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(UAVs). Under low-light conditions, weak and uneven illumination amplifies noise and glare, background interference
becomes increasingly complex, and targets often appear small, low in contrast, or partially occluded. Meanwhile, UAV
platforms impose strict constraints on onboard computation and power consumption, requiring detection and tracking meth-
ods to achieve 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 by synthesizing methodological trends,
experimental findings, and future research directions. We characterize the unique challenges of UAV nighttime vision in
contrast to daytime scenarios and highlight four interrelated issues: 1) limited perceptual signals and variable illumination,
leading to degraded pixel-level cues; 2) feature degradation and background interference caused by artificial light sources
and shadows; 3) restricted onboard resources that make the deployment of large-scale models difficult; 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 study systematically reviews four major research directions. First, nighttime image enhancement methods
employ dedicated restoration networks to improve brightness and contrast before detection. Although 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 the dependence on annotated nighttime data but remain sen-
sitive to interdomain diversity and often require carefully designed pseudo-labeling or regularization. Third, multimodal
perception fusion, especially RGB-infrared (IR) fusion, utilizes complementary thermal cues to mitigate illumination defi-
ciencies. Stale-of-the-art fusion networks (e. g. , M’D-LIF) have demonstrated substantial mean average precision (mAP)
improvements on UAV nighttime benchmarks, with some models achieving over 80% mAP@0. 5 on the DroneVehicle-
Night subset. Fourth, lightweight models (e. g. , CSPDarkNet-based backbones) focus on balancing accuracy and effi-
ciency under limited computational budgets. Experiments indicate that backbone choice is critical for enabling real-time
nighttime detection without a considerable accuracy loss. For nighttime target tracking, this study categorizes four represen-
tative 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 modeling, sometimes combined with synthetic nighttime sequences or foundation models, to
enhance robustness. 3) Prompt learning: reframing day-night transfer as a fast adaptation task and 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) Multimodal fusion: we further analyze the interplay among these paradigms and the tension
between restoration- and task-oriented objectives. Subsequently, 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 called DroneVehicle-Night is constructed. Two complementary empirical studies are conducted to support this sur-
vey. The first study, which is based on DroneVehicle-Night (derived from DroneVehicle) , contains tens of thousands of
paired RGB-IR annotated images covering 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 high mAP@Q. 5 in IR) , and multimodal fusion methods, such as M’D-LIF, achieve
over 83.9% mAP@O0. 5, underscoring the value of modality complementarity in nighttime detection. The second study
evaluates the transferability of generic UAV detectors to the nighttime scenario. From VisDrone2019, we construct a paired
subset (521 nighttime/513 daytime images). Although generic detectors achieve 30%-45% mAP@0. 5 on daytime data,
their performance declines by 8%—12% at night, with small and low-contrast objects exhibiting the most severe degrada-
tion. These findings confirm that specialized nighttime and modality-aware methods are effective, and simple day-night
transfer is insufficient. To further reflect the state of literature on nighttime tracking, this study summarizes the perfor-
mance of 20 representative trackers on UAVDark135 and NAT2021 (results are cited from the original publications).
Among them, Mamba-based methods (e. g. , MambaNUT-Small and MambaTrack) and several domain adaptation methods

(e. g. , DARTer and DCPT) consistently rank among the top, achieving robust AUC-accuracy trade-offs while maintaining
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reasonable frame rates. These results highlight the importance of efficient sequence modeling and domain-aware adaptation
in nighttime tracking. On the basis of the survey and empirical evidence, several key conclusions are derived. First, sen-
sor modality selection is critical. IR and RGB-IR fusion substantially enhance robustness to low-light and complex back-
grounds, whereas RGB-only pipelines remain fragile. Second, backbone design strongly influences the accuracy-efficiency
balance. Compared with heavy backbones, such as ResNet50, CSPDarkNet variants offer more attractive real-time trade-
offs on embedded platforms. Third, aside from frame-by-frame strategies, explicit temporal modeling and sequence-
oriented architectures are indispensable for robust nighttime tracking. Fourth, day-night transfer remains a major chal-
lenge, as evidenced by the VisDrone experiments that highlight the urgent need for specialized nighttime designs and datas-
ets. Finally, four promising research directions are identified: 1) cross-modal vision-language fusion that leverages large-
scale language/vision models to enhance multimodal alignment and interactive tracking; 2) construction of rich multimodal
nighttime datasets that extend beyond urban scenes to cover wild, mountainous, and aquatic environments; 3) unsuper-
vised and weakly supervised learning to reduce annotation costs and improve cross-domain robustness; and 4) lightweight
architecture design. Aside from accuracy, UAV tasks demand real-time and efficient models. Future work may explore
long-sequence modeling with Mamba in combination with neural architecture search, dynamic inference, and efficient 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-Night and https://doi.org/10.57760/sciencedb. 32435, to facilitate future
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research.
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Bt XU IE YT i 8 (hyperbolic tangent function, HTC)
A1 2k JE 1) BM3D (block-matching and 3D filtering)
(Dabov 45, 2007) 5395 , S8 T KLAF A9 B (8] JC AHLAT
AN | AELIZ T B AE I X A [8] 5 BRI 5 2 19 2 7 4K
MR AL FESHL . Yuan 55 N (2023) X T AHLIEE
PEATSERE ORI o B MKFE X U RE AT R A 3 Y
77 E ¥ ffif (contrast limited adaptive histogram equal-
ization, CLAHE ) (Reza,2004) 5¢ J8 %] L B 15 58 , 52 98
T8 LB AR T W R A A X e P . LSRN
(2024b) Bt X 18] To AHLIL 58 BRI TE ST TR i
25 PR HOR R8s 2R 55 3 PR, 4R I F 2
% o Kk 5K 5 M 4% (zero-referenced enlightening and
restoration network , ZERNet) , il 11 15 111 8] Ji} % [&]
PEAT R R YL 5 A E WAL, ASARES R Y1 25
HHE B SRS 25 0 40 5 A SCAE B R DR BE S o
Yue %5 A (2024) % TA-YOLO (image adaptive YOLO)
(Liu 5§ ,2022b) J& & $ H 1 42 18] I AALAS I 8K 5 )
7% % 1 1E W 4% DEDet (detection-driven exposure-
correction network for nighttime dronedet) , #R #i& J& A\
BLATI 48 B & rh R 3257 B 3 B AFOG BB AR R AL
Az G A TE AL I i 18145, I 48 HE NightDrone %
PaAR  HOrh TR e AP I B 5 225 11 o Chen
55 N (2026) 4545 Retinex (Land , 1977) 43 fif J5 #1522
Ay 1E & S AL (differential attention mechanism,
DAM) (Ye 5 ,2025) , i izt W30 37 (1 softmax 1 &
TV 2253 TE R 1 43080, A 5 W A 1 1 3R 45
SEERUFRS: S

JUAE PG 0 5iR B . 35 P L o I, A I
AETT T 7t — E A Bl ot (B E AT AR a0 TR ] AL
DB SOR SN T PN b A0 iR (k2 A Tl 2 Rl
s 2) TR e A e, M DA E B IR AZ FR 9 T AL
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V13 53) ] W5 BAR B i PO BRI, Bl
(A 28 DR S ME LIAR A figt e [ L
2.1.2 AN

TG Xof 3 508 5 12 ) SR BR, AR5 DG T L MR R K
0256 B R AR/ A % 3R B BRIV S B A
(domain adaptation, DA ) Jil /-1 35k 2% , AT L1z
s AR PR (R ) 27~ B Y 1 SCRE B 4 1 T 7% 3
e

Huang % A (2022) ¥ i o J Wi B 57 ) ik 4%
SR DR B IO R AR, 9K 5 3 3 HE RS A Bl A R 4%
SEOURRAE . B X B B AL AR A ) T B
SE B URFAIE , Schutera 4 A (2021) 18 1 JC i B &
WK R A] PR BB 4 by 1 R KRG, O B3 ol 3
H [8]37 5 ARG % o B8 73 7 ki 2 1 B AL = 2
ANERIPRZE 25 A8, Kennerley 55 A (2023) #2 1 T %
B Bt — EPE I 25 X 4% 2PCNet (two-phase consistency
network ) , 7E 55 1 {r BOHF 5 47 BE PN AE 55 %7 24E RPN
(region proposal networks ) $i& i 1 X 38k &, 55 2 B B
FOMAE A IF 5 0 A SO A iR AR o Tk 1 e
T Wi B 3% H 3 Vi (unsupervised domain adaptation ,
UDA) H AR A Db 28108 2 A5 15 25 A I 288 i [e] 1
RIRAN/ N H BRI R4 5. Du 55 A (2024)
P T — R EAEA B A N Tk L il O
NS 1 B 5 ARAE L K AT I 5F AR O3 Ak, A
AN 4 B 7 A B RIEE B 1 B0 B A BE O
FRAEPERE . Zhang 55 N (2025¢) it T —Fha] 27 2]
A SCA SR BIL] , & 74 H AR T 5 S5 DL K
R INAT: 55 e s ) S R o TR, 2B it H A s
WLTEFFAE , A7 R G 1 2 7 G IO A A A 22
(domain shift) FHAG I (i 22 ) (1, 3 L BHF 9 A figp DA
B8] B b A i 5 35877 £k (domain generalization ) XfE
R 1T A S B

TETCNHUA AT, B0 A & BT SE 2 56T H AR K
18 BRI S5 AN 254 TE AHLER AT 58475 Ak
TR B, Wang 5 A (2024f) $1& H T —Fh 35 da i
3 (frequency domain disentanglement) J5 ¥ , DL Tt
Pz AR Ty ol A T 27 > PRI e 4 ol 4 U
AR AR B AL, OBt 1 R AN S 1) 9%
AR LA G, 5 | S D e B A R A T AU e R, A
11 2 2 A DU P BB o Chen 55 A (2025) & X £h b 28
(pseudo-labeling) 7 PR 5 5 2% T S0 8 22 7] R8T, i
HH 5 22 S - I (RS Ed 5 0F Jr 22 R i gl

AR R (E, W BT O bR 2 B TS IR T A
AR E . BizOrEz e AR, BT
AHULS T PERE & T RE

BGE N T A RN TR A AT 22 SR, 20
R B2 R AR IS, (SRS HEAE X AT A JE DA PR AIEAG
GHE. I, P E IR ALLAN oL AL K
FF I SF MRS, DL S I RS A S R
Hasm e T 2SRRI A
2.1.3 ZHBEAES

58 4 38 1 @l 306 75 34 (light detection and
ranging, LIDAR) ZLAb SR AFARHL S o] WOGARBLAT 2
NS Rl bR =R S eRC RN TE 2 /5 s

Dai 25 A (2023) #] J{ NIR (near infrared ) 5% 5
LiDAR BE B BRI, 5280 1 G D00 -5 288 At 1 14 3 28] i
WA LA, TER B3 55 h AR A 1 m A B AR A 28 1Y
T N—BR BRI 45 2R, ik 2 B Rl G 70 AE 2 ok
R BN P AR R ME TAE . Liang 55 A (2024) # 1
“RGB-LiDAR XU B il 137 i, LA RGB $ I3 SCAb
7t LiDAR 4423 [ AR5, fif e 1 RS A 48 B AN DL T
(i) 80, ST R B A ] = A I 5 67 o Li 5%
A (2025a) 38 1 il 5 5 H A5 -5 LIDAR =456, 51
MOEHE SR B FERDE 5T A ik BIG I %

S ARHLIE o G B S 20 0 ISR B e sk
BN A s R i I 25 R, B R 5 B ) AR AR AR
B BATRINFE i sh 2538 i LA S AR Dt 1] B
SRR A HAE R B S ORI T HA R
SROEF . Li 55 N (2023 ) F FH AU 5 3 1 B £ 16,
S TGN 14 B , 30 o S A T D il S T o A
IR S MURAE AR 1Y Jy R, A RN X E B R 5
OEHRAR . Lin %A (2024¢) 38 342 B A A Al 115 8
e, A S AR IE AT A ME (BT R 58 0
FHEEAFARBIL Y 23 (ARG P 5 e IR 3 B, 3 80E
BEGE MR AL, Fan 55 A (2025) DL IR UE A 25
%% (spiking neural network, SNN) & # .0 , $2 H A9
LIMF (leaky integrate-and-multi-fire ) #fl 8 ST U T
“BALAU K L BR R TG A R R SR R R e 1
CAn B2 ARG R 1 6 B4k ) 1Y TR . Jiang 55 A
(2025) 42 Hi 1Y Al 27 2] [ 38 I 8 45 Rl A A (Tearn-
able adaptive selection and fusion module , ASFM ) 7E i
T 4E B EAT R AR HE I ARG, S0 B s A 2
file .

