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Abstract: Objective Visual Object Tracking serves as a fundamental capability in computer vision, underpinning critical
applications such as autonomous driving systems and unmanned aerial vehicle surveillance. While trackers based on the

Transformer architecture have demonstrated robust performance in standard illumination conditions, their efficacy declines
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markedly in nighttime environments. This performance degradation arises primarily from two factors. First, low illumina-
tion conditions lead to the loss of texture details and edge information, a phenomenon known as feature degradation, which
impedes the ability of the feature extractor to distinguish the target object from the background. Second, nighttime scenes
are frequently characterized by high-frequency background noise and intense interference sources, such as streetlights and
vehicle headlights. These distractors often exhibit visual characteristics similar to the target, resulting in a phenomenon
termed High-Score Drift. In this scenario, the tracker incorrectly identifies a background light source as the target with
high classification confidence, leading to the contamination of the dynamic template and irreversible tracking failure. Exist-
ing approaches to mitigate these issues fall into two main categories: low-light enhancement and domain adaptation.
Enhancement-based methods introduce additional image processing modules, which increase computational latency and
may amplify noise artifacts. Domain adaptation methods attempt to align nighttime features with daytime domains but often
fail to preserve fine-grained geometric structures required for precise localization. Although recent visual prompt learning
methods, such as DCPT, attempt to inject darkness cues into trackers, they predominantly operate at the input level. As
the network depth increases in deep Transformers, these prompt features undergo feature dilution, losing their semantic
guidance capability in deeper layers. Furthermore, current methods lack specific mechanisms to rectify attention disper-
sion caused by background distractors. To address these limitations, this study proposes a framework named Nighttime
Object Tracking via Cross-layer Consistent Darkness Perception Prompts (ProDAPT). The primary objective is to bridge
the disconnect between feature extraction and decision-making in low-light scenarios by constructing a full-link darkness
perception mechanism within a frozen Transformer backbone. Method The ProDAPT framework is constructed upon the
ProContEXT baseline, utilizing a standard ViT-Base backbone pre-trained on daytime datasets. To ensure generalization
capabilities and maintain parameter efficiency, the backbone parameters remain frozen, and only the proposed prompt-
related modules are subjected to fine-tuning. The methodology comprises three innovative components designed to enhance
feature extraction, attention allocation, and template updating. First, a Cross-layer Consistent Prompt Generator is intro-
duced to address the issue of feature dilution. Unlike methods that rely on simple pixel-level superposition, this generator
adopts an iterative back-projection mechanism. It consists of emphasizing blocks and undermining blocks that iteratively
estimate the residual difference between the target structure and background noise. Crucially, a cross-layer semantic con-
straint is applied. This mechanism enforces a consistency loss between the prompts generated in deep layers and the seman-
tic projections of prompts from shallow layers. This constraint compels the network to retain fine-grained geometric struc-
tures, such as edges and shapes captured in shallow layers, and transmit them to deep semantic layers, thereby facilitating
the recovery of target details submerged in noise. Second, a Prompt Semantic Calibration Attention module is designed to
resolve the attention dispersion issue. In low-light conditions, the standard self-attention mechanism often assigns high
weights to bright background distractors. This module integrates the generated prompts into the Transformer self-attention
calculation by computing the cosine similarity between the prompts of the template and the prompts of the search region.
The resulting structural correlation matrix serves as an explicit structural bias which is injected into the original Query-Key
attention map. By increasing the attention weights of regions that share similar prompt structures, the module effectively
calibrates the attention distribution, reducing the response of background distractors even when they exhibit high pixel
intensity. Third, an Energy-aware Dual Gating Update strategy is proposed to address the unreliability of template updates.
Traditional update mechanisms rely solely on classification scores, which are prone to drift at night. This strategy intro-
duces Prompt Energy, calculated via the L, norm of the prompt features, as an orthogonal metric to evaluate structural
integrity. The theoretical basis is that a true target retains high prompt energy due to structural consistency across layers,
whereas background noise exhibits low energy after the filtering process of the prompt generator. A dual-gating logic is
established wherein updates are permitted only when both the classification score and the prompt energy meet specific
thresholds. This mechanism prevents the template bank from being contaminated by high-confidence background noise.
Result The experimental evaluation was conducted on three mainstream nighttime tracking benchmarks: NAT2021,
LLOT, and UAVDark135. To further verify engineering feasibility and generalization in real-world scenarios, a dataset was
collected using autonomous driving test vehicles in Suzhou, China. This self-collected dataset features videos recorded with

