This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for thiswatermark, it isidentical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

Streaming Diffusion Model for Fast Infrared and Visible Video Fusion

Jinyuan Liu', Ludan Sun',

Zhiying Jiang?,

Tengyu Ma',
Long Ma',

Chunyan Yang!,

Risheng Liu!, Xin Fan'*

! School of Software Technology & DUT-RU International School of ISE, Dalian University of Technology

2 College of Information Science and Technology, Dalian Maritime University

atlantis918Q@hotmail.com xin.fan@dlut.edu.cn

Abstract

Infrared and visible video fusion is pivotal for robust per-
ceptual systems, aiming to synthesize a comprehensive
video stream that leverages both thermal resilience and tex-
tured details. However, prevailing methods, by treating
videos as sequences of independent frames, inherently in-
troduce temporal incoherence, such as flickering and ghost-
ing artifacts. While diffusion models possess strong gen-
erative priors to remedy this, their iterative nature is pro-
hibitively slow for video. To resolve this fundamental
dilemma, we propose a streaming diffusion model for ef-
ficient infrared and visible video fusion, termed SDMFu-
sion. Qur key insight is to exploit the generative prior
of a pre-trained diffusion model into a one-step sampling
framework, while explicitly modeling temporal dynamics.
We design a memory-augmented latent pipeline where a
temporal aggregation adapter aligns and propagates cross-
frame features to ensure coherence, supported by a ded-
icated temporal consistency loss. This approach effec-
tively decouples the challenge of achieving high fidelity
from maintaining temporal stability. Extensive experiments
on four benchmarks demonstrate that our method estab-
lishes a new state-of-the-art, generating fused videos with
exceptional spatio-temporal consistency at a speed suit-
able for real-time application. The code is available at
https://github.com/DandanYoung/SDMFusion.

1. Introduction

The pursuit of robust perceptual systems capable of oper-
ating under all environmental conditions has positioned in-
frared and visible video fusion as a cornerstone technology
[1]. This process aims to synthesize a composite video
stream that transcends the limitations of any single one
[2, 3]. The thermal radiation information from infrared data,
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Figure 1. Left: Challenges of infrared and visible video fusion:
afflicted with motion artifacts and burden of high latency. Right:
Our method, SDMFusion, produces consistent backgrounds and
coherent object motion with high efficiency.

which is invariant to lighting variations and poor visibility,
with the rich textual details and high spatial resolution in-
herent to the visible spectrum [4, 5]. The resulting fused
video provides a more comprehensive and reliable repre-
sentation of the scene, which is indispensable for a wide
array of critical applications, including 24/7 surveillance,
all-weather autonomous driving, and nighttime reconnais-
sance, to name a few [6, 7].

Driven by these compelling needs, the field has wit-
nessed significant advancements, which can be broadly
categorized into two waves of development. The first
and more mature wave focuses on image-level fusion,
where a plethora of deep learning-based methods have
been proposed to generate a single, high-quality fused im-
age from a pair of infrared and visible images [8, 9, 10].
@ However, these approaches predominantly treat video
sequences as collections of independent frames, apply-
ing fusion in a simplistic frame-by-frame manner. This
paradigm critically overlooks the temporal dynamics and
inter-frame dependencies inherent in video data. Conse-
quently, the fused video sequences often exhibit visually
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disturbing temporal flickering and object drift, which may
introduce instability for downstream video tasks like track-
ing and behavior recognition.

Acknowledging this gap, a second, nascent wave of
research has begun to explore video fusion techniques
[11, 12]. These pioneering works represent a step in
the right direction by attempting to incorporate tempo-
ral information. 9 Yet, they often rely on simplistic
mechanisms such as temporal averaging or basic recurrent
units, which are insufficient for capturing the complex,
non-linear motion patterns and long-range dependen-
cies present in real-world videos.  Frequently, these
methods result in over-smoothed outputs, blurred motion
trails, or residual artifacts around moving objects, achieving
limited success in ensuring genuine temporal coherence.