454 ]IS LL AN AR REAS A ORI ZS AR
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PE R RO 5 R AR T i S s
) RGB-IR (red-green-blue and infrared ) #5 5% 2%
TERLA L A2 4R TR I BE A% O (R R, S0 B
FERME TN FF 53 Liu 58 A (2022a) $2 11 5
B RRIE 2 SR il ik v o3 5 55 R 122X X o3
I SRS FRAE , 39 9R B 1 IO YRR K
Mazhar 55 A (2021) %1% ' RG2S AL AR HE X FRIR
feralied, B sh Al L 2 T SRR L] (H AR/
Hird i N RIWA R BT 8 2 R .

BEA BIFTETR A, Rl SR 128 3 [0 B 1y J2 WK T
SRS AR B AR . Xie 57 A (2022) 38 18 5
AR ERRHE B IR 27 > sl T S RS AR O
I, RS 22030 o R AR [ 4RAST.- Cao 25 N (2023a) 5
B TE Y15 2 8] T 2 S HL] X 2R R R E AT
38 I i e 5 2 ) 3G 5, AT 28R i 1 AR TR L Bk
IR Sun %5 A (2024) $12 H DIAR SRS A %0 Y
o AR AR R Rl 5 ST 2 X AR R AL
BSOS AR B o H B3R5 23 AU ] 1 TT AR
B ERAE . Li 2 A (2024a) 51 A 2K ) 52 7R 43 A
(Dirichlet distribution ) A5 £ 5L 25 Ay 288 1A B 2 7
FIEYE L2 (dempster-shafer theory ) SRS # A
PO AF B R 7R M P BRSSO T AT IR
HEEMSEME S 2, CALNet(conflict-aware
learning network ) (He 55,2023 )il i3 3¢ X & J1 115
S RSARRUEE 5 kD A BES 2R T 52 H.,
FEARES I BT . Shen %5 A (2024) 48 1 T —Fh
A5 | T 10538 SO R T LIRS SRR AT B, 7R
SR HT$E T R 20 Ak B B AS SRR N RAE
Guo 55 A (2024) 51 A Z il AT S LFER ST, 1
21 U2 B A R AR R T AME B RS A
DL [A] 8, Berjawi 25 A (2025) #F — 25 32 1 yE i 2 45
A A2 X J7 il (filtered multi-modal cross
attention fusion, FMCAF ) , £ & A5 38 & 8z LA 1 70 4%
WS RHE BRI 5 4R B ) 1R T RO AL
PES AT A o (B F 3R J7 2 2O 58 SR T AL
il e BT AR TR A

JR SR T 1) Z2 AR TR R SCE AR
HAMEFAE . Jin 55 A (2025) F) AL 56 U0 v ER IX
S N AR ORI TR B S AR /il AR
DL S 9 Ry T AR BT i o Yang 55 A (2025a) B3
B B 3 A5, i I 28 Re %~ > e TR 1Y
AR, ) I 4l RS S B AME R TR 38 42 )

B3 T8 A B P R Al 2O TR A A ISR
TSR AT A A I RE . Hu 55 A (2025a) F1H]
S5k 5 GAE B A BSOS BN, Tk 2003 R
TE S AVC I Rl & R A 9 ) L. Shen 55 A (2026)
8 1 5] AR 23 (B B A (state space model, SSM) fY
X EEAR R AERE S PLE , 327 1/ B AR 506 5t
R BE AN HE R . Shen 55 A (2025a) 1 UK 22
I3 BABTIORER S IAZ TG Rl G O EAMRRE , 3]
TR SRR S T MRS 5 R IE B B AT A
Yang %5 A (2025¢) 42 Hi RGB-IR B4 i 4% 5 =43 %
PO Y (diffusion model ) , 38 33 73 B Bl 2 fig e 1
BLH “RGB 55 (IR 5" AR A5 T ANE RS, BET T A&
JOLRE TR S 45 DA 3 A [F] 37 R

TETC AP, Li % A (2023a) 4 1 F SR
PR ZE 18 (knowledge distillation ) HE 42 | Fi] F 21 41 46
s (0 RN B mT DL SRS I 2% U0 A , I B B A AR
AT DL SGAG I 25, A e 1 22 A8 285 A6 I 6 T A ALV 285 X
S AR G R R IR B LS B i SR BRPE . Wang 55
A (2022b) BF XSS [E] TUAAR B SN T AR 4328 (1
HHERHBBOBIA R, $E BT 57 K GET ks 4
WRB 2 . IR DT I B RA RO R 1] 1925 ) o2
SRR A LTF 7 G o o ol N & =0 SN D PR T
Xie 55 A (2023) 2 1 B5 45 Jy b i€ 5 42 Jm B R 3C
B W 2% (cross-modal local calibration and global
context modeling network , CLGNet) , 7 Z Fj B8 B 551
T HEWT B AR BUAEAE S 0L AT R AR R A A
MEEH . Yuan 1 Wei (2024) B T B3 R
ML A H 385 N RRAE R FE 9K B, 7 DroneVehicle (Sun
45,2022) R A 37 5 v SE B T BALPERE L (EIZ B RE
FBA JRBR o Liu % A (2025) F1) FH 42 Ja) SRR AE 5K
A Jar BB A )5 BB A AU 1 I e AP 5
B AL 5 RUBE A2 A ok i A I MR . RO T AN
(2025) 3 N Ry BFE T B LGS & 5t 1 05
2208 35 P[] 3% 6P 1 2 (neuromorphic collaborative
selective attention, NOSA)HEZR | 5 i ] G 1 (early
focus) F1 & ] 9CTE (late focus ) 73 51 78 £ 4 WA RRAIE
I e SRR R, SE I T SRS Y R R R

Ryt TR B TC AL A T 2 2 IR EE 1Y)
6 kg B, Zhao %5 A (2025b) {5 B Retinex (Land,
1977) B, I RS 58 00 B B AR A2 1, S B 1 AN [
HE Y 5 2 R0 3 A5 1 22 B RRAE I B E X 5%, A AL
fife YT AL B A AL RN RE AR R AL 0] B, Wang %A
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(2024e) H 5 1 HE BRI e 5 RRTE AL A
B PERACA AR , 51 R 4 G T F 808, LUK
Jily 99 2% 5 25 A A T B A H RS A I Y 5 ) o A
Shang &5 A (2025) 4 1 1 345 85 25 5 Bl AP Ol 4G ) 2%
CCLDet (cross-modality and cross-domain low-light
detector) , A] MR 4 H A5 G R [ 35 W R B2 A S AN, I
E S T LA A8 2 5 i 2 R S5 S R DX Il s Y
DGR 22 5, TR LB 2 0] RS B E ALY AR B
O SHE JBUAGE IHE JBE 5 BB 003, Sun A5 N (2024) 241K
Fei&i I (low-rank adaptation, LoRA ) ()5 757 1% (Hu ==
2022) A &, 3 HH IR BR S s B R AN Sl O R
T RS BE T D B b 32 I AL 2R AIE , LU A 5
R R RE MR P R B R SRR, (ELX R A 7 = 220
T HARR A5 R, B BERG T IRBES . X
I, 0 2 A N (2025) B AR 3R AR R
(super-pixel dynamic illumination-aware mask, SDIM)
HBE B G R B AR 3R BB (low illumination image
enhance, LLIE) , 73 | 2% fif i S FRAE 200 5 0T WOGE
SCIBA ) 3 ik 22 ROBE 52 ST 2 ) i3 AL ) ik ke
PSSR IE SR PERE 5 vh 2 o Kim 25 A (2024) 51 A
P bR SCER AL AT 2 A R TR R
(large language model , LLM ) £ HUK = | fig UL B FG
R A5 PRI T SCRFAE | 5 T A 8 A 38 N e PR AR
IR AT AESE , (A R AL 4 PR IR IR R

25 I, RS B Rl R B2 T8 ) ARG I e A gt
P L B DU 5 SR AR S 2 B g AU R T
HAERBEZ R T A6 ErYieE .

2.1.4 REARAI

e Z2 WA Rl B 4 TR I P e B[R] 1), AF 58 3
EOR BN RS 2R 5 RERE IR R ] 29 TC AHLHIL
R E R OCHIE S, P, R AR R B
LA TC MU IAIF S ) S —F R S T7 1]

Liu 58 A\ (2024a) 4% 2 3k 1 2 1 HLH (multi-head
self-attention, MHA ) " Y softmax £ 46 Ry 4% 18 fk SiLU
(sigmoid linear unit) ¥ pRIEY , bk B0 1 42 % A HE BT
B, Wang 58 A (2024d) 4@t 2140 5 AT WG Rl5 19
2% R R R IR R S 2 UUE R
BT o Xue %N (2024) THBRFFAE AL 3 72 P Y
JZ 18] + 48 H &, 2R F DSConv (depthwise separable
convolution) fl TensorRT H AL A, SEIL T MLk 2%
B 5 WE % (frame per second, FPS) A 24 /s 1
Ab G FE . Zhong 55 A (2025) A T YOLOv11s

(Jocher F1 Qiu, 2024) #2 i} PS-YOLO, i# & 5| A
Faster_C3k2 fai fbi T M 45 , B 6T /NI AR RIOCR AN
1 C2PSA (cross stage partial with pyramid squeeze
attention ) FEH , IFFEAG I Sk A fim A LS4 BRI NWD
(normalized wasserstein distance) 5t J¢ PR, SEFL T
TEAR )25 /N B AR 370 5T 08 e A 32 TR0 vy L 2
Fan 48 A (2025b) 3T YOLOv8 (Jocher 55,2023 ) 42 i}
T LUD-YOLO (lightweight UAV detection you only
look once) , F| FRFAIE Y i 1 28 78 A 32 28 ) BL I st
AT IS, I BRI D RRAR I 28 AR
P SHO AN (2025 ) 38 08 57 X I A 7 20 B e 4k
HAGIA S 2 4E A TR A RO T ST
A N TUAR RS 1., [E0F T80 &1 BT A B ik
#i o Wang %% A (2025a) $& i ) MINTAOD (miniatur-
ized intelligent aerial object detection ) & H Ghost &1
P i T M 2%, JF 4 L GSConv (ghost shuffle
convolution ) BEHRAL FERFIEIG 3 [N 2%

