a) MR E B4 42 3 (ILIE 3b) DL OGS e ™ B i
S BRI (ULIE 3e) 5

% - =
“
—
(b IR B %5

a) HERT R A it (o) HIGRTEAFRIX

((a)urban road under streetlights ; (b)low-illumination parking

lot; (¢)residential area with severe light pollution)
€3 DroneVehicle-Night £ HEAE AR il

Fig.3 Example samples from the DroneVehicle-Night dataset

FEUR R I 2 G AR e A W o 22 b
TN RATLEE S0, BARTEREE 317 5 % B2 o3
fi B RA RSN, I AR SCIERRTE R G A
T i % 11 FHE (oriented bounding box, OBB) #% = , #H
T AL 48 09 K F 31 B AHE (horizontal bounding box,
HBB ) 5 REAS A 41 iR AR A 1 Y A48 3, ORI B
H bRy 2 [ 254615 E

=N NI DroneVehicle-Night B4R &
10357 XTI ZKI&1 15 868 X Hr ik P51 6013 X 3L ]
1% BEXTREA Y & RGB 5 IR IR . Bt g hn
276819 A HARSE G, B 3 T HAR 304 R %
ARG A 54 . SR RiE g s R
X545, FE AR 1O BT R 1 52 Ak 5 25 ]
DA ZREME . 28 1, DroneVehicle-Night 23 22 7E
FEAT e RSB 5 ARTE RIS 4B X8 A Tt A
BLARL T UG AS I 1 SC B PR SR AT 1 R el , T A
NG S 2 RS Rl A BN B I B ST B
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3.1.2  EREIRANUATHEIG B bk g 54

F% DroneVehicle-Night Zb , A5 IR Z5 38 T 4 K i
R AU ) TC ML MG E s e 0 £ 4 L OF:
BRI B 2 422 L3 2, L5 SR A A 1

1)Zhu 55 A (2022) #9217 A TC AL E G 5
VisDrone2019, H K HE K 22 AL A% 27 > 5 508 42 98 10
AISKYEYE HIBASRAE . A7 288 N HMI - Bt , 1t 4%
il JE A HLFA 48 119 261908 Mt A1 10209 5K i 2 KI5 41
Ao o 62. 4% Mk AR N BN 3233218 %
B/ B dr o HH AR K I 4 VisDrone-DET & 6471
sk 2 KI5 L 548 kIR KI5 L 1610 5K 13 15 K&
1580 K Fk fik 2 A5, 28 00 ok 5 N2 5 A A
102,

2)Du 55 A (2018) M 1 1 JC 20 37 57 9 T AL
AR UAVDT, LETRE A5, & 77819 K K
% bRTE T 235 14 R EPE (IR AT 400
) EEPYFREE SR ) | b S 4k SR B JC AL &
15 H bRk 5 BRER R T B R

3) Kraft 55 A (2021) #4821 JC A HLER 35 57 A
K 4E UAV Vaste, 18 772 5K EIM% , 3718 I bRiE:
HE o ANARIC R 128, RO by 3, 3F0RD T 4 Sk I
LA DB 1925 11

4)] Gasienica-Jozkowy 4= A (2021) 4 4 71 [A)
FKIRTE AAAE RS Wi i R 4 AFO, 175 3647 7K
F%, 119973 MARTEHE 055 9 N2 . FFARIEAT 55
TR A0l = AR T 58« NS R/ N RS-
S EYIRE IR

5)Sun %F A (2022) # # T H ANHET R ALK
RGB-T #5155 25 42 10 A5 10 45 4% 48 DroneVehicle, 3t
56878 sk KL (RGB 5214045 —2F) & %
i o TR LB 840X T 1243 2% , L BRIUFA 45 10014 %
H i1 J5 8 640x512, i H F1IK 68 UL B 5 7% 8] 46
15 .

6)Suo 5 A (2023) M £ T & A 25 T AMLLL Ak
PORAGEE 45 HIT-UAV , B M JR 1 Tolb K 220 55 1]
BAISCEE . a7 (R 5 4y GBI ),

65 RN B AR, Mt 2898 SR LT AN VKI5, TSR

T RAT R (60 2K-130 2K ) AHHLAR AR (30 BE-90 B
HOGR B (1 RBGR ) 45 8 IRt 1m S xR
PR FHE . ZBUIRETE 1) ©AT R E S H ARk
K B2 X TCAHLAY & 2 5 2) AL A 6 e AL H bRk
W52 5 3) I AHLEER )48 R MR AT 55 1 T 17

PESEIF ST L3 et B KW 7.