Concurrently, the field of generative models has been
revolutionized by the advent of Diffusion Models (DMs),
which have set new standards for image generation fi-
delity due to their powerful ability to model com-
plex data distributions [13, 14]. This presents a tan-
talizing opportunity for the fusion community. €
However, the iterative denoising process that underpins
DMs incurs substantial computational overhead, rendering
them prohibitively slow for processing video sequences,
which comprise dozens or hundreds of frames. While re-
cent one-step distillation techniques have emerged to dra-
matically accelerate sampling for images, they are inher-
ently temporally-naive [15]. Therefore, a direct application
would merely produce a sequence of high-quality but tem-
porally inconsistent fused images, failing to solve the core
challenge of video fusion.

To meet real-time requirements while fully exploiting
the temporal coherence of video sequences, we propose a
streaming diffusion model for fast infrared—visible video
fusion. Specifically, a dual-branch encoder first extracts
cross-modal features and compresses them into a latent
space to curb computational burden. To capitalize on
generative priors, a streaming diffusion model (SDM) with
one-step sampling is introduced, which requires the current
frame and a compact memory unit, thereby reducing la-
tency. In the SDM, the denoising U-Net is frozen during
training to preserve its generative capability learned from
large-scale data, and a temporal aggregation adapter is in-
serted after the U-Net decoder layers to aggregate cross-
frame features and update the memory. The refined fea-
tures are then restored to the original resolution and recon-
structed into fused frames by the decoder. In addition, we
introduce a temporal consistency loss that constrains the
stability of temporal feature propagation during train-
ing. Extensive experiments demonstrate the effectiveness
of SDMFusion and its promise for real-world deployment.
The contributions of this work are summarized below.

* We propose a streaming diffusion model that captures dy-

namic temporal dependencies across video sequences, ex-
plicitly models cross-frame relations, and generates tem-
porally coherent videos.

* We align adjacent-frame features via optical flow and ag-
gregate them along the temporal axis, while a temporal-
consistency loss reduces flicker and drift to improve
cross-frame coherence.

* We design a cross-frame feature aggregation adapter
within the one-step diffusion model to refine temporal
features and reduce motion-induced artifacts.

» Extensive experiments on multiple datasets demonstrate
that the method stably produces fused videos with con-
sistent backgrounds and coherent object motion.

2. Related work

2.1. Frame-by-frame image fusion

With the rapid advance of deep learning, infrared and vis-
ible image fusion methods built on continuously evolv-
ing neural network architectures also achieve substantial
progress [16, 17]. Among them, autoencoder-based ap-
proaches [18, 19] employ pre-trained encoders to map mul-
timodal inputs to latent codes and merge these representa-
tions through hand-crafted fusion rules. To overcome the
limited representational capacity of autoencoders, convolu-
tional neural networks [5, 20, 21] and transformers [22, 23]
are adopted due to their strong local and global model-
ing abilities, which improve fusion performance but depend
heavily on loss design. Subsequently, generative adversar-
ial networks [24, 25] learn the data distribution of the fusion
results through adversarial optimization between a genera-
tor and a discriminator, but the gradients provided by the
discriminator can be unstable and prone to degradation, re-
ducing training controllability. In contrast, diffusion models
approximate the data distribution through conditional de-
noising in a step-by-step manner and provide dense and sta-
ble training signals [26, 27], but the absence of reference
images limits their application in IVIF. Regarding this is-
sue, Zhao et al. [10] formulate multi-modal fusion as con-
ditional generation under a DDPM framework, leveraging
its generative prior without requiring training, at the cost of
high inference overhead due to the multi-step denoising pro-
cess. Yi et al. [28] integrate the results of existing fusion
methods as prior knowledge to generate pseudo-labels for
training, which avoids the instability of adversarial learning
but limits performance due to reliance on the prior.