L5 b Tk A e ML R B ARG I O vk
AIRITSE 28 3 1 DA 3 B R AR 00 5%, P30 245
TG 5B A RRE g . RN T
VE T ZMBUR R B AR T 5 KR EOR A RO
B MBS ZOM S SR T S BEAIR . B
Jer B W o ) 8 e AR 0 A R A R e N TR
22T, ANTE R i I B 2% A AT 32 BR 7 AT W6 A5 B
AR . NI, BFFEE 5 I ALLAD HOGER s AR i
SERLZS  MED) T RS RAAS RIS P RV IEOR B R T R
PETE T ARARI AR M Sz AkRE Ty o IRl R
T 265 5 K 5 o Z3CHE B SRE IS 1) M2, Dy AL AR 8
M7 S AAT R T SR . AR T IR TBI TE AL
ARSI () BIF 5 1E 328 A5 T 1) A 184 53 SRR 3] il 5
BN O SR R B, B E TN
HLEARERER B 1 I SR H AR A
2.2 ®EZ AN EGBIRRERTTE

I b D00 -5 B S A AL ) A 5 AT 55+
FFARIRSEAFAE o A I 308 B 9 53 A i 15 b e O
SENL F bR, AR HE R UG IR RIS R (5 B s BER
TEZELEWUR AELE H AR B0, ORAF PR 2, T —
TEREHE 1 2R MO Al PR FRUAG 5) H BL A Tk 5
AR, PR, A 25 SRR P T BR R A S A
G RTREE T B Y I 2 RO RETEAG I 22 8] #b 5
AR, (R (R B A e . B AR A
S X AR ) M [ R 52 M R B 55 B8R o
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H AR R ERHAR 2 P71 R0 A= e =) i X7
B FETAE RV (correlation filters,, CF) I 7. A=
Ty 2508 5 Sy H AR ML EGZ Sl R DTG fi 156 07
B AR ME A B KLT (Kanade-Lucas-Tomasi)
(Shi I Tomasi, 1994) FJHEEES (meanshift) (Coman-
iciu 2%, 2000) . £ /K 2 €% (Kalman filter) (Kalman,
1960) Fl1 K. 1 3E I (particle filter) (Isard il Blake,
1998) o FH AT E WA 7 2648 X2y B b 51 5%
1 57 ¥ W] & AL (support vector machine, SVM) (Avi-
dan, 2004 YT/ 7% 45 2017) . FEHLZF K (random for-
est) (Saffari 5, 2009) F142 Jt 771 (Boosting ) ( Grabner
5,2006) o H) 5] A 5 3E % (discriminant correlation
filter, DCF) J7 1 A< % B o A BL i 722 46t (fast Fourier
transform, FFT) 52 3 5 ZOAH OG5, SL AL SR 46
MOSSE (minimum output sum of squared error) (Bolme
4§ ,2010) . KCF (kernel correlation filter) (Henriques
4§ ,2015) . DSST (discriminative scale space tracking)
(Danelljan 4§ , 2014) . SRDCF (spatially regularized
correlation filters) (Danelljan 4Z: 0 2015) il BACF
(background-aware correlation filters) (Galoogahi 4 ,
2017) . AT , X 86 I IR A AR E | HAx
SN A AT FR B H HL 755 P RE g RS2 i S —
KGR BAE BT AN 5T a5z kie )
Y10 3 22 B, Tyt RIS m R O

AL 7 2] R, DUZE A [ 4% (siamese net-
work ) (Chopra 55 , 2005 ) 2 {3 i AH LM 2% > 2244
& 1 HLH 5 Transformer ( Vaswani 28,2017 ) 2244 ,
PLRHT 241 Mamba ( Gu Fll Dao, 2024 ) Bk 245 K it
— AR T T HRERTE S A7 57 T B SRAE 5 A R
SR, B X S 5 0k LRI A% B R T A WL 5t
ATH T Wfe 22 B PR A, X BR B R0 ) B B e SR 5 T
PR T R R

AR RGELA TR 55 > R ] TC LA
B B ARER RO 5T 09 2 20, A4« 1) el o ) iR
53 2) 3 B 3) R T s 4) R T 55) 2
BSEG o I, 74—/ N30 7 i A 3 5 R BR
VR G S 5 AR T
2.2.1 SIARGRHEE I

18 1 IR E 5 1 5 2% (low-light image enhance-
ment, LLIE ) $& T1- i A ISR BT i, 76 A0 BRER f 51T
FOF IR HTEE T 3 TH ) 3 5 i) BRER M RE

Ye % A (2021) 4% H DarkLighter , i i3 % 2 4%

HHE 1R 4% ME-Net map estimation network VIS
THOGIR I FIE F 1, SEBk AU o, e CNN R R
i (B S5 PE ERER AT 55 O EIMERE T 8085 o BE X X £
AR Ye A5 N (2022a) b — 28 42 AT 55 3K 3h B9 1K
1A 55 2% SCT (spatial-channel Transformer) , 75 %5 [1] i
SR IGIPNE = WAL 87 ot Sl =B W ) a1
B 2% (feed-forward neural network, FFN) % & N
ResNet (residual network ) , LLf# B Jay 3 1 F SCfE B
(7 Ff 368 o 2 e 2 45050 5 W P TR 5 A, S
IEHAR R IR R SR PR R £ LidE A (2021)
PR EIMG 3 58 4% (LLIE) i A AH CUE P (correlation
filter, CF) A BREFHESE , A1) FH B B A2 A0 Y b B0 4
T PR IE R | A (MRS | 256 42 Jap 1 0 PR S5
FEVRE S EEE SR . FEMESE A (2023) 5] A H
T PRSI SRR, AN 52 1 % 90 €003 T8 L {51 T 4
T HEAT IR IR ORI AR , AT 7ESRAIE CPU
(central processing unit ) ¥ty 3 B P4 4[] Bsf 2% fifg o't HE A
b BN S REAS TS et R i R RE IR Ak

W Ah BRI W58 O TE 4 T A ZE A S M LA 4y B
TR AR LB FARTR L . Fu %5 A (2022) $2 11 A i
o 3 ik 75 HighlightNet, ™ i 7E £k H bRk £ 5187 H
b, 38 3§ THIE B (F M e (peak signal-to-noise ratio,
PSNR ) Fi14% #4 #H {L) ¥ (structure similarity index mea-
sure,SSIM) . Huang %5 A (2025 ) £ % ¥ 75 AR FRAE
PRI AT 5] A 48 B B (pyramid
attention module, PAM) (Zhao 4§ , 2017 ) £ = X 4% 3K
B4 Jey {5 R RN B 38 0 [RMORE OC R IV RE T, 45 &
LB S U ) MR Y s B i

B 1] 37 ¢ BRI W 5| /S Y O HR 0 A AN
Yao 35 A (2024) ¥ 5673 41 5 R N 25823 15, BRI i)
i 5 XAk 3B R WE DX 40 55, 7E UAVDark135
(unmanned aerial vehicle dark tracking 135) (1.4 4,
2023b) WA, PERE .2 (8 T A [R] BRER 45 Siam-
RPN++ (Li 7% , 2019a) T ) Z Fh SOTA (state-of-the-
art) i O ] (% 14 58 % ( W1 RUAS (retinex-inspired
unrolling with architecture search) (Liu 5 2021a) .
LIME (low-light image enhancement via illumination
map estimation) (Guo 55 ,2017) . EnlightenGAN (Jiang
%,2021) .LLVE (low light video enhancement ) (Zhang
&5 2021a) .Zero-DCE++ (accelerated and light version
of zero-reference deep curve estimation ) (Li 45 2022) .

KinD++ (Zhang % ,2021¢) | DarkLighter (dark lighter)
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(Ye 4§, 2021) | HighlightNet (highlight network) (Fu
22 2022) 1 SCT (spatial-channel Transformer) (Ye
45,2022a))  HE7n T AT BAD G A AT
T 1 it W 5 I DXASORY] 45 (Rl 3o S8 405 G B )™
SRR ERPERE . ARSEARAE N (2025) 3040 [ 38 1 1Y 5
R 51 IR i A D sl 2858 i e e AL, 32 T
TGRS SR 2 T IR e

Zhang % N\ (2025a) ¥ Mamba (Gu F1 Dao, 2024 )
SIAR ] TE A HLER B, £ Hh AR OTG &1 45 3 55 8%
(LLIE) BE 52 Bl 4 Ry 5t SO B R4l 1Y, 52 He AN
(2025) )i & , H S AEZS Mamba [ 4% 3 o ¥ 56 —if5 5
(vision-language ) @l & 5| A UAE B, Gefft T IHEL
o W e R) L 5 Y R S O AL — 1 S R T
CiteTracker (Li % , 2023d) M1 [t , %77 ¥ GPU 15 Fl sk
DT 50% , e L LR 2 42 Wi/s o

AT 22 WA R BT RE X 7 58, 7T BE AR I B —
B, UG 53 R v PRTAR M 75 T RE BRI
Wang 55 A (20241) BT 1 — i R BT 4 S22 14
#% CGDenoiser ( conditional generative denoiser) , 18 1
o7~ LSRR R S 2% oA, I I AR S A TR
FHOC MR A I LB o Lei 55 A (2024) B2 i) 2 T 4
27 19 BR 5 77 15 NiDR (nighttime aerial tracking via
decoupled representations ) , i o f# FH 4F A1 i 20 o &
FBaBAL S R B A AR IE X B M R Y 520

SRR ORI CESDOLE R T R
F UGB AT AEAT AR I RAZ PR - 1) 1 o
T FRTE SR T 5 £ 1Y) ] IS P S A e IR 1 A
WETAT A, SRR AR AR BRSSO A R 5 2) 1
9o i IR s 0 o) SR A T MR 2 5 B A g o AT
55 HBRAS J51 22 S S50M 2 X L) S Wb ] A5
2.2.2 W@

I [ 35 (DA) B 7R 47 AR 2 T 46 /N Sl h) 22 5
A S A A HAB AL AT 55 v kSt , HoAE H
o R B U ) B AT AR X S35

Ye 2 A (2022b) 1 YK JC B 38 A 38 17 (unsu-
pervised domain adaptation, UDA) 5| AR [H] Jo AR
Ef, $& th T UDAT (unsupervised domain adaptation
framework for nighttime aerial tracking)ji?zt:o TE R 3k
CH RO A AR (R R)) Kot b EAT X Bl 2, 5230
SR ARRFAE 125 20 IR, 3205 ¥R 5800 R T A 1Y
RZ 5B, Fe s S Ul B b % 4L )
Gy B E AR 22K 5 MO I 25 PEAGH I A JlAE AR AT i 35t