7)Zhang % N (2025) ¥4 T FF To AALIY L 4h
T K I 8% A 4E OSIV, FR 39583 gk 41 41 K] 1% Al
617370 MriE 2l A% . 12 B0 45 155 55 DroneVehicle
AHIF A TS 2300, o R 2R (25246 TR FHE) (55
E (1663 5K &%) AL (12674 5K R8O 4, 1 15
B AF4L) GAR WARES 55 D R SR
B S A AR 5 A4S R R

8) Dhrafani 5§ A (2025) #8 & 1 1 FH T JC AHLZS
HR R B ST A BROR A TR JER T B B £E FIReStereo,
Hi 204594 5K 37 ARFBAR EUR A 1. iH 55 Z Fh R B
oA, Horh 56% R B AR5 25 1Y B AR IR . 84% 1Y
BEURTE I RRAE  HAR MR TER AR 4R .

R BAEE S (5)~(8) Gl A Bl T 414h
BUGHIE | REAE 5506 554 N il i Z RS Rl 54 ok —
SEANTEAE R, ol 2T Ah SE B B) H BRI . H,
AN E B AT WG & e T aes | AR
H AR IR TP AR SR B AR IR K ; ARl E
(2SI NG = N i BN 7 N
AR R TR R AR 2% B 2 B T DT 3 b1 53
TJEER . PR, B () S R R R T A H A 4K
SRR 2Pk, kw5 i — 200 5E 5 58 mk
3.2 ®WEFX AL E G BiREREREIESE

KEFIRGFRAET TORMA R AHT, HH
B % 55 OTB100 (Wu %5, 2013) |, GOT-10K
(Huang %5 ,2021) ;LaSOT (Fan %% ,2019) , A 1fij X}
[ 5 5 W OCTEAR XA D . R R G0 S AR ) B TE AL
LA T W FE LA, AT BT T ZE N4 T A
Ji) LS A, R 5 0 A LR 4 A B50HI 2 B 4 b T
AR BTG HEUE

1) UAVDark : 43 & UAVDark70 (Li %5 , 2021) Fll
UAVDark135(Li %% ,2023) BN A4S, B AWLTETR
)18 174 B W 471, il 6 2 70 #0135 A4~ F- 1
FRyER AT 51, 48 55 T 18 I A IE S A B X
HEZP s EIERKENSR, T N JRE R4 B
T4 RS .

2)DarkTrack2021 (Ye % ,2022) : J&— 4> H A Bk
A 118 7 B) TG A HIL R B S v, B 110~ A
AP F S, S 100 K i, BT A7 )7 51 #6 02
TERZ 18]35 5% LA 30 Wi/ A 3 ) .

3)NAT2021 (Ye %5 ,2022) : J& & Ry Jo W B 5k A
35 AR () TE BT G B AR R ER 0T T8 Ak
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Table 2 Typical UAV aerial image object detection datasets
PN \ =R Y I\ 5% 51H
2R B H B F GrPER i #: 511 .
77819 Sy MAKHE = ITEE HESH  1080x https://sites.google.com/view/grli—
AVDT B 201 g \ . 1
uaY ROB 2018 i el B = 540 uavt 003
woage HARRBEMEINL KRGS, o0
VisDrone  RGB 2021 KRR &g, R Do tipsieithub-com s rone 872
3 i 2000x VisDrone—Dataset
o 1500
T A, BT MG, H BRHESS 3840 hitps:/github.com/PUTvision/
A ste B 2021 2 s 131
UAVVaste RG 0 7725k N eI 2160 UAVVaste 3
D280 psslhwww kaggle.com/datasets/
3647 EITOK ML HELZRE 720- .ps: v?fww‘ agg-e.confl aaseSJang-
AFO RGB 2021 RN sienicajzkowy/afo—aerial-dataset—of— 96
sk NHEE N E, 3840x oatine—obiecis
2160 oating—objects
DroneVehicl RGB 2022 56878 RGB MZLAMNEMG 4 5 —2F, LT 840x  htips://github.com/VisDrone/DroneVe- 353
ronerenee R K AR 712 hicle
2898 H NN E S LLAMNAEELE , BT 640 hitps://gitcode.com/open—source—
T-UA 1 202 . . 121
WH-UAY R 023 gk WEAT Z WG B - 512 toolkit/f9a26/tree/main
39583 SE—AET IRV DMLLAN AN 704%
OSIV IR 2025 https://github.com/rslab1111/0SIV 1
B P TR g 704 PRTETHDCOMARE
A8 SEAR PR R OG5
204594 VI L b 640x
Firestereo IR 2025 K ﬁﬁ%@fﬁiﬂ%;iﬂﬁﬁéiggz 512 https://github.com/firestereo/firestereo 5
BRI,
FREN . A5 180 M RER T UM AE AN 14004 OCHRILF: 1) RS AE 64k 78 WAL Aa T | 34647 b

