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Abstract. Infrared–visible video fusion aims to integrate complemen-
tary thermal and visual information to produce stable and informative
fused videos for real-world applications. While recent advances have
achieved remarkable progress in image-level fusion, extending these meth-
ods to dynamic video scenarios remains challenging. Existing video fu-
sion approaches typically adopt a ‘temporal-first’ processing strategy,
where temporal modeling is performed within each modality before cross-
modal fusion. However, such designs may become vulnerable to modality-
specific degradations, including low illumination in visible videos and
noise or flicker in infrared sequences, which often lead to unreliable
motion estimation and temporally inconsistent fusion results. To ad-
dress this limitation, we advocate a ‘fusion-first’ strategy and propose
DRT-VF, a unified degradation-robust and temporally consistent in-
frared–visible video fusion method built upon a one-step diffusion ar-
chitecture with a two-stage progressive training strategy. In Stage I, a
Modality-Collaborative Attention module integrates complementary in-
frared and visible cues to establish robust intra-frame fusion representa-
tions. In Stage II, temporal consistency is modeled through a hierarchical
design consisting of a Global Temporal Consistency module and a Local
Motion Compensation module, which jointly enhance global temporal
consistency and refine motion-sensitive regions. Extensive experiments
demonstrate that DRT-VF improves temporal stability while preserving
fine structural details.
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Fig. 1: Motivation and paradigm comparison. (a) Challenges. Modality-specific
degradations, such as occlusion in visible frames and flicker in infrared sequences, lead
to unreliable motion estimation and temporal artifacts, evidenced by inconsistent opti-
cal flow maps [45] in target regions. (b) Existing Paradigms. Image fusion methods
process frames independently and ignore temporal dependencies. Many existing video
fusion frameworks perform temporal modeling within each modality prior to fusion,
which may propagate errors when the input observations are degraded. (c) Proposed
Method. We instead perform cross-modal fusion before temporal refinement, estab-
lishing a more robust joint representation that facilitates stable temporal modeling.

1 Introduction

Infrared and visible modalities provide complementary cues for scene percep-
tion [30,82,86]. Visible cameras capture rich texture and color information under
favorable illumination, enabling detailed representation of scene structures and
appearance [59]. In contrast, infrared sensors are less sensitive to illumination
variations and remain effective in low-light or adverse conditions by highlighting
thermal targets and salient objects [31,81,87,89]. Consequently, infrared–visible
fusion has become a practical solution for various real-world applications, includ-
ing surveillance [32,38], autonomous driving, and nighttime monitoring [1, 13].

In recent years, infrared–visible image fusion has made significant progress.
Various learning-based methods have been proposed to improve cross-modal in-
formation integration [49, 69], evolving from early autoencoder [85] and CNN-
based frameworks [25] to recent generative and global modeling architectures [36,
38,83]. Although these methods substantially enhance spatial fusion quality, they
are mainly designed for static images. In practical scenarios, infrared and visible
sensors usually operate on continuous video streams [40,80,84]. Applying image
fusion models frame by frame ignores temporal dependencies and often causes
perceptual artifacts, such as temporal flicker and motion-related distortions, as
shown in Fig. 1 (a), (b).

To alleviate temporal inconsistency, several video fusion methods [66, 80]
introduce temporal modeling mechanisms, such as recurrent feature aggrega-
tion [44] or optical-flow-based alignment [45]. A common design in these ap-
proaches is to perform temporal modeling within each modality before cross-
modal fusion [11, 80, 84] (Fig. 1 (b)). Such strategies implicitly rely on motion
estimation derived from single-modality observations. However, in practical sce-
narios, the reliability of single-modality temporal estimation is often limited
(Fig. 1 (a)). Visible sequences may suffer from occlusion, low illumination, or
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motion blur, while infrared frames are frequently affected by sensor noise or
flickering artifacts. These modality-specific degradations can impair motion es-
timation accuracy [9], and the resulting errors may propagate to the subsequent
fusion stage, ultimately leading to temporally unstable fusion results [29,80].

Motivated by this observation, we rethink the conventional pipeline and ad-
vocate a “fusion-first” strategy. By integrating cross-modal complementarity be-
fore temporal restoration, the framework builds a robust joint representation
that provides reliable motion cues and reduces sensitivity to modality-specific
degradations, as shown in Fig. 1 (c).