/I FBRESR 208 5 H AR s sz OO B L) , P RE 2
T2 BRI . FEXTIX BN, Wei 5 A (2024) BT
UDAT 42 i} T TransffCAR , £E i, Swin Transformer V2
(Liu %, 2022¢) 5 A Br 7 2 77 (coordinate attention,
CA) LI (Hou 5§ ,2021) , 42T+ 1 T IEAE: 55 b IR Y
O3 BEAR NSRS BT TP U 4 37 B b A IS N BE
H bR, IR ] 22 ROBERRAIE Rl 38 T8 INAL SR 25 177N
H bR A B8 77 o Chen 55 A (2023) i Bl - 34 2 i
(mean teacher) (Tarvainen 1 Valpola, 2017) #E 42 2
HER) P B (pseudo supervision) {5 5, 48 HH—FBr i
TG M B el W HE R ik ARG Y i LA Bl it D s 4
ot R S ST B A R R T

VT AF Sk, I B R AR AU (diffusion probabilistic
model, DPM) £& i £ 73 B AR ER 19 H AR5 B 07
J& B 5L BE (Dhariwal 1 Nichol , 2021 ; Song %%,
2021) o AEGEHY— b 2 A 8 I E 7R 63 8] o
HILER B e UL A A 23 1 38 PR AR, X LA
FIFREUIR A % HARFRIE . Zuo 55 A (2024) B YCKE
P B (diffusion model) 51 A0, $2& H 46 1 1
I HE 48 DaDiff (domain-aware diffusion model) , 1% 11
A B JZ BEA RCRE5 TR SR 3 B F AR R AR A 3
BRHE B WY HOS AR BRERAT 55 AR OCHK , 52 A ]
I B4 B ARRRIE 5 FH RARHE2S 8] 10 55

A 385 1% 1 5 80 e o o/ TR, L= 3
SN X RS 0 U R 03 A 2 S B D A
B4 . Zhang %5 A (2023 ) e THHAE 271 A fit il
h SO S A S R SE KU Y K (Huang 55
2018) o R FH 4 fith—fife ih 225 g 52 B0 5 SN 25 5 IXURG
ff R SORRAE FE A K IR B R R B ARG 2 H
P, DT - S 8 O A, SR I R 2
(¥ 4 35 13 B J7H4 3% . Chouhan ¢ A (2024) 25 & # s
XK A% i JSC 0T 1115 5 il B el B R, TS
ity AR SR AR H AR O R A, B AT 52 3 A S
R J2 5 R 35 7, Ay I M B St 7 7 482 ) L o
SRR IR BE T A MMER S .

43 E| — YI 5 AY (segment anything model, SAM)
(Kirillov 45, 2023 ) ff & K MBI U1 25, B4 58 K
ZACRE T AN FEAT VAR  (H HA ST A
MELL R BRI R AN & B i,
Fu 55 N (2024b) £ i1 & T SAM #9380 [ 3 B AE 42
SAM-DA (SAM-powered domain adaptation) , B ¥X i
TR TC AR ER o 1275 %6 T SAM A= i = Joit
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AR BIREAS , SRR AL AR TR A Ry AR B AN
A Ia) 5 AAE U s fif FH SAML, 4 BB Bk H R 1
AAHITR B T T B -6, HERE R A5 32 Mi/s

AR AR S T Ak 2 R T S Mt ) e )
3, T AR X Te AMLERER U N a8, Fude A
(2024a) 42 Hi B 3 358 17 38 N I 2542 22 TDA (temporal
domain adaptation) , 5| A B} 7 _FF S 575 $#2 78 9K
A HBMZIEHL, DRUEIE SEmUE—B0hE, TR B
ARSI HNG e H AR E AL, BEX TR ANLZ A 5l
EN SR NS W e NP & oy 9 AP ulEh] L]
A, Li 25 N (2025d) 48 H — Bl sh AR5 E A 1 Ry %
DARTer(dynamic adaptive representation tracker) , i
B RS S sl AR, SR P R Sh AR LA S AN
(] st 1] 1) AR A A5 S, DTG 5 22 0 A AR 3R 8
BEARY AT AR i A RRAE A 385 0 Transformer Y AN [A]
JZ R TR T8 T 6. 3% 45 BE Y[Rl I
SEER 74 W/s B SERTPERE . WudE A (2025a) 240 T
A [a] A 3 P 55 SR IR 1) 37 5% 114 B 1 i 107 T8 A AL B
#% LVPTrack , 8 13 I A= ®X 2% (teacher-student model )
RN B UG SC DR BRSNS T, O
ARG IR RT HARIMILE I PE . e B A
Yao % A (2025a) iE— 25 48 H 48— 22 3 A 3 17 SR
FE 22 UMDATrack (unified multi-domain adaptive
track) , 45 &9 B AY (diffusion model) A= A ) 7 1
e T TOAR A AR AT e Al e TE A X SR AL
il , 7R B — AR Y rp S B E) L 55 K (T RS 2 ol
95 KA m B RRBRLE , fie 1 A D ik Bl i
SREAE URRCEE O I

SRR ) TC LR B ST A 8 A S A
ST B RR R X 5%, R O TR i AR R
PR S5 1 Z2 48 U R DCALREZR , OF IE#E— 2530 0]
G —ZWGEWN 710 o SR AT T OGPk
FROEHE : 1 5 R AL R 3B T 2 ME AT, SAM. % Trans-
former A AU (14 15 TH A LA 5 TE AL IR BR ] 2 7]
PR T 5 U, B 30 3 5 12 22T O ]
&, Z R IR B 52 M i 2 H R AR X B — 2 e 3h
BB ZARRE AN 5 5 E A iR AR AR
ZAIERIE] F bR A AR SCHK
2.2.3 PSR R ) AR A

T AR, $2 78 22 2] (prompt learning, PL) £ AR 5]
ATz R, A 2R 1E F AL P (nature language pro-
cessing, NLP) I J& 22 4058 4045 (Jia 55,2022 ; Zhu

85,2023 o 3 HT ] BN 2R LGS in 2D T )1 5
ZH, BRI 5] 3 2 S 38 OB 55 A R R . BR
2 > D)3 3o X 3 2 A U 2R A5 S R IR O S iz
SRR R T B

Zhu %5 N (2024) $4 15 8] o N AL 858 Sl
PRk > [a) R, G ok AR R 55 PRI LR 45
I T ¥ R AE 2B 4 (gated feature aggregation, GFA ) #L il
RS R OUAE B A RORR T R B ER SR 7E R[]
AYRFAEHE BB . 7EFE /R TR (prompt tuning) BB,
LR S 1o P HE prompt ZEU U 45 FERb AR AL | B o]
SEPEH BB 1 AR . AR AR 2] TR
Z Ja S e AR IR B X R BUE R $E R
TETEBOAEMN . Zhu 55 A (2025b) 52 95845 4 2
R T E MG R ] Ok i IR AAZ Y
FIAR 0 #0 M 45 R 15 200RE 2 AR E , AT R e 1 R T o
A B B v 3 7 ORI AR E 2 A RS HERY [R) 8, SR
T, 28 4 78 27 >0 Jy s (U H 2 H [ SR B A0 ik T
Transformer Bf ) A3 5 1 ABUANAT I 25240, 3T CNN
() R R A IR AR X B2t (H 52 FR T Jr) SR a2 B, ¥ LA
T AR B C R

Wu 45 A (2025b) 1 K ¥ Mamba (Gu #l Dao,
2024) FI TR MR e AN HLER R o Ay 92 A 1 1] 7y Joa £ 4K
0 e () 20, AT £ S8 IR AR 2% 2 (curriculum learn-
ing, CL) (Bengio % ,2009) , $2 i F & N R 2% 2] 3R
W < DN SR L )R8 o 3, (e (A 2 2 ) i e
ik 5 B Sh S P2 T AR AA T, I Zd BN 5
AL IR HMET, DT A B 3 N (] 37 55 1) 6
FR o ARFE Mamba 19 =5 RO 1207 125 0 S B0
N Transformer J7 ¥ 1 1720~ 1/10, #fi ¥ 3 & 7] 35
75 /s , 1] Transformer J5 7238 & /A J& 40 i/s

SRS A 7R 5 2] 5 TR 27 2T XK
(] Jo A HLER S B 4 17 v 2% EL AT 30 A% 1 il o SEL B 7
G B S ST AR B RCR Ty RIS T . SR
M, $2& 7 2% 2 19 85 3 5t 12 A6 5 Mamba (Gu Fl Dao,
2024) ZEAE AR 3 RG240 T RO RRE PR B = R 40
B, H A IS IR 2] 5 2 ZHECE S T
FE RS o RSk ] SR I O B A
(4R 7R AR R I 5 6 e O DR R BE ALY, DUSR TR
SR B AR 1 A L
2.2.4 ZEESEG

WA 1L AR AT S $2 T AR )
BUAS FOVF I8 254 B M B T — S 2SRl G
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EETRIAL, AtS, EEFF, AR, BNE, RK
& iE T AHLAL A E G B ARt il 5 BRER T AT R R

AMUERER v o W UL Z B8 H A 42 45 RGB-D (7]
WOt + WRIE) \RGB-E(A] WL + FAFAAHL) \RGB-T
(AT + FALL51) o

Hrp RGB-D Jo A BLIR B 1 I B2 &1 S AR L
I 25 A6 45 B R B 4 b B0 5 ROEEAS 3, AR T
YEUN Yang %8 A (2023 ) $2 1 59 EMT BRER 4% , Hodi i 4
JRn A A4 3 1 R SR RS , 72 GPU _E AT SEB)
A WIS RE , IFRETE Jetson NX S A& 1
FAEAT . Liang % A (2025) JF & 1 3 TR 2R 1iE
FlG 9 RGB-D BRERAS A 1 x 1 TR B A 38 1AL
FHE I, AL A PRSI . SCUR SR, P YRR TE
OE AT APz 3 2600 N R EHE, W ig
JEAR BAETC AN H AR h ¥ ) o

FEPF AL LA GRS G 0] ] 73 B AR08 8k
2% 1 2 A N0 B RV E R 1) DL 34, e 1 P T v
iz 3l 5 Wt IR 37 . AR R PEAESE A0 Wang 55 A
(2024g) $2 t T 25— i 70 B i A 00 ok B B o
£ EventVOT, 335811 T & F Transformer 1Y 25 252
Uii—2¢ A ZRARAE AR, S T UM A =5 1455 1 v
fIRAEIR B S . Hamann 55 A (2025) 1 UK A4 AH L

BT RPIEXS S0 2 1 itk TAPHEZR , SEBL T X iz 3l
SRR R AR A B RAE . SR, A RGB-
E BRI D7 VRO S 2 Y IS BSR4, S BO TR
TF S R HOME DUAT ORI E A i D s A WL AE Ak .
Zhang 55 A (2024b) ¥ 2 H #5 BR 25 2 &8 5 3 RGB-
E 1 H bR B LA ROR] A W AE 3 1E B .
Yang 55 A\ (2025b) #3158 58 4k TR
Mi— = Rl S HEZE 8 i BEAL P4 5 I 25 0 A A7
R T A0 B A RS 5 B S A X BRI, HLI#E %
FEAG . Sun 2 A (2025a) % T Mamba (Gu #1 Dao,
2024) K PR AR 5 2V S R BE L3, 4 1 1) I S A
A% BEMS A A AP UILAZ AL, 76 1K /J 40 RGB-E &4
BRI . AR AL R AL TT A
PLEAREER SR AL T 5 A LA R B = 4E 45 2 (5
BT i REAE A% B e M Edie 4 mT
S5 7 AT AEILAEBR 1