2.2. Video restoration

Although frame-by-frame methods perform well on static
frames, they ignore crucial temporal dependencies across
video sequences [11]. In adjacent frames, the background
is highly similar, and objects exhibit continuous motion in a
specific direction [29]. Hence, fully exploiting inter-frame
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Figure 2. Overall pipeline of the proposed SDMFusion. Stage I trains the image-level fusion backbone, while Stage II introduces the
streaming diffusion model with memory update temporal aggregation adapter to produce temporally coherent fused videos efficiently.

features is crucial to compensate for occlusion and restore
degraded information [30]. By leveraging feature similarity
between adjacent frames, MIA-VSR [31] selects enhanced
features from the previous frame for interaction with the
current frame, thereby propagating effective information
over time. STCNet [32] introduces event streams as tem-
poral motion cues and achieves video deblurring through
cross-modal spatial fusion and temporal collaboration. Re-
cent studies, such as RCVS [11], show that temporal cues
are crucial in infrared—visible scenarios and mitigate flicker
artifacts caused by per-frame processing. TemCoCo [12]
integrates visual-semantic collaboration with explicit tem-
poral modeling within a video fusion network, achieving
temporal coherence in the fused videos. UniVF [1] per-
forms explicit temporal modeling by aggregating informa-
tion from adjacent frames through multi-frame learning and
optical flow-based feature warping, but repeated process-
ing of multiple frames leads to low feature utilization and
increased computational cost. To this end, we propose a
streaming framework based on a one-step diffusion model
that directly produces the current fused frame during infer-
ence without requiring the entire sequence as input.

3. Motivation

Static frame-based fusion frameworks have been exten-
sively studied [33, 34], but their direct application to video
fusion faces several bottlenecks. First, processing frames
independently ignores cross-temporal dependencies and
fails to address flicker and artifacts caused by object mo-
tion [11]. Multi-frame input schemes can compensate in-
formation via feature reuse, but naive temporal stacking in-
creases computational cost during training and latency at in-
ference [1, 12]. Meanwhile, diffusion models have demon-
strated strong generative priors for detail restoration, yet
standard multi-step diffusion remains computationally ex-
pensive, unstable when directly adapted to video fusion, and

lacks designs tailored to cross-modal constraints and tem-
poral structure [10, 13]. To address these issues, we propose
a streaming diffusion-based video fusion framework that
leverages generative priors and inter-frame feature propa-
gation, supervised by a temporal consistency constraint, to
mitigate flicker and motion-induced artifacts, while a one-
step sampling strategy substantially reduces the inherent
computational overhead of diffusion models.

4. Methodology

This section elaborates how the proposed SDMFusion mod-
els inter-frame temporal correlations to compensate for in-
formation loss and artifacts caused by object motion, and
employs a streaming framework to generate coherent videos
in a fast and stable manner. Given an aligned infrared and
visible video pair {(I,V¢)}i_;, L,V € RV our
goal is to generate a fused sequence {Yt}zzl, Y, €
R¥XY  Instead of directly training a heavy video diffu-
sion model, we adopt a two-stage design. Stage I learns
a cross-modal encoder—decoder on static infrared and visi-
ble image pairs. Stage II freezes this backbone and intro-
duces a streaming diffusion model with flow-guided fea-
ture propagation to refine latent representations over time.
This decoupling stabilizes training, exploits strong image-
level priors, and yields efficient and fast video fusion.
Our framework is inspired by recent one-step latent diffu-
sion paradigms that distill multi-step diffusion into a single
residual prediction while preserving generative priors.