PRERP IR YILRAE . B T 18 B 0T 5500 AR el
S RS RN, RS R E N BRI
o5 N TR IR EEPEREVEAS , dE— i T
K I PR B F-4E NAT2021-L-test, H 23 4N F91 , 54K ifi
ZH

4)WebUAV-3M(Zhang %5 ,2023) : & H Rij e K1
2R T ANLER R B8 5 . A1 4500 4> HL AT rh
R 330 J7 T, JF 4L 223 4 i B 2L ) B ARZE
Slo A, WS T AT S (R R EREE Xt R ] 2
BRI AR AT ) o

5)NUT-L(Fu%§,2024) : J— A K I 12 8]
Jo N HL R R fE B A o i NAT2021-test A1
UAVDark 135 H ()4 Bisf SR 2 WA 2H 65 1 1, £ 7% 42
AN FF)F195274 3K EIZ

6)LMOT(Wang % ,2024) : Bl H & T —Fh
MUEAZR Sk 240, T LA ] Il 412 Y 26 78 12 AT |) 4Ol
(AR AT . F 25 () RIS (i) 4 B 1 X 5%, AT

T, AT ARAS 8 B A 10 5 2) 164 7 J LA RT L)
TENZR P BeA A b iy W B 5 B, A R T4 T R
By bkae . LA 32 AN HUMRUT 41 L T 35000

FEE T 815000 434 FHALE

7) LLOT (Zhong 45 , 2024) - £, 7 269 4™ ¥ 4 )5
B, I 132000 M P8, 18 38 30 A0 3 i 4 4% Fif
2 NS IMIEO L35 e 0l 6 15 VF 22 A RO LA 93
(R , B4 0T S B ELA PR VE Y 0 T 32 5O R TR
Prid 7 12 PREE P

8)NT-VOT211 (Liu 55 ,2024) : H 211 AN [A] (1)
PRATEZH B, 3t 211000 S7E R B4y i, HAT 8 3k
iJE

RIM TR G ITHE R 5 W
0] BREE PR, 045 G HE ARk (illumination variation,
V) R EE 754k (scale variation, SV) L iE$Y (occlusion,
0CC) \JE 22 (deformation DEF) . iz 3/ 1 ] (motion
blur, MB) | Pt 3 iZ &} (fast motion, FM) | i 73 #f %
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(low resolution, LR) . #1 ffi ¢ 41k (Viewpoint change,
VC) & 55 He A8 4k (aspect ratio change , ARC) |75 5t 4%
% (background clutter, BC) | # #l iz 3l (camera
motion, CM) . 52 2= I 4 (full occlusion, FO) . Hi A B
(out-of-view , OV ) FH{IH) (similar object, SOB) ikt
H& 55 i (low ambient intensity, LAL) | i€ ¥ (rotation,
ROT) . B 43 i £4 (partial occlusion, PO) | iz 3l 25 1k

(motion change, MOC) . /N H #5 (small-scale goals,
SSG) .

A H MERER AT BRI T A —E
NP L AEE R T] T2 TE A B A A o EO6
K P20 U B AT AR 7 55 A B ey A
SEEZ (AL RASR) 5K PP REAR A 2 557
B, 2 T R A E AR AR R PEAY