ML Z T RGB-THAS LA HA f i Bl o8 &
SR A v O, ik H TR I e AL H s
PRER O EWEERE . K ZE RGB-T 1Y 5. H A iR 25 57
B LI MDNet (multi-domain network) (Nam #1 Han,
2016) 5 RT-MDNet (real-time multi-domain convolu-

tional neural network ) (Jung 45,2018 ) A FE A HESE | 38
o5 A SRR E A E L ST RS8O . B
WE9E 22 R ATIA Rl & SR, 40 Li 5 N (2017a) F ] E
AR 2 A TS B AR B, Lan 58 A (2018) 3 F 4328
135392 B A & S INAL, LLSE 3 RGB 5 IR 5% B Y
ARG o BRI, YA B AT AN HER T, X 8
TIEB ST IR AL S F SR AR 75 R L E
P&k KU RGB-T RS 75 ik AR SE L T BES AL
Y G (2 IR TR Z A S T TR IE R
ik HEBEESZ AR,

BE A TR L 27 > 1 % e T 5 B e B W e 1) AR
PG 5FRF T o LidE A (2017b) 3 AU g
Fe TE AL Y [ 2 2] 7 1, i i S A T |9 2y A
# RGB AR FHE 5 Li 55 A (2018) il — 2L Bt 17 X
1 T 2 N 2% (two-stream convolutional network ) , H
i O e A FLHI ) AR AR A T R o 1k 2RDT I
WEARTE T RG R ZRIAEE 7, (AT RE LU X 52 2 Y
B THSF . Li%E A (2019b) 42 H 2038 e 25 4244
MANet (multi—adapter convolutional network ) , Bt & 2#
ARSI BSRRE 5 L BRI AFAE 5 Zhang 55 A
(2021b ) 3 321 Ja 74 B8 3 114 ke 22 73 S S B Z2 Pk I 2R A
T AR A BJA  Xiao 55 A (2022) $2 1
P M LA RO RS L IR AR S S
AU Pk Ik 2 T Rl 3 S RO T X R
MU ECE BT Hui %6 A\ (2023) 3l i Wi Bk o &
HAR S PR S R SORPHE RGB AR R X
Wz E A B RES AL H . RIE SRS SRR T A
RGB-T il & B4 1 558 1) vl i Bt 5z Ak g g 3.
RO 2R Tt SE PR REZ B —E 2 .

PAER, WP 5T A gt — 0 e ) S SRl S SR =
T, Wang 25 A (2023¢) MR H b A O HFAE 2045 B
T A AR AL, S B B] Bl AT AR, 7E R s Bl
5P st b R TR A B 25 B E . Tang %
A (2023) 7E RSB SIS A 2 A5 Al S5
B, 2 S SR Rl A 2, IR R SRR Z A S8
RS 7 1) 19 2 O | RS R TE AN [ BR 58 2% 1
RGP B R 592 . Hou %8 A (2024) 5| A %%
S AR G R OO S8 IR B A, O A
AL E SR X TR A 2SR AR R o Shao 55
A (2025) 51X BOT# S B PR BE T [, s i i 2
BOE R LIS T AT R E ARG I . SRS
(2025 ) i o 32 T i Bt i B2 U EAME D L H A A it 4
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RIS ME TS | IRS5 5 0 B 2o R 1G9 2 A 8, 78
VTUAV (visible-thermal UAV) (Zhang 55 , 2022) 5
HiAL(high attitude UAV multi-modal tracking dataset)
(B = 4 ,2025) % JC A HLIR B 80 4R rh U i 35k
RESE TT, U0 W] e A Rl B 7E 3h 25 45 1 T BB RS B 4 3
RS FAME 5 &M . Ding % A (2025) LAEAR
AL AN P AT L TR, A R
T ZHOTEAAAEAUE B BRERE , A1 0E L A
PGS B Rl o e S5 )

R Z2 BT 5% I [ 45 2 R AR R AR [ i)
W2 T 2 () 5 I [ A5 R Z [ AR DG PE . Wang 55
AN (2024c) BEGIZEE B S ZRSER  ARHR T
48 RGB-T HRLER H i 23 1 28 BB AR5 AN L AR
PRIERSAF N, Li 5% A (2025b) I FH 20 A5 4B 42256 [
SPCy T SR S VB A P Y SN S BRI PS /A 1
DA AL AR P o LA A, DA TG 5 300285 ] 17
AL . Feng 55 A (2025) & BUKLES hy 1 5 %
FRAIE 38 0 50 S SRR S T AR s — RS R
A, Hu 55 A (2025¢) D) 5 1 i i o 1) 58 7 )
B, 4t i) I ) AR 28 A At 45 T 28 X Mamba (Gu Al
Dao, 2024) 2244, SEBL 1 it 21 ot 1) inf 1] {5 B % A%
o FIRPTRN T 5 —1E B RGB-D/T/E 24155,
AR5, o 2R IR R P At e %

B XS 22 5 A AR A ke 5 0 TR M () JE, 75
2J7E RGB-T MR ER bl 248 . Yang 58 A (2022b) 7F
BERERZ MG AR F ] 4/ BE S RCGB 41
ZEME, SEBIC O B BT AS . Zha 55 A (2023) A
U SRR Y )RR AR BRE 7, A8 i /D m oy
AYRRE SR R AR FERRIE 2 T S T 2885 B
HAMNG AR5 XA T YR AR JZ T A SR
AGIAZHRRER . FRITES TR AR AL
B s R RS 1R R R B S BUE B ERRK.
Cao 55 N (2024) 37— 204 Hi A ja] 54552538 IE 2% , BE
U I R 55 h F RS B9 sh 287284k, S T 5)
& H IS SRR R 153 LIRS AR 1A 3
BAFPERE , JUHGE TR b RS R ZAZ AL
AT 55 ARIZTT AL S RGB-TREZS . Hong 558 A
(2024)FTHE T ZA S FE7n 2 2 G B4 2 LS 1Y Ry
PR CREE = HE OR B SAR 1 A S 4
AN ST X 6 RIREFAT S5 S —I5 L . Chan %8 A
(2025) B3t 17 =53 3454, R B 51 Sigma
ML, fE B Mamba( Gu 1 Dao, 2024 ) S8 = 4337 2 [A]

AR B R IR L =2 5 O R AL, A B U A (5 BT
FEor BT A T AME AHRAR SR A%  AESE
PR 7 AT A7 7E A o Zhu 55 N (2025a) 42 1Y
RGB-D-T HREE#F RDTTrack (RGB-depth-tir track ) F| F
PERF I TE TSR RGB BRER & b ICEE 5 R i 5 4
AN ISR TEUN S'Ei's ZAL Sy B R N7
[F], Bl 1 OBV D7 ik i PR RE ERR, ]I 3 H 1 s o
A A 3 FREAS (W] A T Y 44 4R RGBDTS00,
A IR BT ¥ S T ) R R M RE  (H i 2 A
TRESEMREZ S o Lu S8 A (2024) 38 13 XUE—H
EEERR A R IRAIL S2 ARl 22 5, S 96. 4 101/s
R ACHERE . Hu 58 A (2025b) £ 1 T LRPD (low-
rank prompting and distillation ) #E 242 , >R FH X} FR 22 44
B AR Bk i 7R 2% 2 (low-rank prompting, LoRA-P) 5 B
RGB-T 1Y X ) B RS A2 ., figp ke 1 S8 )3 P AN
B IFEE S SR YRS B U AE 2808, DA i AR AR
AERER R Lu 4§ A (2025) 3 — 25 F H] Mamba (Gu
1 Dao, 2024 ) (115 £8P 310 AL 5 R0 128 22 SR ik
A ELAMRFAE , S2 B0 T 22 Sl 0 2, Rl 1 £ ] R 0
BREAZOCR , TE HORAEARC S M m ¥ 5 o Tang 55 A
(2025 R IFATIR B UIZRsON BATHT ERE S 4255, H
SR 4 FE L5 2] (continual learning, CL) 4.0 H
b, RG2S TR 2E S S PERERE AR I IR . T3 41,
T 48 S RGB-T.RGB-D I RGB-E3 2K AT 55
14 & #E UniBench300 %48 45 |, 8 32 % 5591 25 55 13X
R 3 O S7 A P ] A o BRLCHE R SR B T AL
Gi— A

WA, 26T R G 2 i S Y R LR
2B MR B A TET AN G i e, 2065
B BT R A R A RO B B, Li SR A
(2023e) A RAN ] T P BB L il 'G5 A Kb
RI27 o] A B BB T T i DR SR BRI
TR BEARRIE LA BOA Rl BRER 45 2 0 Li 55 A (2024¢)
BE T AR A BHE A R B 06 T RS MR PEAS
[, T2 A RHE B, I T RER R . Bk
T AR EL T RGB (10 B 4% E A7 0 LA Ah B 220 1%
K14, Qin £ N (2025) 42 4 UNTrack (unified spectral-
spatial-temporal tracker) HE4 3 i 48 — 4 i3 | It
ZE R BN A bR FE R 5t T iSRRI R, JF
=T EA 2T AL H bR R 9 B 4 MUST
(multispectral UAV single object tracking dataset) . Li
S5 N (20250 ) 4 Hh G IR RO — 2 [ Ay 22, 4%
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EETRIAL, AtS, EEFF, AR, BNE, RK
& iE T AHLAL A E G B ARt il 5 BRER T AT R R

TR fa BE AN A 2 H bR R R, W35 48T T 3h e B
B ARG E 1 EL 9 2 T A BLSE I BB 5 5K, O B A B
MTEANLZ GG 2 H br B R B 4 MMOT (multi-
spectral multi-object tracking dataset) o

VAT, BUA 75 12 22 5 T b T a1 E R A i
I, DB SR X AL = RGN H R FSE
TEHA IRFALRHE B 80 o B R B R AP RE , R W]
HAETC AP AR T He 500 0 n] 3088 1 5 10 7
J1o AERE R RS2 , AR AR IR 58 A IR A1
N 2SR RN ] TOEIR A AT X,
RTENHUAESS CIREE T SRR M H Ar e L PR AL T 5%
SR . SR, Z2 RS E) JE LR R A7 T I LA Bk
s 1) B SR A S AR TE A 1, B e S LA
B, ik = 7 8 5 2 A ) 3 o A 2 R 1 0 B A A
FLHfE 2B 22 S SRS RCR AT I AR S8 L i
R BARAR T 7SS, A 5 BRI RS
FME B 5 3) M 7 5 1 B RV E S BRI AL AN L A
JEHR AR JEE P SR AL B 55 1F R AT AR P RE IR A
L, Rk, BEE NGB IE NS R U e S B
B R BE R A B R (4 Mamba 2244 55 Adapter ()
MR i A3l 5 AT B HE S 9] T A AL 58 DA I
RSB AR R BRAT , s TR RESE LA A
TR U BB MR PR S