4.1. Preliminaries

Stable Diffusion (SD) operates in a VAE V latent space and
learns to invert a fixed Gaussian noising process, which pro-
vides strong priors for preserving global fidelity and restor-
ing fine textures. Let zg € R*#*¥ denote a clean la-
tent. The forward diffusion corrupts zg as q(zy | zo) =
NM(Vax 2o, (1 — a)I) with &, = [[2_, as. In the reverse
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process, the denoiser €y yields the standard reverse mean
update through the following formula:

1
M9(2t7t70) = \/?(Zt - \}%EO(ZMEC)} (1)
t

and the reverse transition is modeled as:
p@(ztfl | Zt7c) :N(/JO(Ztvtac)a 031)7 (2)

where oy is determined by the chosen sampler. Conven-
tional diffusion samplers such as DDPM and DDIM, gener-
ate a sample by iterating over T steps from z7 ~ A (0, I):

Zi_1 <—S(zt,t, eg(zt,t,c)), t=1T,....,1, (3

where S denotes one reverse-update step. Although such
multi-step sampling attains excellent fidelity and detail,
multi-step sampling incurs substantial inference latency and
limits real-time video fusion.

Latent diffusion pipelines often rely on a VAE trained
on a single modality distribution such as the visible do-
main Py. The visible-only VAE can introduce distribu-
tion shift when directly applied to fused content with dis-
tribution P stemming from both infrared and visible cues.
KL(pp(z:) || pv(z.)) islarge and V1o V is misaligned
on fusion latents, manifesting as spatial misregistration and
ghosting after decode. Empirically, we observe that the
encoder trained solely on visible images tends to under-
represent thermal saliency, while the decoder amplifies vis-
ible textures in misaligned locations, producing spatial arti-
facts in the fused output. To resolve the mismatch, we re-
place the off-the-shelf VAE with a simple and task-adaptive
encoder-decoder that follows a DCEvo-style design for do-
main adaptation. It is trained aligned with the distribution
of fused latents rather than visible-only latents.

4.2. One step diffusion model

Given an aligned infrared and visible frame pairs (I;, Vi)
at time t, we first extract cross-modal features with the
Stage I backbone and fuse them in feature space Gy, where
G = FB(1L), B(V:)). To reduce computation inside dif-
fusion, we downsample the fused features by a fixed spatial
factor s and z, = Downsampling(G,) € RE¥:%:. We
reuse a pretrained SD denoising U-Net €y and insert adapter
blocks { A } after its decoder layers to inject temporal per-
ception aggregation while keeping the backbone fixed to re-
tain the generative ability of the diffusion model. To over-
come the latency bottleneck, we adopt a single-step residual
correction in latent space using a fixed diffusion time. At
a fixed diffusion time t, the denoiser predicts a residual on

the downsampled latent feature by z, = €4(z4; t, {A(k)}) ,

and we perform one step latent update using the standard
closed-form relation:

Zy — /1 — g ry
Zy = ————————————,

’ Va, @

Where a; = [[_, a5 follows the same schedule as in the
preliminaries, v = €9(Zy; c, £) denotes the residual pre-
dicted by the denoiser. Eq. (4) replaces the entire iterative
sampling chain, reducing inference to a single forward pass
while retaining the generative priors responsible for fidelity
and detail. Subsequently, the refined latent is brought back
to the original feature scale and merged with a residual skip
to preserve low-frequency structure in a stable reconstruc-
tion process. Finally, the image decoder D reconstructs the
fused frame from latent space.

4.3. Streaming diffusion model

Despite promising results from several video-fusion meth-
ods, multi-frame inputs substantially increase the compu-
tational burden during both training and inference due to
repeated backbone evaluations and additional memory traf-
fic. The strict dependence on adjacent frames also intro-
duces pipeline latency, which undermines real-time deploy-
ment. We therefore propose a streaming framework that
only requires the current frame, previous frame, and a prior
memory. In practice, an optical-flow estimator predicts the
flow map O¢_1+. The memory prior updated from the
previous step, My _1, is aligned to time t via warping as
Fi_1,c = W(M¢_1, Or_1,+), and injected into the de-
noising U-Net through adapter layers placed after decoder
blocks to aggregate temporal information.