Building on this insight, we propose DRT-VF (Degradation-Robust and Tem-
porally Consistent Video Fusion), a unified infrared–visible video fusion frame-
work based on a one-step diffusion architecture [4], implemented with rectified
flow [16,60] and trained using a two-stage progressive strategy. In Stage I, DRT-
VF constructs a robust intra-frame fusion-first representation by adaptively in-
tegrating infrared and visible features through the Modality-Collaborative At-
tention (MCA) module. This representation is further refined in the latent space
by a rectified-flow-based one-step diffusion backbone, which exploits diffusion
priors to recover high-fidelity details from degraded cross-modal inputs while
enabling efficient single-step inference. This stage provides a reliable foundation
for subsequent temporal modeling. In Stage II, DRT-VF improves temporal con-
sistency by separately modeling global and local temporal dynamics. Specifically,
the Global Temporal Consistency (GTC) module regularizes channel-wise fea-
ture statistics across adjacent frames to suppress large-scale photometric flicker
without explicit spatial alignment. Complementarily, the Local Motion Com-
pensation (LMC) module is introduced near the final decoder stage to correct
motion-induced geometric misalignment and boundary distortions at full spatial
resolution [72]. By combining global temporal regularization with local motion-
aware refinement, DRT-VF generates temporally stable fused videos [6] while
preserving fine spatial details. Our contributions are threefold:

– We propose DRT-VF, a unified one-step diffusion-based infrared–visible video
fusion framework that performs cross-modal fusion before temporal consis-
tency modeling, alleviating the impact of modality-specific degradations on
motion estimation and improving temporal robustness.

– We introduce a hierarchical temporal consistency strategy that decomposes
temporal stability into global and local levels, consisting of a global temporal
consistency module for suppressing flicker and a local motion compensation
module for preserving motion-consistent structural details.

– Extensive experiments validate the superiority of the proposed DRT-VF in
both spatial fidelity and temporal coherence across multiple benchmarks.

2 Related Work

2.1 Infrared and Visible Image Fusion

Infrared and visible image fusion aims to integrate thermal targets with rich
visual textures [64, 91] for enhanced scene perception. Early deep learning ap-
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proaches primarily adopted autoencoder [85] or CNN-based architectures [25] to
learn modality-specific representations and perform end-to-end fusion [68]. While
effective in local feature extraction, these methods are inherently limited in mod-
eling long-range dependencies and global contextual interactions [27,56]. To ad-
dress this issue, transformer-based frameworks leverage self-attention to capture
cross-modal interactions at a global scale [43, 52], whereas state-space models
such as Mamba provide a computationally efficient alternative for long-context
fusion [67]. Moreover, hybrid designs further combine convolutional inductive
biases with global modeling modules to balance structural integrity and texture
preservation [26,81,90]. More recently, generative modeling [14] has emerged as
a dominant paradigm. Specifically, diffusion-based methods [3,73] exploit strong
generative priors to align heterogeneous infrared and visible distributions [60],
demonstrating improved robustness and flexibility compared to deterministic fu-
sion models [20,33,71,83]. In addition, semantic-aware fusion strategies [19,28,46]
have also been incorporated as high-level guidance through text prompts or vi-
sion–language models, enabling controllable and semantically consistent fusion
results [34,37,58,69,74].

2.2 Infrared and Visible Video Fusion

To address the limitations of static models, infrared and visible video fusion
extends image-based techniques to dynamic scenarios by treating video streams
as unified spatio-temporal entities, aiming to preserve cross-modal complemen-
tarity while maintaining temporal consistency across frames [12, 15, 22]. Recent
research has actively explored dedicated spatio-temporal architectures to address
the challenges of video fusion. TemCOCO [13] introduces a visual-semantic col-
laboration mechanism, explicitly utilizing high-level semantic priors to simulta-
neously guide cross-modal feature aggregation and inter-frame temporal consis-
tency. To promote standardization in the field, UniVF [80] leverages temporal
contexts from adjacent frames to enhance the representation capability of the
current frame, while also proposing a comprehensive benchmark for systematic
evaluation. Furthermore, RCVS [66], VideoFusion [51], and MambaVF [84] fur-
ther investigate inter-frame temporal consistency in video fusion by employing
joint registration and spatio-temporal collaborative networks, respectively.

Despite their effectiveness, most methods rely on a ‘temporal-first’ paradigm,
assuming that single modalities can provide reliable motion cues. However, when
faced with modality-specific degradations [8,10] such as low illumination, single-
modality motion estimation often fails. These temporal errors inevitably propa-
gate to the final stage, leading to unstable fusion results.