®3 WERERBIEERARTLE
Table 3 A brief comparison of night tracking datasets

. Pehik X
" A " ot . ]
B ST BdRRs R Pl v 4 2
B2k i o
K
UAVDark70 66k/
135 0n3s o Test 5 LR,FM,IV,VC,0CC 57/71
DarkTrack2021 110 100k Test 6 VC,FM,0CC, LR, LAI, OV 69
NAT2021 1603 470k Train/Test 12 BC,ARC,CM,FM,0CC,FO,0V,SV,SOB,VC,IV, LAI 118
Trai ,FO,0V,FM,CM,VC,ROT,DEE,BC,SV,ARC,IV,MB,
N UAVAIM 4500 EOMI win/Vall o LR,POLFO,OV.FM.CM.VC.ROT.DEF,BC.SV.ARC.IV.MB, - _
Test CM
NUT-I, 42 95Kk Test 9 0CC,FM,VC,IV,LR,SOB,SV,LAI,FO 24
LMOT 32 35Kk Tra;“/ Yal/ 5 0CC,0V,SOB, LAI, PO 7
es
LLOT 269 132k Test 12 IV,SV,FM,0OV,LAI,MB,ARC,LR,SOB,PO,ROT,CM 1
NT-VOT211 201 211k Test 8 CM,DEF, FM,MB,SSG,SOB,0CC, 0V 2
. —_ \H ‘.;. -—\ % :I-![ i = -—\ 1 m
3.3 ®E X AVAIAE %G B iR NEMN TSR mAP = - ap, (4)
m i

5 MS COCO (Microsoft common objects in con-
text) (Liu 25, 2014) 23l 42 19 P74 A R 280, 38 R
A Y585 BE (average precision, AP) | YRS B Y {H
(mean average precision, mAP) 5 & (precision,
P) . AR (recall,R) FEAIZE (params) \EEFF 1012
I B 5 (GFLOPs) BB /NI (FPS) 454
PRI AL R R RE .

GFLOPs T g Skt A 2 B (e iRk
71N A L 5 0 TR R B /0N |G B R PR
Params /s AT I 2R 24080, S 808D U B AR
AU s AL KN I 2 J5 A A R S o
HIfEfE 2SR . mAP T FESS RN

TP

P= ey rp S
P
AP:fP(R)dR (3)

2 7, TP (true positive) 8 1F 4 FU B 1E FE AR FP
(false positive ) #8512 T I A9 IEFE A4S, FN (false nega-
tive ) 8 T EE R A AREAS . AP ARGV SR, BIKS
- n] 2= (precision-recall curve, PR) [l £ 19
o APE R , SRR I 25 SR B . mAP RATERR
FE T 32 FF L (intersection over union, loU ) B {E -}, %
TEPR A A S o o m R 2R AP RS i 2R
W AP . TERZ BT, 3248 H mAP50 Fil
mAP50 = 95 NG IR . mAP50 7R ToU B{E K
0. 5 B350 Y A9 1 22085 B2 B4 08, 46 b S e 17 A 8
TER R FEAS Y ToU BIAE T By A0 M B , 3 5 H] T3
fBEHL (A FTRE 1 . mAPSO — 95 7R loU [ H 76
0.5~0.95.1200. 05 Hy 5K 1 104 B E T3 P2
KA
3.4 ®iEEX A EE G BiRERER M ER

A TE ML H bR BRER 5 PP F b5 32 244
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¥ (P) I —1EHS FE (normalized precision, NP) | i
Ij % (success rate, SR) , B H % il & F 1fi FH (area
under curve, AUC) DA K R (FPS) .

K B BT PO 7 B 1R 22 (center location error,
CLE) , BP0 e 5 B AL O A BR R B R . 38 LA
CLE/INT 2018 iyt & LoAE RS BEAR 4

A — ARG B - X o 158 22 4% H AR RO #4715 —
b IFTEREEF L0, 0. 5]l th &t Am i,
AR bR B A AR R AR 5%

B BT FUAE 5 B S HE Y ToU {8, S8t
LoU & T EI{H (41 0. 5) i 4 L o

B g 2R £ T A X AR T R 2R (success
plot) 4345 B 1Y T AR, T £ S W R 0 1 ME
PEAEEE VE | 2 28R SR L O35 b5

T8 - A e B VR R ) O R A , s AL A P
A MTEL . — BN FPS>25~30 B f& S 2K

4 THEBEITFM AT

4.1 DroneVehicle-Night £ 854 27

N VEAN BUA T3 15 FE DroneVehicle-Night |- ) 3%
TRERE , A1 L BOCHAT 38 0 7 ik AR I B 4R AT
PEREIT 70 HT
4.1.1 SCHRRHE