high-specification on-board cameras at 4K Ultra-HD resolution (3840 by 2160 pixels) and a frame rate of 30 frames per sec-
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ond. The testing sequences cover challenging scenarios including glare from oncoming vehicles, rain reflection on the road
surface, and temporary occlusion during car-following tasks. Experimental results indicate that ProDAPT achieves competi-
tive performance across the tested benchmarks. On the challenging NAT2021 dataset, the Success Rate (AUC) reaches
0. 557, representing an increase of 3. 1% compared to the prompt-learning method DCPT and outperforming domain adapta-
tion methods. On the LLOT and UAVDark135 datasets, the AUC scores reach 0. 585 and 0. 608, respectively. Ablation
studies confirm that the Cross-layer Consistent Prompt Generator, Prompt Semantic Calibration Attention, and Energy-
aware Dual Gating Update modules contribute incrementally to the performance, with the full model achieving the best
results in terms of both center precision and overlap accuracy. In terms of computational efficiency, tests conducted on an
NVIDIA A100 GPU show that ProDAPT maintains an inference speed of 76. 8 frames per second, which exceeds the real-
time requirement of 30 frames per second. Although there is-a minor decrease in speed compared to the baseline due to the
additional modules, the trade-off is justified by the performance gains. The model requires training 6. 51 million param-
eters, accounting for 7. 03% of the total model parameters, indicating a balance between tracking accuracy and computa-
tional cost compared to full fine-tuning methods. Qualitative results on the 4K self-collected dataset demonstrate that Pro-
DAPT maintains stable bounding boxes on the leading vehicle in the presence of severe glare interference, whereas base-
line trackers exhibit drift towards nearby streetlights. Conclusion This study presents ProDAPT, a unified framework that
addresses the critical challenges of feature dilution and decision unreliability in nighttime tracking. Through the introduc-
tion of the Cross-layer Consistent Prompt Generator, the framework ensures that darkness cues are preserved throughout the
deep network layers. The Prompt Semantic Calibration Attention and Energy-aware Dual Gating Update mechanisms fur-
ther support adaptability against background distractors and prevent erroneous template updates. The extensive experi-
ments on public benchmarks and high-quality self-collected 4K data validate the effectiveness and generalization capability
of the method. ProDAPT provides a feasible and efficient solution for visual perception in nighttime autonomous driving and
unmanned aerial vehicle applications. Future work will focus on optimizing the model for edge deployment on embedded
devices and exploring the integration of multi-modal data, such as infrared or thermal imaging, into the prompt generation
process to further enhance tracking reliability in extreme darkness.

Key words: Visual object tracking; Nighttime tracking; Visual prompt learning; Transformer; Cross-layer consistency;
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F1 NAT2021-test #HE E A E IR ER 23 AR XT L &