3 Method

3.1 Preliminary

Latent Diffusion Model [47] typically reconstructs a clean latent code z0 from
Gaussian noise z1 ∼ N (0, I) through a stochastic, multi-step reverse process,
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which is computationally expensive for real-time video fusion tasks. To enable
efficient generation, we adopt Rectified Flow (RF) [42, 60], a flow-based gener-
ative framework that learns a deterministic transport trajectory between noise
and data distributions via an ordinary differential equation.

Given a clean latent representation z0 and a noise sample z1, the Rectified
Flow formulation defines a linear interpolation path:

zt = tz1 + (1− t)z0, t ∈ [0, 1]. (1)

The generative process is governed by an Ordinary Differential Equation
(ODE) dzt

dt = vθ(zt, t, c), where the network vθ is optimized to predict the target
velocity vector (z1 − z0) pointing from data to noise:

LRF = Ez0,z1,t

[
∥vθ(zt, t, c)− (z1 − z0)∥2

]
. (2)

By learning this straight-line trajectory, the model enables ultra-fast infer-
ence. During the testing phase, the clean latent representation can be determin-
istically generated in a single step using the Euler method:

ẑ0 = z1 − vθ(z1, t = 1, c). (3)

where c represents the cross-modal conditional features provided by our fusion
network. This one-step rectified-flow paradigm dramatically accelerates inference
while preserving strong generative priors necessary for robust image synthesis.

3.2 Framework Overview

Given a synchronized infrared–visible video sequence, DRT-VF aims to produce
a temporally stable and perceptually consistent fused video by progressively or-
ganizing cross-modal fusion and temporal consistency modeling within a unified
one-step diffusion framework. The overall design performs fusion before temporal
refinement. Stage I first constructs a degradation-robust intra-frame fusion rep-
resentation, which serves as a reliable spatial condition for the one-step diffusion
backbone. Stage II then builds upon this representation and introduces hierarchi-
cal temporal modeling to suppress global flicker and correct local motion-induced
inconsistencies. In this way, the two stages form a coherent progressive pipeline:
robust cross-modal representation learning provides the foundation for stable
temporal refinement.
Stage I: Intra-frame Cross-modal Integration. In the first stage, DRT-
VF focuses on constructing a robust fusion-first representation for each frame
before temporal modeling. Infrared and visible features are adaptively integrated
through the Modality-Collaborative Attention (MCA) module, and the resulting
representation is further refined in the latent space by a rectified-flow-based
one-step diffusion backbone. This stage exploits diffusion priors to recover high-
fidelity details from degraded cross-modal inputs while enabling efficient single-
step inference, thereby providing a reliable spatial foundation for subsequent
temporal consistency modeling.
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Fig. 2: Overview of proposed DRT-VF framework. Stage I focuses on establishing a
robust spatial representation in image stream. Modality-specific features are integrated
by MCA module to form a unified semantic anchor, which a one-step DiT further
refines. Stage II ensures inter-frame consistency via a GTC module for global flicker
suppression and an LMC module for local motion restoration.

Specifically, we first adopt a pre-trained variational autoencoder (VAE) [60]
to encode visible images into a compact latent representation, which preserves
rich structural and textural cues. In parallel, a lightweight and trainable in-
frared adapter [65] is employed to extract modality-aware features from infrared
images, enabling flexible adaptation to thermal characteristics and noise pat-
terns [63]. These two modality-specific representations are subsequently fed into
a Modality-Collaborative Attention (MCA) module, which dynamically inte-
grates thermal saliency from the infrared modality with fine-grained structural
details from the visible modality.

Further, the unified intra-frame representation is passed to a one-step Dif-
fusion Transformer (DiT), which serves as a generative refinement backbone.
Building upon the efficient rectified flow paradigm [60], the DiT leverages strong
generative priors [55]. It directly maps the fused representations to a high-fidelity
latent manifold [17] in a single step. The refined latent is then decoded by a pre-
trained VAE decoder [60] to produce the final image-level fusion result.

Stage II: Inter-frame Temporal Consistency Modeling. Building upon
the degradation-robust fusion representation established in Stage I, Stage II in-
troduces hierarchical temporal consistency modeling to stabilize the fused video
across frames [53]. Specifically, DRT-VF decomposes temporal consistency into
two complementary levels: global response stabilization and local motion-aware
refinement. First, prior to the diffusion conditioning, a Global Temporal Con-
sistency (GTC) module operates directly on the unified latent representations
produced by the MCA module. Working in this low-resolution latent space, GTC
regularizes channel-wise feature statistics to suppress global photometric fluctu-
ations, without requiring explicit spatial alignment across frames while avoiding
interference with high-frequency structural details [76].