Let F{¥) € RC:xHexWe denote the current decoder fea-
ture at scale k, and Fék—)1 _, the flow-aligned memory at the
same scale. Each adapter performs content-aware aggre-
gation through a lightweight cross-attention followed by a
gated residual fusion. Specifically, the query Q(*) is pro-
jected from the current feature F{*), while the key K®)
and value V*) are derived from the flow-aligned memory
F,(;Ii)l _,+ via 1l x 1 convolutions ¢¢(1k), ,gk), and ¢,(Jk), respec-
tively. To modulate the temporal interaction, a learned gate
~*) is computed by:

W = oo (Cat(FFY L) )
where o(-) is the sigmoid function and Cat denotes con-
catenation. The gated attention and feature aggregation pro-
cess is then formulated as:

(Q®) @ yF)(K® @ ~k)T
Ve ’
FM =l L Ay (k) @)

A®) = Softmax(

(6)

where C' is the channel dimension and ©® is element-
wise multiplication. This design lets the current feature
query motion-aligned memory and selectively absorb com-
plementary cues with the learned gate, which mitigates
motion-induced artifacts and suppresses temporal flicker.

Finally, the adapter updates the memory state as Mﬁk) =
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Table 1. Quantitative comparison with state-of-the-art fusion approaches on the HDO, VTMOT, NOT-156, and M3SVD datasets. Red
highlights the best performance, while green denotes the second-best results.

Method Pub. HDO M3SVD VTMOT NOT-156

SCDt VIFt mSSIMf SCDt VIFf mSSIM{ SCDt VIFt mSSIM{ SCDf VIF{t mSSIM{
CDDFuse [22] CVPR23 1509 0.715 1134 1621 0.866 0925 1585 0907 0983 1.614 0.890 1.091
LRRNet [35] TPAMI’23 1.153 0528 0980 1314 0669 0.802 1.040 0628 0.827 1385 0575 0977
Mask-Dif [27] TPAMI'24 1.585 0.680 1.061 1.688 0.769 0.815 1600 0969 0933 1561 0796 1.032
TIMFus [36] ~ TPAMI'24 1.146 0.633 0942 1461 0659 0900 0563 0.683 0753 1.177 0754 0961
DCEvo [37] CVPR25 1604 0765 1.127 1747 0.871 0933 1550 1.026 1032 1.585 0913 1.087
GIFNet [38] CVPR25 1610 0573 1.087 1546 0582 0.894 1545 0764 0942 1.607 0.669 1.018
SAGE [39] CVPR25 1655 0599 1.065 1760 0.771 0932 1556 0750 0952 1611 0658 1.010
UniVF [1] NeurIPS’25 1496 0790 1.113 1721 0914 0939 1558 1.068 1.037 1509 0912 1.075
TemCoCo [12] ICCV’25  0.618 0.632 0953 1553 0678 0.894 1307 0.716 0915 0616 0455 0.795
Ours — 1572 0794 1.135 1776 0926 0955 1583 1.026 1059 1.519 0937 1.094

=
=]
=
=
=
>

NOT-156

Figure 3. Qualitative comparisons between our method and existing fusion approaches on the four datasets.

o) (F&k)), and the multi-scale set {M,(:k)}k serves as the
prior for the next frame t 4 1. This streaming, memory-
augmented scheme requires only the current frame and
a compact prior, thereby reducing pipeline latency while
maintaining high-fidelity temporal coherence.