Tablel Comparison of NAT2021-test dataset evaluation across different trackers

P37 NAT2021 NAT2022 NAT2021

HREEAS (Tracker) (Venue) (AUC) (Préc)  (P_norm) SR ] 2E 3 S HEFRER S FPS
ProDAPT Proposed 0.557 0.728 0.676 92.6M/6.51M 76.8
HIPTrack(Cai % ,2024) CVPR'24  0.545 0.708 0.660 120.4M/- 65.0
ProContEXT(Lan%§,2023)  ICASSP'23  0.539 0.702 0.655 92.6M/- 85.2
ARTrack(Wei %5 ,2023) CVPR'23  0.532 0.696 0.642 92.1M/~ 42.0
DCPT(Zhu % ,2024) ICRA’24 0.526 0.690 0.635 93.0M/3.03M 81.5
OSTrack(Ye 45 ,2022) ECCV'22  0.525 0.685 0.635 92.1M/- 105.1
H-DCPT(Zhong %#,2026)  TIP'24 0.522 0.715 0.668 93.0M/3.03M 785
TransffCAR(Wei%%,2024)  Access’'24  0.511 0.721 0.647 - -
UDAT-CAR(Ye%5,2022) CVPR'22  0.483 0.687 0.564 35.6M/- 45.0
ADTrack(Li % ,2021) ICRA21 0.445 0.592 0.510 24.5M/- 80.1
SiamAPN++(Cao %5 ,2021) ICRA21 0.377 0.431 0.461 28.0M/- 120.2

T« JVHL 7 A A d DAL, A ST X R K5 df

s
1B
.
] ; : 5 m ]
o .
[ I [ ]
- : - - - - -
! i
o

Ground Truth —— ProDAPT (Ours) H-DCPT —— ProContEXT DCPT —— TransffCAR SiamAPN++

5 NAT2021-test B4 A HLER nl LALXT L
Figure5 Visual Comparison of NAT2021-test Dataset Tracking
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NAT2021-test £0#i £ [ 45 & 3R 4 @ w5 5K 9 &
PEZE AT THRE o0 W7o &1 X R 2477 7715 DCPT
(Zhu %% ,2024) & H-DCPT(Zhong %5, 2026 ) ity % 1 3¢
B, 3y g B S ASRZ AL, (5 R 42 4R 1l s A
B, 220 T R IZRRIE AR 1 (1 SGE S, BT
FALUH 0. 526 F10. 522( W3 1), MHILZ T, CTCP#E
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R2 LLOT-test iR &L FEA R BRER2F AV LA XT LL R

Table2 Comparison of LLOT-test dataset performance across different trackers

LLOT

PREEAR (Tracker) SKUR (Venue) &LSC'I; EJP];S(:I‘) (P_I;orm SR 2R 2] S HEHLH EE FPS
ProDAPT Proposed 0.585 0.692  0.746 92.6M/6.51M 76.8
H-DCPT(Zhong 5 ,2026) TIP'24 0.576 0.684 0.739 93.0M/3.03M 78.5
HIPTrack(Cai 55 ,2024) CVPR'24 0.560 0.662 0.716 120.4M/- 65.0
ProContEXT(Lan 4§ ,2023) ICASSP'23 0.557 0.660 0.708 92.6M/- 85.2
ARTrack(Wei Z,2023) CVPR'23 0.553 0.656 0.707 92.1M/- 42.0
DCPT(Zhu % ,2024) ICRA'24 0.527 0.614 0.665 93.0M/3.03M 81.5
OSTrack(Ye 4§ ,2022) ECCV'22 0.521 0.613 0.663 92.1M/- 105.1

TransffCAR(Wei %5 ,2024) Access'24 0.485 0.580 0.505 - -

UDAT-CAR(Ye 55,2022) CVPR'22 0.409 0.513 0.538 35.6M/- 45.0
ADTrack(Li %§,2021) ICRA'21 0.325 0.420 0.355 24.5M/- 80.1
SiamAPN++(Cao%¢,2021) ICRA'21 0.216 0.300 0.285 28.0M/- 120.2

T UL 1A Ay e AL, A ST xe B K8

ProDAPT (Qurs)

6 LLOT-test B4 4 BRLER AT ARALXT LE ]
Figure6  Visual Comparison of LLOT-test Dataset Tracking
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ProContEXT DCPT —— TransffCAR

HE ), BREFAHE rpoCoRS 3 T H CTCP, S00E T
HPU TR he o 2454 EDGU IS | il o 57 fk
AL IO 1k RS  BERLIR B T 0. 557 R it
RE, 4N &l 9 ZLHE T s, 58 AR 7R 4y 20 B AL 1B H A
ffEp TG PLA T . 2 4 55 WA B iE— 2
N A58 TR B R RO SR B ) 2k 2] 5
B AR OE 9 92, 63M KIEREIRZ 6. 5IM (5 [
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&3 UAVDark135 ##E & RER =S HITA T LR
Table3 Comparison of UAVDark135 Dataset Performance Across Different Trackers