Subsequently, to handle motion-induced local inconsistencies, a Local Motion
Compensation (LMC) module is embedded immediately before the decoder’s
final layer. Operating at full spatial resolution, LMC focuses on correcting ge-
ometric misalignment and boundary distortion in dynamic regions through a
dual-branch structure. By combining global latent regularization with local high-
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resolution refinement, the proposed design maintains stable temporal behavior
while preserving fine spatial details.

3.3 Modality-Collaborative Attention Module

The Modality-Collaborative Attention (MCA) module is designed to effectively
preserve and integrate complementary information from the infrared and visible
modalities while suppressing modality-specific degradations. Rather than en-
forcing early alignment or hard fusion, the MCA module adopts a query-driven
cross-attention mechanism [24] to enable flexible, content-adaptive interactions
between the two visual streams.

Let Fv and Fi denote the latent features extracted from the visible and in-
frared images, respectively. To construct a shared fusion context, these two fea-
tures are first concatenated along the channel dimension and projected through
a convolutional layer to obtain a unified query representation Q.

Instead of directly merging the features, the MCA module utilizes Q as
a shared semantic anchor to selectively attend to each modality [54]. Specifi-
cally, the visible and infrared features are independently projected to generate
modality-specific key (K) and value (V):

(Kv,Vv) = ϕv(Fv), (Ki,Vi) = ϕi(Fi), (4)

where ϕv(·) and ϕi(·) denote learnable linear projection operators.
Cross-attention is then performed independently for each modality to aggre-

gate context-aware features:

Av = Softmax

(
QKv⊤
√
d

)
Vv, Ai = Softmax

(
QKi⊤
√
d

)
Vi. (5)

Finally, each attended output is processed by a Feed-Forward Network (FFN) [18]
before being aggregated to form the unified intra-frame representation:

Ffuse = FFN(Av) + FFN(Ai). (6)

3.4 Global Temporal Consistency Module

Temporal flicker in multi-modal video fusion typically appears as abrupt frame-
wise response fluctuations, often caused by inconsistent global activation statis-
tics across adjacent frames, leading to perceptible brightness or contrast oscil-
lations. To address this, we introduce a Global Temporal Consistency (GTC)
module, which operates in the global semantic space to enforce channel-wise
temporal stability without altering spatial structures.

Given fused features from three consecutive frames, {Ft−1,Ft,Ft+1} ∈ Rc×h×w,
we first compress the spatial dimension via global average pooling (GAP):

ui = GAP(Fi), i ∈ {t− 1, t, t+ 1}, (7)
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where ui ∈ Rc captures channel-wise global responses.
To explicitly guide the model toward capturing frame-wise global instability,

we introduce a deviation residual δt = ut− ut−1+ut+1

2 , which serves as an explicit
indicator of abnormal response variations associated with temporal flicker.

We therefore construct a unified temporal descriptor by concatenating the
pooled statistics and the deviation term, which is then passed through a lightweight
multi-layer perceptron (MLP) followed by a sigmoid activation to produce channel-
wise modulation weights, wt = σ

(
MLP([ut−1,ut,ut+1, δt])

)
, where wt ∈ Rc.

Finally, the modulation is applied to the current-frame features Ft in a resid-
ual manner to preserve the underlying latent manifold necessary for the sub-
sequent generative diffusion process, Fout

t = Ft + Ft ⊙ wt, where ⊙ denotes
channel-wise multiplication.

3.5 Local Motion Compensation Module

Although the preceding global temporal stabilization alleviates large-scale re-
sponse fluctuations, it operates on low-resolution latent semantic statistics and
is therefore insufficient to capture fine-grained temporal variations induced by
object motion. To further enhance temporal consistency at the local scale, we
propose the Local Motion Compensation (LMC) module, which operates at full
resolution for performing fine-grained geometric alignment and enhancing tem-
poral consistency through a decoupled dual-branch architecture.

Let {Dt−1,Dt,Dt+1} ∈ RC×H×W denote the three consecutive feature repre-
sentations before the final decoder layer. To establish pixel-wise correspondence
across the temporal dimension, we first employ DCN layers [88] with offset lay-
ers [13] to align the neighboring features toward the reference frame Dt.