AT B AT SE B AR 5K C A 48GB B A7 WY
NVIDIA RTX A6000 . F#EA7. Wafifixt 78T,
FACACENE T E T SCA TP IS .
TELLAMEZS 1 B ARAR T B8 42 10, PR fiff 2043
() bR 25 AE R BLfA . 5558 & T MMRotate (Zhou 5%,
2022 ) il MMDetection (Chen 55 ,2019) # 47 , H KM
o R e 120 FAE (OBB) AGHM Sk of 4= 0 1047 5 37 1
k.
4. 1.2 PSR

FATREIBC T B BA 524 T I7 vk, A4 4 Fb
BARI S T7 1% FasterR-CNN(Ren %,2017) .RetinaNet
(Lin %% ,2017) . YOLOvSs (Jocher &5 , 2023) £l S2A-
Net (single—shot alignment network ) (Han £% , 2022) ;
DL B 7 Fh A0 7 0 8] 37 500 2 B35 il T 1 CFT
(cross-modality fusion Transformer) (Fang %5 ,2021) |
CALNet (corss-modal conflict-aware learning network )
(He %% ,2023) . C*Former (calibrated and complemen-
tary Transformer) (Yuan %, 2024) .ICAFusion (itera-

tive cross-attention guided feature fusion) (Shen £,
2024) . DAMSDet (dynamic adaptive multispectral
detection Transformer) (Guo %% , 2024) . M’D-LIF
(mono-modality distillation method and the local
illumination-aware fusion) (Zhao 4§ , 2025)
MS2Fusion (multispectral state-space feature fusion)
(Shen #5,2025) . FR4ILA T ARk SHEAE T %
K mAP50 45

5 AE BB e, 2040 (IR ) AR 243 L T
AT ILE (RGBS o LA YOLOV8s g6l , RGB LS T
(1 mAPS50 2 65. 7%, Tl IR BEZS T 49 79. 7%, 245 i
14%. X —2EBE WG MR B AR I Ada 7 57, 2050
AR RE A% B R b 2 1 E AR AT 57 22 5, DN T 2
RO Bt B M P X R B2 BB 67 T2 e, el A 0 45
T2 5 43 9k B bR R R R AR AR DA B T B AR
mAP,

HR, RS RE INETE R vERE B R AL T
PAREA FEZE . CFT.ICAFusion, DAMSDet, M’D-LIF
HI MS2Fusion () mAPS0 44 7 80% LA o LA M*D-LIF
AR ARG RN, 74 TR I 2 51 (1]
a Truck . Freight-car Van) U 14 7 W % #& 7
(Truck80. 9% . Freight-car76. 0% . Van68. 9%) , i %
7331 83. 9%mAPS50 [ SR A5 R, W] I 5 T AE— A
BER . RUMITER I Z&F T ,RGB 5 IR 19 B AME
A DLSE 85 B Y Rl Can ey 380 BB Rl & 5 2808
BLTH) A5 30 78 53 R, IR /I B s | 30 5 58 55 S0
EEAR i I E S

N2 o S 35 I N 9= o o S D Y €
AR 25, HIRE I N : DL ResNet50 (residual
network 50 layers) (He 55 ,2016) A&+ M4, it
B AS IE JE 2 BEAS (1 FasterR-CNN |, RetinaNet , S?A-
Net ., C’Former ,DAMSDet, 7 £5 24 7l (i A5 RS & D K¢
HARHY mAPSO 46 b L, 3 ikt {1 T 3 T CSPDarkNet
(cross stage partial DarkNet) (Wang 55 ,2020) R 51|
TREAY . (HAS T A /2 , CSPDarkNet Y 43 J2 85 i
B i E A R AL R R, REAS 1S s R ik 52 5
i RUBE AR B 8l , 3 B0/ B TR OB PRE T 2
SRR ) 22 ROERAE . PRI, a] LA - 1% 1]
T NHUAG AL 55 7, 8 IBOCHE IBUF 1 3 38 RE L) 5 A 28
ST R E T 2% A BT S PR RE 5 IR A ORI
-1
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4 DroneVehicle-Night 35 & _F 4§88 B2 i 4