3 HEERTFMER

3.1 mE5eX&EL AV At E & E RGN
£ S

TR ) TE AL B AR 0 114 2 J v A 2 ot o 4
et 558 PR R o SR BA TS ML A Bs
LB P T ARG REFEAR BA R, i, A
A7 3L T DroneVehicle (Sun 45,2022 ) #4 8 T 7% [6) ZE 4
K %5 B 4 DroneVehicle-Night , Jf 5 #8142 K
A TT NS I A5 4, AR B A LU 78 1) A 3
L5 PR B 1 EAME
3.1.1 DroneVehicle-Night /]2

TERI EE DroneVehicle-Night 205 82 15, 248 SCEF X
5517 4 B9 R] Je LG Bk B, AR AT it S
PRt BT TR RO

G, R A) BRI BE A R R0 AT AL A
AR BY AL, A DroneVehicle 38 4 1) vl W' i
e N TOGTE BRI W 5 S AR S I Ag

BUAIRE [E] 3 FREAS , LUBE 5 LS (B R e . 1813
JE7R T 7R BIREAS , T i KT R A ki g (1 3
(a)) KR EE 945 4237 (B 3 (b)) LU KOS 4™ E Y
Ja B (I 3 () )55 o Uk, i W 52 e i AR 2%
7 B S 2R AL AT RS 50 M, BHis
YN AN RS o T = S =038 2 2 S
ARSCAERRFEZ T 51T e 14 A4E (oriented bound-
ing box, OBB) 4% =X, AH 48 T4% 4 (1) /K ~F- i1 FHAE (hori-
zontal bounding box , HBB ) 5T BE 5 i fifi iR R A T
AR IR, OF IR B B ARG 23 (B 2505 . o
DroneVehicle-Night G LS 10 357 %l 4
P15 (868 XF B TE MG AN 6 013 XHI (%, BExf A
YJE RGBS IR IAPRLZS . Bt AR LhniE 276 8194
HARSl, A 55 5 28 AR 54 R4 AR E i
WA, Gy s s RIX 51843,
FEOT R T O BT I Y 52 Ak 5 s ) 43 A1 1 24
P . %5 I+, DroneVehicle-Night % #ii £ 75 #£ A< i 1 |
RSB SARTERE X5 XA TC AP EHR
R DU A O BEPR SR IEAT T R G, TR N R S 2R

ARG BN R R .
-

@ %HEMT o e, (O IR
i

K3 DroneVehicle-Night Z i & E A 7R85
Fig. 3 Example samples from the DroneVehicle-Night dataset

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

lot; (¢) residential area with severe light pollution )

3.1.2  ERMET AN B AR SoE 5

F% DroneVehicle-Night #b , A< 95 538 T 42 KA 5%,
R SIS 1 T ML A P15 B A s I 0l 46 | I B
AR AN 2B e 5 L2 g, i 2 i .

1) Zhu %5 A (2022) ¥ 8 T KB TE AALE 5 42
VisDrone2019, H K HE K 2 AL A% 2 > 5 8088 72 15 70
AISKYEYE HTBAR A . 43 5% 288 M HLMI v Bt , HH 45
Fh G ML A9 261 908 i AT 10 209 i ¥ 25 K15 41
Ao Hor 62. 4% M BRTE H bR b BN T 32 x 3245
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xR2

o AW A B 45 B AR il S BY B 4R 5

Table 2 Typical UAV aerial image object detection datasets

=

AR ARy RO/

==
R

IHERIER

EVE

T bl YK

Pk NG SN
frenE HAS BT,
)2 3R RS

7 AN To) 25 9 TS
AHL AR 5 4%
il R AR IR B AR 0
A4, (AP Al

U LRk MR
Bt HARHER/D i
RN S 7 ol

iE T K B RUT
% LR H/NA
bR E

RGB Fl 4L 4k & 4 4
b2 BT A
G R4
HATLALE S a
AR SR TR AT
LI B

AT Ry
H 2051 JE A HLA A
KB Y Rl CTE S

AL 7 A RO B PR
B WO TR BB
5% P 00 e B 5 K Al
LA B A T A 2R bR
WhEEh AR AT
RAE I ELSIRE K

UAVDT RGB 2018 77 819

RGB 2021 10209

VisDrone

UAVVaste RGB 2021 772

1

AFO RGB 2021 3647

RGB + 2022
IR

Drone

56 878
Vehicle

HIT-UAV IR 2023 2898

OSIV IR 2025 39583

FIReStereo IR 2025 204 594

3840 x2 160

3840 x 2 160

1080 x 540  https://sites.google.com/view/grli-uavdt 1003

960 x 540~

https://github.com/VisDrone/VisDrone-Dataset ~ 872

2000 x 1 500

https://github.com/PUTvision/UAV Vaste 131

280 x 720~

https://www.kaggle.com/datasets/jangsienicajz-

kowy/afo-aerial-dataset-of-floating-objects

840 x 712 https://github.com/VisDrone/DroneVehicle 353

640 % 512 https://gitcode. com/open-source-toolkit/f9a26/ 121

tree/main

704 X704 https://github.com/rslab1111/0SIV

640 x 512

https://github.com/firestereo/firestereo

FZrNEPR. H HARKF4E VisDrone-DET % 6 471
BRI 25 IR | 548 I 55 TE TR L1 610 ik 14 5
Ko 1580 1 Pk A I 1 1A 51, 28 0 TR o A28 5 42 A
1025,

2)Du 55 A (2018) 4 2 T Jo 23037 5 Y TC AL
B HE4E UAVDT (unmanned aerial vehicle benchmark :
object detection and tracking) . LEFRE A5, &
77 819 WM& AR TE T 235 14 R e (IR < /AT
R S PR AR ) 2R T TN
DU EIG B kel 5 IR EAR L T F 5 R

3) Kraft 2 A\ (2021) ¥ 1 JC A HLER S5 1L A6
MBI EE UAVVaste(UAV-based waste detection data-
set) o LA 772 MR EME 3 TIS ARIEME . (XUhRiC N
128, BDFREE B3, BAh 14 5 S e A HILAS: I 4k

M2 o

4) Gasienica-Jozkowy 55 A (2021) #4) 2 1 [fij [1] 7K
IR TC ML K5 W 1 5 e 2 AFO (aerial dataset of
floating objects) o 117 3 647 & %, 119 973 PhriE
HE 55 9N . JFARIEAE 55 T sk dli 43y 3 bR
T % NS R/ RS- g 4y 2 Fn e Wik 6 91
LRIl

5)Sun 58 N (2022) # & T 5 A~ 5 T X AHLWY
RGB-T 5 5% 25 4 % A5 I %% 9% 4 DroneVehicle, 3t
56 878 i MR (RGB S 4040 i —2F) , 0 & 5 28 4
5, JREILL) R 840 x 71244 2K , 2B DU A 4% 10014
FHIMJG N 640 x 51214 1 FH TARRE WL 5 7% 1]
KrmAE45 .

6)Suo 5 N (2023) ¥ & T 5 A~ 25 o AHLLLSb
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EETRIAL, AtS, EEFF, AR, BNE, RK
& iE T AHLAL A E G B ARt il 5 BRER T AT R R

PG B 4 HIT-UAV (high-altitude infrared ther-
mal dataset for unmanned aerial vehicle-based object
detection) , 1% 4R FH WS ZR T Tl KA 5 1 BA Wi
o WA F S (R (54 B RY) B E
5FEXT R ARG, it 2 898 IRLLAMAKIR . Lk T K
17 (60~ 130 m) AIHLILAI (30~907) | H i J&
(HRBRB) FF B IS fILE 1) SR i 2 5
HE o BRI AE R AT g F AR I RS B X JE AL
R 5C 28 AHHLAL A XS T AL B ARAS I 1 5200 e AL
TEAR (B4 R FNRAAT: 55 W AT AT PSRBT 2 S B
EWN(: I

7) Zhang %5 A (2025b) ¥4 @ 7 3 T JC AHLAYEL
A 2 R I B P 48 OSIV (omni-scene  infrared
vehicle) , F1 39 583 IHZL S A8 F1 617 370 S i 20
o 1B E SR 135 5 DroneVehicle # [R] A9 5 4~ 44
2, 3 RN 2R (25 246 i G B iE (1 663 i
BOMMEL (12 674 MR IE GO . BRI F 45
I AR 2 P R R AL 9 A
[F) 75, (048 R FILRA

8) Dhrafani % A (2025) # 1  H FIE AL
TR B ST AR AR TR B BB Bl 4 FIReStereo,
F1 204 594 i 52 A AR R A 18R 36 22 Fh B
A, Hoh 56% ok A AR B EFAN R . 84% Y
FMRAE LR, AR ARG )R A

iR EHEE T, 5)— 8) I ABCE M T 4050
AR , BEAE S5 OL A% T 1l i 2 B Rl 5l R —
SEANFEAVE R, SOl AL ZLAN I ] B ARG, HJ2,
ZLAMEIE TR SUE BRI aT WG F 6 B T RES I ATE
HARFIR A T PRI E PR B AR AT A s 2 S Rl A
ity B IMTC AL , T KA A 5 BE A A, 55
VERYRERTH S A2 2 P 4R T, DA T fin bl 2
SEVESR S DA, I A B RE R T 4 H s Az D
MRORTHT I i Z2 PR, W fs E— 2D P05 Rk
3.2 wiELANAHEEGBIRREREESE

REBEREEWEF D TOLMTE R AT L%
B 4 145 OTB100 (object tracking benchmark 100)
(Wu % , 2013) . GOT-10K (generic object tracking
10K) (Huang %5, 2021) LA & LaSOT (large-scale single
object tracking) (Fan 55,2019 , PRI X 4% [] 375 5% 9 %
TERAR D o S 2R G0 S WA 18] B2 e AL AR T i F
FERER AT ] 220 1 A ] BR R R
18 585 JC ANALR B 18 B0 e B0 o s i A 1) AO'E

e

1)UAVDark, ZEHE4E 73 UAVDark70(Li 5%,
2021) F1 UAVDark 135 (Li %5, 2023b) P> A , H G
N AIUTE B ] F1 48 1 BR B D3 310, 4 i) 0 7% 70 A
135 4F TAR I AT 5], 8 56 T 18 i 5 1E 5
RS R XA 2 R s AR RS X4, AT A
PRV DN N/ & K o1 = 45

2) DarkTrack2021 (Ye % ,2022a) . 1% %04 5 2
— A ELA B 1 1] TS AL R B e i, A
T 04 HA PR P81, Sk 1 100 kWi, fir
A F SV ZAER ] 5% LA 30 it/s il 31 o

3)NAT2021(Ye % ,2022b) . ZBIEE LN
JC W B I 35 A () JC LA G b BR R i 15
TR TF A JE It . A2 7% 180 4~ BR B ¥ 471 iy i
AL 1400 A BRES PN I R4 . B3 T 3E I
38T S ORI Pl 45 ) o LS A AR IR G R
BN BVARIEEFES: . 8 T 3R ALK i BRI 1 B T
Aili , BE— 2R T K A BRI 4 NAT2021-L-test, Hi
2345741 54 k T A,

4)WebUAV-3M(Zhang 5 ,2023a) . i%EHE 42
H e K20 AVLIR B Sdis 45 .
4 500 - PUAR P Y R 330 J5 T, - 3 223 A4
ZREARI BERZN . AN, T T 2 AT 5 (1R
B XFPUE S 1] AR B R A1) .