D̂k = DCN(Dk,Dt), k ∈ {t− 1, t+ 1} (8)

where D̂k represents the spatially aligned features. However, directly aggregating
these aligned features often introduces interpolation blur and ghosting artifacts,
especially in dynamic regions where motion estimation is unreliable. To address
this limitation, we propose a decoupled fusion architecture comprising a Context
Aggregation branch and a Boundary Refinement branch. The outputs of the two
branches are finally summed to obtain the locally compensated feature, jointly
improving temporal coherence and motion-boundary preservation.
Context Aggregation Branch. This branch is designed to aggregate spatio-
temporal [39] semantic contexts while filtering out misaligned pixels. We com-
pute the Mutual Self-Attention (MutualSA) [2,57] between the center frame and
the aligned temporal neighbors. By treating Dt as the Query and the aligned fea-
tures D̂k as Keys and Values, the module adaptively aggregates complementary
temporal information [70]:

DMSA
t = MutualSA(Dt, D̂t−1) + MutualSA(Dt, D̂t+1) (9)

where MutualSA(·) facilitates cross-frame interaction to reinforce the temporal
consistency of local textures and dynamic details. The output of the Context
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Aggregation branch is obtained by:

DCA
t = Dt + Conv(DMSA

t ) (10)

Boundary Refinement Branch. In parallel, the Boundary Refinement branch
is designed to compensate for motion-related structural degradation by explicitly
modeling discrepancies in the gradient domain. We compute the spatial gradient
∇(·) to capture high-frequency contours [7, 62]. The temporal gradient residual
is formulated as the absolute difference:

Gt = |∇D̂t−1 −∇Dt|+ |∇D̂t+1 −∇Dt|. (11)

By computing the absolute gradient difference, Gt isolates high-frequency
moving contours and alignment errors from the static background. It is then fed
into a Residual Block (ResBlock) to produce a boundary calibration term, and
the branch output is obtained through a residual connection:

DBR = Dt + ResBlock(Gt) (12)

This explicit boundary modeling restores sharp edges and suppresses motion-
induced blurring artifacts without amplifying noise in static regions [77,78].

4 Experiments

In this section, we conduct comprehensive experiments to evaluate the effec-
tiveness of the proposed DRT-VF framework. We first detail the experimental
settings, followed by quantitative and qualitative comparisons against state-of-
the-art methods. Subsequently, we analyze the temporal consistency and abla-
tion studies to validate our design choices. Finally, we demonstrate the practical
utility of our method in downstream object tracking tasks.

4.1 Experimental Setup

Datasets and Metrics. We evaluate DRT-VF on four benchmark datasets
for infrared–visible video fusion: HDO [66], M3SVD [51], NOT-156 [48], and
the VTMOT subset processed by VFBench [80]. For clarity, VTMOT in our
experiments denotes the VFBench-processed VTMOT subset rather than the
raw VTMOT dataset. We select 17 videos from each dataset for testing and
use the remaining videos for training. Each sequence contains approximately
100–1000 frames. Considering the computational cost of long-video evaluation,
we use the first 50 frames of each test sequence for fair and consistent comparison.

These datasets cover diverse environments and motion dynamics, with several
of them naturally exhibiting these degradation factors. Specifically, NOT-156
provides nighttime scenes with low-light visible frames, HDO contains signifi-
cant infrared flicker, and VTMOT includes fast-motion blur, corresponding to
low illumination, flicker, and motion blur, respectively. For fusion quality assess-
ment, we adopt Mutual Information (MI), Visual Information Fidelity (VIF),
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Fig. 3: Qualitative comparisons between our method and existing fusion approaches
on four datasets: HDO, M3SVD, NOT-156, and VTMOT.

and Structural Similarity (SSIM). For temporal stability evaluation, we use Bi-
directional Short-term Weighted Error (BiSWE) and Mean Squared Sum of Re-
ciprocal Flow (MS2R), where lower values indicate better temporal coherence.
Implementation Details. The proposed framework is trained in a two-stage
manner. In Stage I, the model is trained for 100 epochs with a batch size of 8.
In Stage II, we train for 100 epochs with a batch size of 1. The optimization
is performed using the AdamW optimizer with a learning rate of 1 × 10−4. All
experiments are conducted on a single NVIDIA GeForce RTX 5090 GPU.

For the training objectives, we follow commonly adopted optimization strate-
gies in infrared-visible fusion. In Stage I, the model is trained with a fusion-
oriented objective following [69], which encourages the fused results to preserve
complementary intensity, structural, gradient, and color information from the
source modalities. In Stage II, we retain the same fusion objective and further
incorporate a temporal consistency regularization term following [13] to encour-
age coherent inter-frame variations in the fused video.

4.2 Comparison with State-of-the-Art Methods

We compare our method with 12 SOTA fusion approaches, including image-
based methods, i.e., CDDFuse [81], DCEVO [38], DDFM [83], GIFNet [5], LR-
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Table 1: Quantitative comparison of fusion quality on four datasets.