4.4. Loss function

To train the one-step diffusion model, we employ a combi-
nation of modality reconstruction, structure-preserving fu-
sion, and temporal consistency losses. For each time step t,
given the visible frame Vy, infrared frame I, and the fused
prediction Y., we first impose two modality reconstruction
losses that encourage the fused result to be consistent with
inputs. We combine the MSE loss and SSIM loss terms:

Lva=Lssou (Yo Yo ) + [ Yo = Va3 ®
where Lssiv (-, -) denotes the structural similarity loss and
I - ||2 is the £5 norm, Y denote the I, or V. To preserve
both intensity and structures from source intputs, we adopt

a fusion loss L, built on luminance and gradient cues. Let
VY be the luminance channel of the visible image and V()

the Sobel-gradient operator. We form intensity and gradient
references by taking element-wise maxima and define:

Lins = Hmax(Vf, It)—Yt

[+ [[max(TV, VL) =Y,
(&)
which encourages the fused image to inherit the stronger
intensity responses and sharper edges from either modality.

To further enhance temporal coherence, during the sec-
ond stage of training, we introduce a temporal consistency
loss Ly defined on the fused video {Y}T_, and the es-
timated forward flows {Oy_1¢ }1_, by pretrained SpyNet
[40]. Let W(-, O4_1¢) be the warping operator and M, a
binary validity mask obtained by warping an all-one map.
For T frames, we compute:

- W(thh Ot—1ﬁ>t))

QM‘CH1
> M +e ’

(10)
where ® denotes element-wise multiplication and ¢ is a
small constant for numerical stability. This term encourages
the current fused frame to be consistent with the motion-
compensated previous frame in valid regions, thereby sup-
pressing flicker and drift.
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Figure 4. Frame-wise difference visualization on the M3SVD
dataset for temporal consistency evaluation.

The overall training objective for SDMFusion is:

Etotal = )\V, I£V,I + )\fuscfus + )\deco‘cdeco + )\tc£t07
Y
where Av 1, Afus, Adeco, and Agc are trade-off weights,
Lgeco 1s proposed by [22]. This composite loss guides the
model to simultaneously preserve modality-specific struc-
tures, produce visually sharp fused frames, and maintain
temporal coherence across the video sequence.

5. Experiment

In this section, we evaluate the proposed method using ex-
tensive visual comparisons together with a comprehensive
set of quantitative metrics. We first present the experimental
settings and implementation details. Then we report fusion
performance on four benchmark datasets to demonstrate
that our approach consistently produces superior fused re-
sults. To further clarify the contribution of each compo-
nent, we conduct ablation studies on the streaming diffu-
sion module and the optical-flow-guided feature propaga-
tion. Finally, we include an efficiency analysis showing that
the proposed framework achieves lower latency and is well
suited for practical video fusion scenarios.

5.1. Experimental settings and details

We conduct experiments on four infrared and visible video
fusion benchmarks, HDO [11], M3SVD [41], VTMOT [1]
and NOT-156 [42]. These datasets cover diverse environ-

}

Values of the metric

B2

—— GIFNet
SAGE

—e— CDDFuse —+— Mask-Dif —— UniVF —=— TIMFus

—=— LRRNet

TemCoCo

—— DCEvo —— Ours

Figure 5. Visualization of frame-wise SCD, VIF, and mSSIM
scores on a video sequence from the M3SVD dataset.

ments and motion patterns, including urban surveillance
scenes, multi sensor driving scenarios and sequences with
complex dynamic backgrounds. The batch size in Stage I
is set to 12, while Stage II uses a batch size of 1 with a se-
quence length of 6. In both stages, the network parameters
are optimized using AdamW with an initial learning rate of
1 x 104, and a cosine annealing schedule that decays the
learning rate to 1 x 10~°. Our framework is implemented in
PyTorch and runs on a workstation equipped with a single
NVIDIA GeForce RTX 5090 GPU.

5.2. Results of multi-modality video fusion

In this section, we compare the performance of the proposed
method with 7 state-of-the-art image fusion methods, in-
cluding CDDFuse [22], LRRNet [35], Mask-Dif [27], TIM-
Fus [36], DCEvo [37], GIFNet [38], SAGE [39], and two
video fusion methods, UniVF [1] and TemCoCo [12].
Quantitative Comparisons. We analyze the performance
of our proposed method based on the objective metrics
SCD, VIF, and mSSIM. These metrics are essential for eval-
uating the quality of fused images, including their spatial
consistency, visual quality, and structural similarity. As
shown in Table 1, our method achieves the best results in
most of the metrics, with only a slight difference in the re-
maining ones. In summary, the good performance on SCD,
VIF, and mSSIM indicate that our method outperforms ex-
isting methods in terms of spatial consistency, visual fi-
delity, and structural accuracy.