Table 4 Simple performance evaluation on the DroneVehicle-Night dataset

T5ik RFEHR M4 PR Car  Truck Freight-car ~ Bus ~ Van  mAP50
FasterR-CNN TPAMI2017 ResNet50 749 275 28.0 774 403 49.6
RetinaNet ICCV 2017 ResNet50 725 122 23.4 494 31.0 37.7
SA-Net TGRS 2021 ResNet50 RO 722 211 23.8 78.1  36.8 46.4
YOLOv8s Ultralytics 2023~ CSPDarkNet53 88.6 457 52.5 89.6 523 65.7
FasterR-CNN TPAMI 2017 ResNet50 89.8 474 52.2 882 480 65.1
RetinaNet ICCV 2017 ResNet50 89.1 182 35.3 703 329 49.2
S*A-Net TGRS 2021 ResNet50 . 89.4 4138 56.6 88.9 458 64.5
YOLOvS Ultralytics 2023 CSPDarkNet53 98.1  69.3 75.8 96.5 587 79.7
CFT arXiv 2022 CSPDarknet53 974 712 75.5 963  61.6 80.4
CALNet ACM MM 2023 CSPDarkNet53 89.8  72.6 68.9 88.8  59.0 75.8
C*Former TGRS 2024 ResNet50 90.0  67.2 62.9 89.1 57.8 73.4
ICAFusion PR 2024 CSPDarkNet53  RGB+IR  98.1  77.2 81.2 96.1  64.0 83.3
DAMSDet ECCV 2024 ResNet50 958 725 79.4 942 64.0 81.2
M’D-LIF ICCV 2025 CSPDarkNet53 97.6  80.9 76.0 96.1 689 83.9
MS2Fusion Inf.Fusion 2025  CSPDarkNet53 982 754 79.2 962 652 82.8

T R TR 7R 25 97 B (L4 2R

4.2 VisDrone2019 & & 15 = il 14 &E XS bk 53 47

B TC AN S H bRk 5T K 248 H ]
KM% EJRTIT BUS T HONBEAR RS L . SR, X T 1
[ 3 55, 3k BB 1 S B R AT SR AF A RN o
PEo A T B kX — R, A5 B T VisDrone2019-
DET(Zhu%§,2022) ML Bt T ERAX T L dis . 5
DroneVehicle-Night A 7] , 855 Y VisDrone2019 %45
ETE T 20 H AR SR A AR SR L (1
YR T B2 (R BEARAY 5 249 18. 3%, BEAS 5T 4 i Hh J
W3 FH B AN TR G B A A T 3 4
4.2.1 BAREERIEDR 5

H F VisDrone2019-DET (Zhu 45 , 2022) & $2 i
T E) R ARV, AR SCl AT N T 8 5 2 B B (R 2ok D
R4 B BT 521 3K 18] 5 K 1 s 1 4
TR o, oA T IR T B A A I A 2 R
SO IR A AT AENLEH S B e
KT TR AT T AR R I 2 A

AE TN L, SO JA] — R 4 T Bk ik T 513 8K
H ] U, (B ROREAS 6 3 5o 2 R H AR 1 AR
F—2, B AT X B A P SR TE

4.2.2 SLEEE

A5 2 B VisDrone2019 (Zhu 25, 2022) (19 %1 43
J5 3 B AR o ISR IR AR R AR | 430
A5 6471 .548 F1 1610 5K % . Bl i & an 597
N o Yt it v SR B ML R, ST 4 1 B 45 LK
T | DL il o SRS T R ) RS-y ) 3L,
P R B 5 e 597 Ak e
4.2.3 BRI LA

AT VEAG Z2 8 U H ARSI 33 A e 1R 2
RDEREZAT N IPERE . X E AT Y 32 0000 55 PR3

1) B BESA L A1 YOLO & 4119 YOLOvS (Jocher
45 02020) . YOLOV9 (Wang %5, 2023) . YOLOv10
(Wang 45 , 2024) . YOLOvI11 (Jocher % , 2024) |
YOLOv13(Lei 5§,2025) , H R Z /N IRAS ,
Hol i B AR Gold-YOLO (Wang 45, 2023) il Hic-
YOLOv5(Tang 55,2024 ) ,

2) W [ B K I A5k AL 45 QueryDet (Yang 45
2022) Al ClustDet (clustered detection) (Yang 5§ ,
2019) o X EET5 EAE S bR o A ML FH A B A v Y
AR AP 5 30 I, DR R e 4 T S e 24 i S ) 4
TR T I TEREZE S .
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Table 5 Hardware Configuration Table

28

CPU
GPU
AF
BT NAT
BIERS
i
HEZR

CUDA A

13th cen Intel(R)core(TM)i7-13700F
NVIDIA GeForce RTX 4080
16GB
32GB
Ubuntu 20.04.6 LTS