Method HDO M3SVD NOT-156 VTMOT

MI↑ VIF↑ SSIM↑ MI↑ VIF↑ SSIM↑ MI↑ VIF↑ SSIM↑ MI↑ VIF↑ SSIM↑

CDDFuse [81] 2.976 0.743 0.670 3.246 0.926 0.688 4.342 0.893 0.610 3.207 0.901 0.612
DCEVO [38] 3.409 0.781 0.671 3.421 0.931 0.691 4.219 0.884 0.641 3.822 0.953 0.654
DDFM [83] 2.783 0.695 0.694 2.612 0.826 0.722 3.479 0.791 0.640 2.822 0.778 0.648
GIFNet [5] 2.298 0.590 0.624 2.185 0.684 0.634 2.736 0.598 0.625 2.493 0.758 0.572
LRRNet [26] 2.561 0.548 0.616 2.168 0.589 0.623 3.646 0.490 0.550 2.598 0.622 0.561
Mask-Dif [50] 2.431 0.703 0.563 2.317 0.830 0.577 2.590 0.820 0.460 2.588 0.962 0.514
MetaFusion [79] 1.935 0.652 0.521 2.066 0.757 0.537 2.318 0.738 0.554 2.594 0.965 0.517
PromptF. [37] 2.778 0.713 0.665 3.046 0.895 0.689 3.647 0.830 0.586 4.172 0.970 0.654
SAGE [61] 2.599 0.621 0.649 2.485 0.681 0.666 3.763 0.798 0.640 2.699 0.745 0.607
TIMFusion [41] 3.418 0.653 0.628 3.186 0.780 0.673 3.720 0.688 0.622 3.349 0.675 0.569
TemCOCO [13] 3.250 0.647 0.568 2.218 0.466 0.441 3.713 0.703 0.605 2.814 0.712 0.615
UniVF [80] 3.483 0.806 0.671 3.366 0.931 0.688 4.410 0.926 0.628 4.212 0.977 0.656
Ours 3.521 0.792 0.680 3.373 0.934 0.712 4.449 0.934 0.642 4.232 0.981 0.662

RNet [26], Mask-Dif [50], MetaFusion [79], PromptFusion [37], SAGE [61], and
TIMFusion [41], and video-based methods, i.e., TemCOCO [13] and UniVF [80].
Quantitative Results. As shown in Table 1, DRT-VF achieves superior per-
formance across all benchmarks, consistently ranking within the top two in MI,
VIF, and SSIM on all datasets. This demonstrates its strong ability to preserve
mutual information and structural details from source scenes. For temporal sta-
bility, DRT-VF obtains the best BiSWE and MS2R scores on HDO, M3SVD,
and NOT-156. On VTMOT, it achieves the best MS2R and remains competitive
in BiSWE, indicating strong temporal coherence under fast-motion scenarios.
Qualitative Results. As illustrated in Fig. 3, DRT-VF exhibits superior spatial
restoration fidelity, effectively mitigating ghosting and blurring artifacts observed
in competing methods. As shown in the zoomed-in patches, our method preserves
sharp thermal object boundaries, such as pedestrians in M3SVD and VTMOT,
while retaining fine visible-background textures. This balance produces fused
images that are more natural and informative.

To evaluate temporal stability, Fig. 4 (a) presents temporal profiles following
the protocol of [51]. Compared with image-level fusion schemes that suffer from
noticeable flicker, particularly Mask-Dif, our method maintains stronger cross-
frame continuity. This is further supported by the inter-frame difference maps
in Fig. 4 (b). Unlike existing approaches with scattered noise and background
fluctuations, DRT-VF yields cleaner background responses and more coherent
motion trajectories, confirming its effectiveness in reducing temporal artifacts.

4.3 Ablation Studies

To thoroughly investigate the contribution of our proposed modules and validate
the network design, we conduct comprehensive ablation studies on the M3SVD
and NOT-156 datasets. The experiments are evaluated from four perspectives:
‘fusion-first’ architectural paradigm, intra-frame spatial integration, inter-frame
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Table 2: Quantitative comparison of temporal consistency on four datasets.