Qualitative Comparisons. Additionally, we selected one
fusion result from each of the four datasets for visualization
analysis, as shown in Figure 3. Our method better preserves
the thermal radiation information from the infrared input
and the texture details from the visible image. The higher
contrast achieved is also beneficial for downstream tasks.

5.3. Evaluation of temporal consistency

To examine the temporal consistency and continuity across
video frames, we conduct a frame-difference analysis on a
sequence from the M3SVD dataset. Specifically, for each
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Figure 6. Qualitative comparisons of different ablative variants on
the HDO, VTMOT, NOT-156, and M3SVD datasets.

pair of consecutive frames, we compute the pixel-wise in-
tensity difference map by subtracting the previous frame
from the subsequent one. We then apply a color-coded visu-
alization to this difference map, where red denotes positive
differences, blue denotes negative differences, and larger
absolute values correspond to deeper colors. As illustrated
in Figure 4, static regions such as background areas exhibit
minimal temporal variation and therefore appear close to
white. Compared with Mask-Difuser, CDDFuse, and TIM-
Fusion, our method yields cleaner and more stable back-
ground regions, demonstrating stronger suppression of tem-
poral noise. In addition, the motion boundaries of the mov-
ing object are more sharply captured by our method, reflect-
ing superior sensitivity to meaningful temporal changes.

To further assess temporal stability over longer se-
quences, we also visualize the frame-wise trajectories of
three widely used video-quality metrics, including SCD,
VIF, and mSSIM, on consecutive frames of the M3SVD
dataset. As shown in Figure 5, our method not only achieves
the highest overall scores but also maintains consistently
stable trends over time, indicating robust temporal coher-
ence and reduced frame-to-frame fluctuations. These results
highlight the strong capability of our proposed framework
to preserve temporal consistency in video fusion tasks.

5.4. Ablation experiment

To analyze the contribution of each key component in SDM-
Fusion, we conducted ablation studies on four datasets.
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Figure 7. Violin plots of SCD, VIF, and mSSIM for different ab-
lation variants on the HDO (top) and NOT-156 (bottom) datasets.

Table 2. Quantitative results of ablation study on the M3SVD and
VTMOT datasets. Bold values indicate the best performance.

M3SVD VIMOT

Method

SCDt VIFt mSSIM{ SCDt VIFt mSSIM?t

w/o TFP 1.771 0.873 0945 1569 1.018 1.054
w/o adapter 1.743 0.897 0.946 1.562 1.024 1.057
w/o TCloss 1.769 0.920 0.950 1.576 1.018 1.057
Ours 1.776 0926 0.955 1.583 1.026 1.059

Specifically, we removed the feature injection of the tempo-
ral prior M,Ek) and replaced it with features ng) extracted
from the current frame. We also removed the adapter af-
ter the UNet decoding layer and replaced it with a standard
convolution. Finally, we removed the temporal consistency
(TC) loss function to validate its effect on enforcing tem-
poral consistency in the fused video. Table 2 reports the
quantitative results on the M3SVD and VTMOT datasets.
As can be observed, removing any single component leads
to a noticeable performance drop. Figure 7 shows the distri-
bution of metrics on the HDO and NOT-156 datasets, where
the full SDMFusion achieves the best performance. These
objective results demonstrate the effectiveness of each key
part of the proposed SDMFusion. In addition, we select
one fused frame from each of the four datasets for visual
analysis. As shown in Figure 6, the complete SDMFusion
produces clearer textures and higher contrast.