BAEE 28 (Tracker) (jii)‘“3ﬁ§%‘“g$?“ %ﬁfﬁf SHRATESI B HEFETE FPS
ProDAPT Proposed 0.608 0.735 0.729 92.6M/6.51M 76.8
H-DCPT(Zhong e 2026) TIP'24 0.598 0.725 0.720 93.0M/3.03M 78.5
HIPTrack(Cai & 2024) CVPR'24 0.589 0.718 0.712 120.4M/- 65.0
Pl’oCOntEXT(Lan% ,2023) ICASSP’23 0.584 0.712 0.708 92.6M/- 85.2
DCPT(Zhu% ,2024) ICRA'24 0.577 0.703 0.701 93.0M/3.03M 81.5
ARTrack(Wei A ,2023) CVPR’23 0.570 0.705 0.695 92.1M/- 42.0
OSTrack(Yeg‘fF ,2022) ECCV’'22 0.565 0.690 0.688 92.1M/- 105.1
UDAT-CAR(Ye%5,2022) CVPR'22 0.512 0.672 0.663 35.6M/- 45.0
TransffCAR(Wei 3 2024) Access'24 0.495 0.620 0.610 - -
ADTrack(Li% ,2021) ICRA'21 0.469 0.605 0.601 24.5M/- 80.1
SiamAPN++(Ca()/3§,202]) ICRA'21 0.337 0.428 0.421 28.0M/- 120.2

T« VKL 7 A A e DR, A ST o K58

Ground Truth ~ —— ProDAPT (Ours) H-DCPT ——

7 UAVDark135 ZHfa 2 nl AL L K
Figure7 Visual Comparison of UAVDark135 Dataset Tracking
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Figure8 Visual comparison of ProDAPT and state-of-the-art(SOTA ) trackers across three datasets
R4 TENAT2021-test HIEE LRSI R
Table4 Results of Ablation Experiments on the NAT2021-test Dataset
IRIES el ES " X
%5 i Al S SR HH I FPS
WS L (Success/AUC) (Precision) EAZEE R
A Baseline 0.539 0.702 92.63M 852
B A+CTCP 0.543 0.711 3.01M 79.5
C B+PSCA 0.550 0.721 6.51M 77.2
D C+EDGU 0.557 0.728 6.51M 76.8

YL ISR TN

F M AT 6. SIMBE( L 7. 03%) ., &
IRBBOR MG T DCPT(3. 03M) , H 33 3043 4 it =
FH T CTCP 5 He 76 1R J2 W 46 4 F5 18 X — ik, DA
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T DCPT L FE iy Aty i A S BN FRAE R BB o 5
B 4% R W, X 3. 48M Y A AN B R AR T
NAT2021 | AUC M 0. 526 % 0. 557 B9 B 3532 T+, 3IF
W T IZME R AE DR R i AR R R PR A TR B, S8 T A T
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R T 2 R R 2 AL RE T AR SRR T
N T B R] B 302 b s b AT I (4K 8 3 T
SFHER 30FPS) , H X BR AT 45 A TR SR IR B
FH 2 AE 1 2072 BN 4 3 0 e R R R B 1
FoRAE . IR TS B T SR A 3 T AR ) 2ok
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Ground Truth —— D_C+EDGU (ProDAPT)

C_B+PSCA B_A+CTCP — A_Baseline
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Figure9  Visualization of ablation experiments
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Table5 Comparison of parameter efficiency of different training strategies

ik e S A ] SR ZHh NAT2021 3% HEFLEE FPS
Baseline(Lan %, 2023) £l 92.63M 100% 0.539 85.2
DCPT(Zhu %% ,2024) PR 3.03M 3.03% 0.526 81.5
ProDAPT PR 6.51M 7.03% 0.550 76.8

T O AR R A
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