Method HDO M3SVD NOT-156 VTMOT

BiSWE ↓ MS2R ↓ BiSWE ↓ MS2R ↓ BiSWE ↓ MS2R ↓ BiSWE ↓ MS2R ↓

CDDFuse [81] 7.398 0.220 8.882 0.238 9.983 0.588 6.358 0.374
DCEVO [38] 6.335 0.223 7.395 0.227 8.579 0.577 4.848 0.345
DDFM [83] 6.544 0.232 6.676 0.228 7.992 0.621 5.221 0.367
GIFNet [5] 7.257 0.220 7.657 0.235 10.239 0.600 5.447 0.347
LRRNet [26] 6.352 0.238 7.201 0.310 8.831 0.616 5.494 0.339
Mask-Dif [50] 8.203 0.211 9.877 0.228 10.300 0.611 6.089 0.343
MetaFusion [79] 12.259 0.224 12.556 0.251 15.597 0.609 8.327 0.421
PromptF. [37] 6.333 0.219 8.366 0.233 8.348 0.595 6.276 0.352
SAGE [61] 8.680 0.219 7.207 0.229 8.548 0.626 4.871 0.335
TIMFusion [41] 6.565 0.214 6.926 0.232 7.618 0.589 6.370 0.334
TemCOCO [13] 6.414 0.213 6.488 0.258 8.122 0.826 4.593 0.382
UniVF [80] 6.378 0.227 7.316 0.222 8.551 0.591 4.690 0.338

Ours 6.232 0.210 6.479 0.222 7.542 0.574 4.822 0.332
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Fig. 4: Temporal consistency analysis. (a) Visual comparison via temporal profiles
along the designated yellow scan lines. (b) Visualization of frame-wise differences.

temporal consistency, and the detailed design of the local motion compensation
module. The results are shown in Table 3 and visualized in Fig. 5.
Effectiveness of the architectural paradigm. We first evaluate the ‘fusion-
first’ strategy against a ‘temporal-first’ variant. In this variant, we keep the
network components and training settings unchanged, but move temporal mod-
eling before cross-modal fusion. Specifically, the temporal modules are applied
independently to the infrared and visible feature streams, and the temporally
processed modality-specific features are then fed into the MCA module and
the one-step diffusion backbone for fusion. As shown in Table 3, performing
temporal modeling on degraded single-modality inputs severely disrupts motion
estimation, leading to significant drops in all metrics. Removing the entire Stage
II (w/o Stage II) achieves high spatial scores, as enforcing temporal consistency
inevitably entails a minor compromise in single-frame clarity. However, this vari-
ant completely fails to suppress flicker, resulting in the worst BiSWE and MS2R
values. This confirms that explicit temporal modeling is indispensable.
Effectiveness of the components in Stage I. We analyze the components of
Stage I by replacing the MCA module with simple concatenation (w/o MCA) and
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Table 3: Ablation study on M3SVD and NOT-156 datasets. Bold and underline
indicate best and second-best results, respectively.

Variant M3SVD NOT-156

MI↑ VIF↑ SSIM↑ BiSWE↓ MS2R↓ MI↑ VIF↑ SSIM↑ BiSWE↓ MS2R↓

Temporal-First 3.152 0.883 0.651 7.854 0.283 4.125 0.852 0.594 8.956 0.652
w/o Stage II 3.392 0.941 0.724 8.542 0.312 4.466 0.939 0.653 9.684 0.725

w/o MCA 3.214 0.892 0.686 6.551 0.237 4.253 0.887 0.616 7.625 0.591
w/o DiT 3.187 0.865 0.672 6.613 0.241 4.204 0.862 0.608 7.702 0.607

w/o GTC 3.361 0.925 0.706 8.216 0.228 4.432 0.921 0.636 9.458 0.582
w/o LMC 3.315 0.896 0.682 6.582 0.296 4.385 0.886 0.612 7.683 0.694

w/o DCN 3.332 0.907 0.693 6.514 0.286 4.406 0.902 0.622 7.605 0.685
w/o CA 3.295 0.912 0.688 6.492 0.232 4.367 0.914 0.627 7.564 0.595
w/o BR 3.344 0.916 0.698 6.486 0.246 4.415 0.911 0.631 7.552 0.612

Ours 3.373 0.934 0.712 6.479 0.222 4.449 0.934 0.642 7.542 0.574

bypassing the diffusion backbone (w/o DiT). We find that the absence of MCA
leads to a drop in MI and SSIM, indicating that our query-driven mechanism
is more effective at integrating multimodal information and preserving thermal
saliency. Similarly, removing the DiT refinement reduces structural fidelity, which
proves that the one-step diffusion backbone is crucial for recovering high-fidelity
details and stabilizing the generative manifold.
Effectiveness of the components in Stage II. We further investigate Stage
II, which targets temporal stability at both global and local levels. We observe
that discarding the GTC module (w/o GTC) results in perceptible brightness
oscillations across frames, evidenced by the increased BiSWE in Table 3 and
discontinuous trajectories in Fig. 5. On the other hand, removing the LMC
module (w/o LMC) primarily impacts local motion dynamics, causing severe
interpolation blur and ghosting artifacts in regions with moving objects.