5) NUT-L (nighttime uav long-term tracking) (Fu
55,2024b) o IZEIRERSE LR I IR R TC AL
PR REME R 4 . i NAT2021-test Al UAVDark 135
Hh R R T R S A AL A R, A 42 A T A1
95 274 g K%

6) LMOT (low-light multi-object tracking) (Wang
§5,2024h) o ZEAEEQUH LI KT — B SR AR
kARG, v LA I B R 7 8 AN R ' i A3
W A 2 B) RITRSE ) £ B 1 o8 B X6 5, LA P S
Pedh: (1) REMEFE LR 50 /2 AL AsI T L E AT hR v, DA
T ARAS e o i (B T 5 (2) Y628 70 e AR T AZE VI
R B d I A B S A R TR TR R
TR . AL S 32 AT A1 B AT 35 000 i A
it 815 0001~/ FHE

7) LLOT (low-light object tracking) (Zhong % ,
2024) o % B AL 269 A RS 8, R
132 000 it 5, & fiT FH 325 30 400 A1 IO 45 b 22 (N AN
SMIOE 5 RISV 2 IR XE LA R R i, T
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Fe 3T S R B PRSI R T  5 L R ARTE T
120 PRAEm

8) NT-VOT211 (night-time visual object tracking
211) (Liu 55, 2024b) o 24 i1 211 4SAS [F] R
ATZH I, A 211 000 ST B B4R it , BAT 8 3k
i m P

RGN TR E R S E R S W I
AR BR R PR AR, 245016 R 284K (illumination variation,
IV) . R J&# 25k (scale variation, SV) 34 (occlusion,,
0CC) . JE 28 (deformation, DEF) . 12 3 5 8 (motion
blur, MB) . ¢ 3% iz Bl (fast motion, FM) I 43 ¥¢ %
(low resolution, LR) . #i ffi “& fk (viewpoint change,

VC) K 58 HE A8 1k (aspect ratio change, ARC) |15 5t 4%
I (background clutter, BC) \A#1iz 8/ (camera motion,
CM) . 52434 (full occlusion, FO) . H #1 B (out-of-
view, OV) ALI4) (similar object, SOB) I HR 5% fF
(low ambient intensity, LAI) \Jig 4% (votation, ROT) B
41 4 (partial occlusion, PO) | iz ) ZF fb (motion
change, MOC) FlI/)» H 5 (small-scale goals,SSG) .

S A R ERERAE IR N A — 2
3 NP (B AR 1] G H 2 T A LA A £18 A s ER O
R FPAAET B Bl AT A7 A6 35 03 A D ey e
BB Z (PIILL NS 5 KPS AR I S5 1R
R W2 T R A E AR E I AL

®3 WERREEEE AL

Table 3 A brief comparison of night tracking datasets

" , e 1 PRl 1 51 H
HAmAE WAUF IS Bk Bl i PR 1 24 B o
gy WL
UAVDark70/135 70/135 66 k/125 k Test 5 LR,FM,IV,VC,0CC 57/71
DarkTrack2021 110 100 k Test 6 VC,FM,OCC,LR,LAI,OV 69
BC,ARC,CM,FM, ,FO,0V,5V,SOB,VC,1V,
NAT2021 1 603 470 k Train/Test 12 C,ARC,C OCCLA(I) OV,5V,S0B,VC, IV 118
. LR,PO,FO,0V,FM,CM,VC,ROT,DEF,BC,SV,
WebUAV-3M 4 500 3.3M Train/Val/Test 15 ARC.IV.MB.CM 37
NUT-L 42 95k Test 9 0CC,FM,VC,IV,LR,SOB,SV,LAI,FO 24
LMOT 32 35k  Train/Val/Test 5 0CC,0V,SOB,LAI, PO 7
LLOT 269 132 k Test 12 IV,SV,FM,OV,LAI,MB,ARC,LR,SOB,PO,ROT, 1
CM
NT-VOT211 211 211k Test 8 CM,DEF,FM,MB,SSG,SOB,0CC,0V 2

T Test Jy P4, Train IR, Val 4 IELE o
3.3 ®EZ AN E & BTN ERR

5 MS COCO (Microsoft common objects in con-
text) (Lin 5%, 2014) B4l 42 PN IR R AL, 3 R
SRS (average precision, AP) G EE4{E (mean
average precision,mAP) ﬁ%ﬁ%(precision,f’) JA—4k
P, A (recall, R) WREIZH (Params) . 112
KT 4535 8. (giga floating point operations, GFLOPs) |
BRI/ N R (FPS) S AR P AR U RE

GFLOPs H T Bk T S 2 A I3
7N HE BT 0 IS B /0N | ds R R
Params 375 BB AT Il 5 S B8R , 2 85080 Ul A
AU A, IR R/INER U 25 e A A A S o
A 25 1]

mAP H A 7548 & T 2 Jf I (intersection over

union, loU) BI{E M A4 A & L. A RZEW5EH,
ZEfi Fl mAP50 1 mAPS0-95 {E R P #6845 . mAPS0
7R ToU BB 0. 5 I THEC Y A0 -1 240K B2 X 1, 1% 4
i B2 W 1 AR AR A5 kg S P 1 To U I 1T ) A 00 4
AE 38 F H] T IPAL AL A A B BB 77 . mAP50-95 3%
7 ToU BI{EAE 0. 5~0. 95, L4 0. 05 25K 19 104~ 4
(N R (R
3.4 ®iEFX A AEE G BiRERERIEM SR

A IRITC AHLER H bR R TP e s 2045
K5 BE(P) A —4k A BE (normalized precision, NP) | i
I) K (success rate, SR) | il ) K fh £& T 18 X (area
under curve, AUC) DA K i 2 (FPS) .

1) RS BE . & F oot i B 12 22 (center location
error, CLE) , BVFUIN w0 5 B 52 rp oty i RKEG I 2
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i LL CLE /NT 20182 it o LA Aok BEAS 4

) H— KGR o X iR 254 H AR RO TH
—Ak ZEREVE [0, 0. STl ih &It Em A
ZAERR S A B AR RE BRI

3) P E  FE T AU HE 5 BCSEHE 1Y ToU fH, 48
T 1oU & T BIE (An 0. 5) i & Lt .

4) YR MR T AL XA 2 (success
plot) B4 15 B A IRTB, AT 2545 s B R B B 1 M
PR E T , 2 22 BB AR BR IR F AZ O FR AT

S)MyTER R A o 5k o B 1) SC R AR, R
FPAE R MTEL . — A T AR > 25~ 30 /s B
JE SRR

4 BT

4.1 DroneVehicle-Night 148814 9 #7

A VEAN B J5 15 FE DroneVehicle-Night [ ) 3%
PRVERE , A5 BB CBLAT & 23 07 i A Bt 4 B kAT
PEREVE 70 HT -
4.1.1 SCERIRHE

JiF A 52 96 76 5L 5K i 4% 48 GB i 47 19 NVIDIA
RTX A6000 2 AT . S fxt Lo, el
TE#S T EE IR SCATF IR E . o TLLAMEEES
(8 H AR AR T SE 4 T, PR feff T 20 AMBEAS i in 24
A, S5 5T MMRotate (Zhou %5 ,2022) Fl MMDe-
tection(Chen 55 ,2019) #EA7 , HLAG I &R FH e i1 5
HE COBB) A Sk X A0 1547 5 2 A2
4.1.2 PFRER T

AR SCIEH T Ry BA 524 07 vk LA 4
BRI J7 1 : Faster R-CNN(Ren4%,2017) .RetinaNet
(Lin%,2017) .YOLOv8s(Jocher 25,2023 ) 11 S’A-Net
(single-shot alignment network ) (Han %5 ,2022) ; LA K&
7 R AL R ] 3 S 1) 2 S Rl U7 5 < CFT (cross-
modality fusion Transformer) (Fang &5 2022) .CALNet
(corss-modal conflict-aware learning network ) (He 4§,
2023) .C’Former ( calibrated and complementary Trans-
former) (Yuan F1 Wei, 2024) . ICAFusion (iterative
cross-attention guided feature fusion) (Shen 55 ,2024) |
DAMSDet (dynamic adaptive multispectral detection
Transformer) (Guo % ,2024) .M*D-LIF( mono-modality
distillation method and the local illumination-aware

fusion) (Zhao % , 2025a) A1 MS2Fusion (multispectral

state-space feature fusion) (Shen %5 ,2026) . & 4L
TAFIE S TR mAPSO LR

TG TERARIESXT e, 208 (IR ) B B3 1 T
A ILE (RGBS . LA YOLOV8s g6l , RGB LA T
(' mAP50 2 65. 7%, 1Ml IR BEZS T 4 79. 7%, £ %5 i
14%. X —ZEREE MR W e RT3 5, 2041
IR B8 B RS E M 22 I H bR AT 525 S, DT 2 i
RO Bt B M P X R B2 BB 1% 67 T2 e, el 0 45
A5 5y v HE B AR F6 E0 R BOCRRAE DA I 2 T B A
mAP,

HR, RGBT E R R B RALT
PR AL . CFT.ICAFusion , DAMSDet , M°D-LIF
A MS2Fusion ) mAP50 7 80% LA L. L M?D-LIF
AR SSRGS RN, 7 TR 2 51 (1]
U Truck ., Freight-car, Van) ¥ U153 T W & 42 F+
(Truck80. 9% ., Freight-car76. 0% . Van68. 9%) , fit &
331 83. 9%mAP50 B SRS R, W] IR i T4 — Fp
AEER . X ULMFERE AT, RGB 5 TR A HAME:
AT DLTE A3 A B Rl A Can sy 35 0 BBl & 5 2508
DN DEE =i DA I NTT RO AN ER 7N i S S G EA @
BRI R E S

P2 o S 25 I N 5= o S R By €
fETEM I 22 5%, HAR R BN « DL ResNet50 (He 55,
2016) A H TR, it & PR SR 2 ZRBEN
Faster R-CNN | RetinaNet, S’A-Net , C*Former , DAMS-
Det, 7542 1] A A6 MRS B2 LA K B A 1) mAPS0 35 b5
I, 3 fIG T 3E T CSPDarkNet (cross stage partial
DarkNet) (Wang %5 ,2020) R 51| T A9RIAL . (HAG
KL, CSPDarkNet 3 )2 85 B Be A5 A 7R AR B i
AR [N , R % 18 s R ik 52 ] 5 B RUBE {5 R 8, 1%
BV B TAEROCER ST T S IO HD 1 i 2 KU
FRAE o PR, AT DA - 76 8 ] JC AN HLAS AT 55
Ve 20K B8 ) 5 BB A2 2 A B T I 2%,
A BT RE S 5 RO AP
4.2 VisDrone2019 B %35 =1 U 4 BEXT b 23 47