Python3.8.20

Pytorch2.4.1

CUDAI2.1

6 R T A FIETE H Al 5 R 5% T Akl
i MRSk E AR R H 5
2% T 26 AT S BEAR , mAPS0 388 43 A 7 30% -
45% M IX JE] . Horr, ClusDet(45. 2%) 7552 2 2225 5|
Yy T RIMEA , 15 25 TE i B4R 3 brfs sk
BRI IERLS DL R A BRI = S
2 RUBE H AR $2 BCE B A B RRIE . YOLO &%
H1, YOLOv9 Al HIC-YOLOVS ) mAPS0 Y3 i 41%,
{E 37 =AY 2, M A T YOLOvS-s, HIC-YOLOVS 7E
mAP50 5T 6. 5%, X FEIHT TG/ H g
o i Sk 5 15 43 P REAE I (55 280 B 3 C o A AL
FEMGIF sk T 25 [R5y dARE 77 o

15 i H R B OGS B A 55
ARG DN R4 L 0 B, T U A T 4 s

FARAKT 9% LAY () mAPSO 3465 R % 9. 1
A 5 CHIXE R 25 8 23, 1%) , Hoh Recall T &
OB SEI AR R R 2 24. 1%, T Precision AH X}
TFRELY 11, 0%, 2 W RGN &5 76 0[] B84 [r] T~ 4 <5 93
W, S BORA R B R RER 1k B AR AR SR AE 1
(1] RS v S B AN 55 e A B 0 A e 55 Ak, 12
U I 18 AR, ol A5 AR Sy 350 . 25 AR P A 75 o LA
AR BE o (ELAS V5 2 02, 1 o BERG I B3k A
T IR] 1 mAPSO 475353 155 F- LB BEAR AY | 3 Ui B L2
UARZERE 5 10 B 1 R AE AL 75 55 6 R BT
IR R SO p B g A RS YOLO &R
BRI 4 1 R ek B oAy B, U LS R R Ak
PETE T AT WG AR I 5%, (R R AR M bL A A T
= AR,

®6 BRHRMLEIBLER

Table 6 Results of the day and night scene comparison experiment

H fi] e
Jrik
P% R% mAP50% P% R% mAP50%
YOLOv5-s 46.9 35.5 34.7 43.9 26.5 26.0
YOLOv9-s 52.5 40.6 41.0 449 31.7 32.1
YOLOv10-m 51.3 40.9 40.0 48.0 31.6 322
YOLOv11-s 49.3 40.4 39.1 39.7 32.1 29.6
YOLOv13-s 45.7 37.5 35.9 42.1 26.3 27.3
Gold-YOLO 50.9 36.0 34.7 41.5 28.1 26.0
HIC-YOLOv5 50.0 41.2 41.2 43.6 32.7 334
QueryDet 523 46.1 44.8 48.8 334 34.1
ClusDet 51.0 46.5 45.2 47.9 34.2 33.8

T L SRR % 8 B A2 2R
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Fig. 4 Day-night comparison of general algorithms

5 7E DroneVehicle-Night I {52565 AN [A] , 757 & 32
BRG] B TR B T 2 LA Rl T VA e
W, B PRI IR LT AN S HANE R[] TE A HLASE
W AR B 1A% 15 3 F VisDrone2019-DET
() S BROK LU S 55 U I 55— F BE VT 487 T 76 H [H]
FI R A B AR I B AR ) S s rh M g
T, JUHIEAE /N H AR AV LB H bR A7 AR B
TRk SR A . AL S IR 25 A B EIE . — 5 1, =
ARSI AE: 55 Fh 5 | A 22838 500 BR 1A 38 7 AL e f
T E GBI o — L W BT BT
(i) 6 000 B35 AE A AT 55 AR AE B R PR PE o 25
B, R TC ML B B ARSI AS B A H ]
I B 1 e PR JRe T AR A Ak ST 9 T, B
Wi SO Esg R G IR BSOSl & R IR
Mo A 7 AT A XA, DL SEEAR 240 BT
T AR AR S DU B
4.3 UAVDark135F1 NAT2021 P 8EFE M

Sk 4 T PR 12 (B T AL H bR R R Sk 1 PR R
AT 20 M A ARMER FE WO T
B0 5 PR ER Tk B IS R (DA) Tk I GE R 2
2 (PL) 5 IR % 2] (CL) J7 i UL S 25 A N 28 25 4 &
GNITIEAE .