Temporal-First
Tem

poral

Infrared frames

Tem
poral

Visible frames

w/o Stage II

w/o MCA

w/o DiT

w/o GTC

w/o LMC

w/o DCN

w/o CA

w/o BR

Ours

Fig. 5: Ablation study on temporal consistency. Temporal profiles along yellow scan-
lines highlight contribution of each module to achieving smooth cross-frame transitions.

Detailed design of local motion compensation. To further dissect the LMC
module, we study its internal dual-branch design and alignment mechanism. As
shown in Fig. 5 and Table 3, removing the DCN alignment process and directly
aggregating neighboring features (denoted as w/o DCN) leads to visible ghosting
artifacts and a sharp increase in MS2R (from 0.574 to 0.685 on NOT-156). This
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Table 4: Quantitative comparison of
object tracking performance.

Method AUC ↑ DP@20 ↑ SR@0.5 ↑ SR@0.75 ↑

CDDFuse [81] 0.220 0.209 0.208 0.084
DCEVO [38] 0.221 0.211 0.189 0.082
DDFM [83] 0.240 0.215 0.221 0.090
GIFNet [5] 0.224 0.225 0.216 0.089
LRRNet [26] 0.223 0.231 0.217 0.108
Mask-Dif [50] 0.206 0.203 0.197 0.100
MetaFusion [79] 0.231 0.228 0.205 0.099
PromptF. [37] 0.197 0.186 0.177 0.081
SAGE [61] 0.216 0.200 0.205 0.088
TIMFusion [41] 0.195 0.166 0.182 0.095
TemCOCO [13] 0.185 0.187 0.150 0.077
UniVF [80] 0.212 0.217 0.196 0.071

Ours 0.244 0.236 0.248 0.116
Ours

TemCOCO

SAGE

UniVF

TIMFusion 

CDDFuse

Fig. 6: Visual comparison of object tracking.

highlights the critical role of the DCN alignment process in establishing accurate
pixel-wise correspondence.

W/o Context Aggregation Branch (CAB): Discarding the MutualSA mech-
anism weakens the aggregation of spatiotemporal contexts, leading to lower MI,
VIF, and SSIM. This proves that CAB effectively leverages neighboring infor-
mation to enhance the consistency and richness of local textures.

W/o Boundary Refinement Branch: Removing the gradient-based branch
produces structurally aligned but blurry motion boundaries. This observation
validates that explicit gradient-domain calibration is uniquely effective in restor-
ing sharp, high-frequency contours and eliminating motion-induced artifacts in
dynamic regions.

4.4 Downstream Application

To assess the practical utility of our fused videos for machine vision [35], we
conduct object tracking benchmarks on the NOT-156 dataset. We employ a
zero-shot configuration using ByteTrack [75] paired with a frozen, pre-trained
YOLOv11n [21] detector. Quantitative evaluation is performed using three stan-
dard metrics: Area Under the Curve (AUC), Distance Precision (DP), and Suc-
cess Rate (SR) [23].

As reported in Table 4, DRT-VF outperforms all baselines across all tracking
metrics, indicating that our method provides superior structural clarity for ac-
curate localization. Fig. 6 illustrates a representative challenging case where the
target blends into the surroundings. Unlike existing methods that exhibit inter-
mittent tracking failures, our approach maintains a stable trajectory and higher
prediction confidence. This confirms that the joint-modality representations es-
tablished by DRT-VF effectively emphasize target-background contrast, thereby
offering a more discriminative representation for real-world applications.
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5 Conclusion

In this paper, we presented DRT-VF, a unified framework for infrared–visible
video fusion built upon a one-step diffusion architecture with a progressive two-
stage training strategy. The proposed approach first establishes robust cross-
modal representations through modality-collaborative fusion, and then explicitly
models temporal consistency across frames. To achieve stable temporal behavior,
we introduced a hierarchical temporal consistency design that combines global
response regularization with local motion-aware refinement. This strategy ef-
fectively suppresses temporal flicker while preserving detailed spatial structures
in dynamic scenes. Extensive experiments demonstrate that DRT-VF produces
temporally stable and perceptually coherent fusion videos under challenging con-
ditions, outperforming existing methods across multiple evaluation metrics.
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