A TE AL LS H AR R b5 R 2278 H 1)
EIE L JR I S 1T AR ARE L . AR, X T
] 37 5%, IX SE B 0 92 PR R BT SR AETE B R AN
o b T Bk X — ] 8, BT VisDrone2019-DET
(vision meets Drone2019 object detection) (Zhu %%,
2022) MiIXFL It T EHMSLILR. 5
DroneVehicle-Night A~ [A] , VisDrone2019 %4 4 42 ¥4 5

2453



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 7,Jul. 2026

% 4 DroneVehicle-Night £#E £ 14 8¢ & B 14

Table 4 Simple performance evaluation on the DroneVehicle-Night dataset

1%

AP50
Tk RFAFR FTM s
Car  Truck  Freight-car Bus Van mAP50
Faster R-CNN TPAMI 2017 ResNet50 74.9 27.5 28.0 774 403 49.6
RetinaNet ICCV 2017 ResNet50 72.5 12.2 234 494  31.0 37.7
S*A-Net TGRS 2021 ResNet50 RO 72.2 21.1 23.8 78.1 36.8 46.4
YOLOv8s Uliralytics 2023 CSPDarkNet53 88.6 45.7 52.5 89.6 523 65.7
Faster R-CNN TPAMI 2017 ResNet50 89.8 474 52.2 88.2  48.0 65.1
RetinaNet ICCV 2017 ResNet50 89.1 18.2 353 70.3 329 49.2
S*A-Net TGRS 2021 ResNet50 . 89.4 41.8 56.6 88.9 458 64.5
YOLOv8 Ultralytics 2023~ CSPDarkNet53 98.1  69.3 75.8 96.5 58.7 79.7
CFT arXiv 2022 CSPDarkNet53 97.4 71.2 75.5 96.3 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 90.0 672 62.9 89.1 578 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 68.9 83.9
MS2Fusion Inf.Fusion 2025 CSPDarkNet53 98.2 75.4 79.2 96.2 652 82.8
TE I AR R A S R4 2R
T L2 H AR RURIE 5 e 37 5 AR (H I 25 4R &5 EHEER
g TE)REAS A 5 24 18, 3%, BEA% 55 4> T Hiy 2 ke 32 Table 5 Hardware configuration table
REAEA D IR AT A v o ZH
4.2.1 BURERRBNR CPU 13th cen Intel(R)core(TM)i7-13700F
H T VisDrone2019-DET (Zhu %, 2022) A # it~ GPU NVIDIA GeForce RTX 4080
BB VEARTE , A8 3Gk N 0L 5 52 BE B (R oL 0 AT 16 GB
LI AR B BT 5211 A 18] L5 BT g o 1 ) BTN 32GB
AR () L T 25 3 T A SR R R O E 2 g BER S Ubuntu 20.04.6 LTS
%,ﬁ@/&ﬁim\ﬁ?}\ﬁEIE*ﬂ@ji%ﬂég%%U ,%Jﬁﬁ 1BE Python3.8.20
BAT TR ZEAT TS R DG IR A& i Pytorch2..
OB TR SN — AR RS T 51308 cup ok CUDALAL

H [E] &, il S RO AS AR b 5 2R BRI H AR 2 ) A
FE—B0, I 0T X B A PPN SR v
4.2.2 SZIGUEE

Z: M8 VisDrone2019 (Zhu 25, 2022) i %11 43 77 X,
B8 4R 4y MR IR TR At 48, 43 A i
6 471,548 Fl 1 610 M K15 . A 1L B 40 5 B .
Y23t 2 v R R BEATL R ST 48 55 L B 5 5 A A5 i 34
5, DA G iRk s AN JE AT R (R AN P (R T, T4 5

R & e 512 L RE
4.2.3 BN AT

VAT 22 320 H A I B AR B P S AT
MR TR MERE . X AR 3= 2200 25 K2

1) B BEA L . W YOLO £ 41 (9 YOLOvS
(Jocher,2020) . YOLOvO(Wang %5 ,2024b) . YOLOv10
(Wang % ,2024a) . YOLOv11 (Jocher il Qiu,2024) L
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S YOLOv13(Lei %,2025) , H K Z £/ Ak A *6 BUHEMLIRER
e H o BR AR Gold-YOLO (Wang &5 2023a) il Hic- Table 6 Results of the day and night scene
. iment
YOLOVS (Tans 25 .2024) . comparison experimen
v5( ang‘;"f: ‘ ) 1%
2) BT B I 9% o AL FE QueryDet (Yang 45, - -
i i
2022a) Fil ClustDet (clustered detection) (Yang %5 , WIRES
> § - - P R AP50 P R AP50
2019) ., BCHEJT YL AE S TE AL LA e = ~
N NS YOLOvS- 469 355 347 439 265 260
ARG R 53 P DRl e T S e 4 A o
YOLOV9-s 52.5 40.6 41.0 449 31.7 321

AL AR N R RE2E

F6 R T A TRE H B S5 A5 T ki
g WEIRBECRE LI R 0 H B,
&R R IR R AR mA P50 % 58 43 AR 7E 30% ~
45% Wy IX ) . FHorfr, ClusDet(45. 2% ) 1F & 2 2 25 5
Y N R, 4525 T XA B B Arf ot
BTSRRI ERL S PLE] R AR E S e = 5
Z RUEE H AR T SO HA 5 A R E . YOLO R 51
F, YOLOv9 Al HIC-YOLOVS ) mAPS0 Y38 3 41%,
B9 1 B2 12, M4 F YOLOvS-s, HIC-YOLOVS 1&

YOLOv10-m 513 409 400 48.0 316 322
YOLOv11-s 493 404 39.1 397 321 29.6
YOLOv13-s 45.7 375 359 421 263 273
Gold-YOLO 509 36.0 347 415 281 26.0
HIC-YOLOvS 50.0 412 412 43.6 327 334
QueryDet 523 46.1 448 488 334 341
ClusDet 51.0 46.5 452 479 342 338

T L TR RS S P e L4 2R

mAP50 LR T 6. 5%, X EEIA T/ H bx
R 3k 5 155 3 R AR AR I (R A B 5 I TC A HILAR
ARG, JFm Al 12 (B dn 5y AR g

1355 i H TR] U 46 3 4 [RMIO6 240 i, pir G 53
VRGN P RE 247 ) R A 2 B B L AN BT 4 R
FARKRF 94 XT LU AL () mAPS0 - 34 48 X [%
9. 1% (FAXT FFEZ R 23. 1%) , Hort recall T & Ry

B, IR XS T R 24 24. 1%, T precision A% T B
29 11. 0% , & B ARG I 1 7 082 [0 S0 i) (< i, 5
FOwAR BT Pk REIR A AR AR J5 R E 1 ] %
TSR AN 5 SR R B A A R 55 Ak , V2 R AT e
FESE , (A 0 Sk 25 R A (0 A 3 LA A 5 A
TR o (AT TR RS2 , T B BORS I 3503 ZE A 1R 11
mA P50 /55 38 725 1 2L B B R, 515 B L2 ik fb 4

- R
M
4L0% 40 0%

mAP50/%
(%)
S
T

[\
(=]
T

44.8% 45.2%

L€

oY

N
8
Q Q C)\Q.

Q A Y
N (&) \,0 \)O

41.2%

40 39.1% '
35.9%
34.7% 210 1 34.7% 33.4% 34.1% 33.8%
120 470
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0,
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Fig. 4 Day-night comparison of detection algorithms
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F 5 3T 1 B R IE AT AE 956 AR T X R
Rt SO iy 2A — @ 3. M5 YOLO R 91
M VERE I O B2 I A5 M ik E 4R T T
AL OO BRI R (B ZEARE I L SR T B = &
(22 ye g

5 7F DroneVehicle-Night I f 325 AN [A] , A& 3
SO TEAR IA] AR S5k e Z RS Rl T ik PR RE R
W, BERUELLAMEE S RS B AN A T ALK
WA B FEE . HE T VisDrone2019-DET () -7
X LSS I o — F EEDI A #87n 178 H BRI R
i) B A I B, FEAR )3 S PR e 3 e,
HoEAE/N HERFVIO HBE H s E A7 B i A S i
Ko T2 S 56 285 AR B EPIE : — 7 T, 28 WA ] 4G
1155 th g | AZ BRSO IR B & AL AR S 2% i

RERIRIN 5 55— J7 i, ™ i 1 R H (R 5
IR AT S TAFE R R BR M . 256 k& IRl TG
BTG B Arer A 9% OLA H e 00 530k 1
(I N DR (=S i VA oy [ = R P v o
fRotIGsR SEIR A PRI Al M AR 3 55y 1]
TR XL AR, L SE R A0 IR EE T A R A
T RE o
4.3 UAVDark135F1 NAT2021 P EEFE M

Ry A T PEAL A ] TC A AL B bR B ER SR E PR RE
AT 20 R BARER TR0 M T
o e Rk B S N (DA) J7 i A FE R 2
2 (PL) 5 iR ) (CL) J7 ik LA B 22 A I 28 25 4 2
GNITIEAE

7B T X EE )y 1k 7 UAVDark135 (Li 4%,

®7 WELAVAEERBRRER T ES SRR AR B E T

Table 7 Brief performance evaluation of nighttime UAV aerial image object tracking methods and state-of-the-art

tracking approaches

o . NAT2021 UAVDark135 T4 DS
AUC/%  PI% P /% AUC/% P P, % /(is)

Ocean(Zhang %, 2020) ECCV2020 386 581 499 481 608 603 43
SiamAPN++(Cao % ,2021h) IROS2021 412 602 514 330 432 295 114
HiFT(Cao 5 ,2021a) ICCV2021 370 545 467 348 454 329 123
SiamRPN-++(Li %8 ,2019a) CVPR2019 413 615 521 372 474 350 152
MAT(Zhao % ,2023) CVPR2023 477 648 588 477 572 576 56
SiamCAR(Guo % ,2020h) CVPR2020 456 658  59.5 406 525 523 37
DarkLighter_SiamRPN++(Ye % ,2021) IROS 2021 - - - 385 495 - 108
SCT+SiamRPN++(Ye 42, 2022a) TRAL 2022 - - - 021 547 - 31
LDEnhancer_SiamRPN++(Yao %5 ,2024) IROS 2024 - - - 434 560 414 30
HighlightNet_SiamAPN+(Fu%,2022) IR0S2022 - - - 424 539 - 32
UDAT_SiamCAR(Ye % ,20221) CVPR2022 481 679 609 486 607  61.3 36
PDST_SiamCAR (Zhang % ,2023¢) ACMMM2023 502 69.1  63.1 503 633 640 -
TCTrack++(Cao % ,2023h) TPAMI2023 417 611 528 378 474 474 122
DCPT(Zhu % ,2024) ICRA2024 526 690 635 577 703  70.1 35
SAM-DA (Fu%,2024b) ICARM2024  47.1 673 592 476 604  59.4 37
TDA-Track (Fu,2024a) IROS2024 423 617 535 369 495 499 114
NiDR(Lei % ,2024) TGRS2024 470 652 571 511 642 629 71
MambaTrack (Zhang % ,2025a) ICASSP2025 532  67.5 568 572 676 614 )
MambaNUT-Small(Wu % ,2025b) IROS2025 524 701 646 571 700  69.3 72
DARTer(Li %, 2025d) ICMR2025 532 702 637 582 716 721 74
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