F 70 R T X 28 Uy vk AF UAVDark135 (Li 5%,
2023) FINAT2021 (Ye % ,2022) ¥ 45 | A PEAL 25
WK 5 s T AE UAVDark 135 508 45 1S 5 - i

X} HeAs

MEEAR ok B, 2T Transformer 5 Mamba 22
P AR A 1 B) B R AT 55 v AR I SR, B AR AR
A AN S SRR R B2 XS TR A IR SR B
DL BhASRHE A& W 77 ¥ DARTer (Li 45, 2025)
1E AUC 5 Precision | Ui T e L 45 4 (NAT2021 -
53.2%/70. 2%, UAVDark135: 58. 2%/71. 6%) , H: A
18 V7 Transformer YA AL AT HH X HDE IR AL S5z
SR 2l VA R sz B Y L SR e SRR
1

M Z T, T Mamba Z2 ¥ /) MambaTrack
(Zhang 4§ ,2025) 5 MambaNUT-Small (Wu %5, 2025)
SRHE AUCHE AR F I T 53. 2% 55 52. 4% 1 L5
W5 A =, 1525 T Mamba B9 £ 152 24 2 50y
MR RE T, T 25 TEZE 45 = A B 174 [ I . 355 AR A1
THERA R o JUHUE MambaNUT 254 T IR R4S
AEE BEHLH , AR 5 R 5 N 1 &k
E

P 7 2% 2] 255 1 DCPT (darkness clue-prompted
tracking) (Zhu 5 , 2024) [A] £ 3¢ B0 ) 8¢ 4f 19 7 fig
(UAVDark135:57. 7% ,NAT2021:52. 6%) , B/~ T 7E
SHLOREE A N il i R B S U R # 1Y
7, H R RN ARSI, R LA R R Ay
MIZAGRE TS, O T GOMEVEIR AR o AL TR
BEAL T AL AL e St TRl 4 R 7 %8
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Table 7 Brief performance evaluation of nighttime UAV aerial image object tracking methods and state—of—the—art track-

ing approaches

‘ . NAT2021 UAVDark135 Ave.
Tk RFEFR

AUC Prec P, AUC Prec P FPS

Ocean(Zhang %,2020)  ECCV 2020 38.6 58.1 499 48.1 60.8 60.3 43

SiamAPN++(Cao % ,2021) IROS 2021 412 60.2 514 330 432 295 114

HiFT(Cao %,2021) ICCV 2021 37.0 54.5 467 348 454 329 123

SiamRPN++(Li %§,2019) CVPR 2019 413 61.5 521 372 474 35.0 152

MAT(Zhao % ,2023)  CVPR 2023 47.7 64.8 588 477 572 57.6 56

SiamCAR(Guo %,2020)  CVPR 2020 45.6 65.8 59.5 40.6 52.5 523 37

DarkLighter_SiamRPN++(Ye %5,2021) IROS 2021 - - - 385 495 - 108

SCT+SiamRPN++(Ye %¢,2022) IRAL 2022 - - - 421 547 - 31

LDEnhancer_SiamRPN++(Yao % ,2024) TROS 2024 - - - 434 560 414 30

HighlightNet_SiamAPN+(Fu %¢,2022) IR0S2022 - - - 424 539 - 32

UDAT_SiamCAR(Ye %,2022) CVPR2022 48.1 67.9 60.9 48.6 60.7 613 36

PDST_SiamCAR(Zhang %,2023) ACM MM2023. 502 69.1 63.1 503 63.3 64.0 Y

TCTrack++(Cao %,2023)  TPAMI2023 41.7 61.1 528 378 474 474 122

DCPT(Zhu % ,2024) ICRA2024 526 69.0 635 57.7 703 70.1 35

SAM-DA (Fu %,2024) ICARM2024 47.1 67.3 592 476 60.4 59.4 37

TDA-Track (Fu %,2024) IR0S2024 423 61.7 535 369 495 49.9 114

NiDR (Lei %,2024) TGRS2024 47.0 65.2 571 511 642 62.9 71

MambaTrack (Zhang 25 ,2025)  ICASSP 2025 532 67.5 568 572 676 61.4 42

MambaNUT-Small(Wu % ,2025) IR0S2025 524 70.1 646 57.1 70.0 69.3 72

DARTer(Li %5,2025) ICMR2025 53.2 70.2 637 582 716 72.1 74
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