5.5. Object tracking

To evaluate the applicability on downstream tasks of fused
video generated by our proposed method, we select sev-
eral video sequences from the NOT-156 dataset to conduct
object tracking. For a fair comparison, ByteTrack tracker
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Figure 8. Qualitative tracking results on the NOT-156 dataset.

Table 3. Quantitative comparison on tracking task across different
fusion methods on the NOT-156 dataset.

Method AUCt SR@0.57 SR@0.751 DP@20t
CDDFuse 0.3529  0.3911 0.1467 0.3556
LRRNet 0.3614  0.4000 0.1400 0.3500
Mask-Dif  0.3774  0.4277 0.1785 0.3836
TIMFus 0.3140  0.3618 0.1446 0.3104
DCEvo 0.3673  0.4200 0.1550 0.3800
GIFNet 0.3537  0.3936 0.1655 0.3500
SAGE 0.3491 0.3888 0.1506 0.3501
UniVF 0.3553  0.3826 0.1363 0.3607
TemCoCo 0.3102  0.3597 0.1499 0.3328
Ours 0.3799  0.4350 0.1700 0.3900

[43] with the YOLOv1 1n [44] pretrained detector is directly
adopted to perform tracking without training. To conduct an
objective evaluation, we introduce the standard metrics of
area under the curve (AUC), success rate (SR), and distance
precision (DP) [45] as our evaluation criteria. AUC repre-
sents the area under the success rate curve. SR indicates the
proportion of successfully tracked frames where the overlap
exceeds a specified threshold. We calculate SR using two
overlap thresholds: 0.5 and a more stringent 0.75. DP@20
(distance precision at 20 pixels) measures localization ac-
curacy by calculating the percentage of frames where the
Euclidean distance between the predicted and ground-truth
bounding box centers is less than 20 pixels.

As summarized in Table 3, our method achieves the best
performance on AUC, SR@0.5 and DP@20 and second-
best performance behind the Mask-Dif on SR@0.75, indi-
cating superior tracking robustness, higher success rates,
lower localization errors, and more accurate and tightly
fitted bounding boxes. To further illustrate the effective-
ness of proposed fusion framework, we visualize the track-
ing results on a fused frame as shown in Figure 8. Our
method successfully identifies and maintains a confidence

Param. (M) FLOPs (G) Inference time (ms)

Mask-Dif TemCoCo UniVF  Ours Mask-Dif TemCoCo UniVF  Ours Mask-Dif TemCoCo UniVF  Ours

Figure 9. Efficiency comparison of representative fusion methods.

score of 0.90, which strongly benefits from the proposed
fusion model’s ability to recover fine-grained texture details
and suppress noise effectively, thereby providing a more re-
liable input for the downstream tracker.

5.6. Efficiency analysis

To evaluate computational efficiency, we compare our
method with two video fusion and one diffusion methods
on the VIMOT dataset. As shown in Figure 9, our method
achieves the fastest inference speed by a significant mar-
gin, whose total inference time is more than 1.42x faster
than the second-best competitor. Although our diffusion-
based architecture involves a larger number of parameters,
the overall computational cost, measured by per-frame la-
tency and FLOPs, remains highly competitive. This demon-
strates the effectiveness of our latent-space compression and
the SDM with one-step sampling, which substantially re-
duce the computational overhead while preserving genera-
tive capability. This design not only lowers latency but also
ensures stable temporal propagation.

6. Conclusion

SDMFusion that enables fast, high-fidelity infrared-visible
video fusion. It leverages a one-step diffusion sampler
for speed and a temporal adapter with memory for coher-
ence. This approach effectively eliminates flickering ar-
tifacts while preserving both thermal and texture details.
Broader Impact. This technology enhances perception
in challenging conditions, benefiting day-night surveillance
and autonomous navigation. We emphasize the need for
ethical guidelines to mitigate potential privacy risks from
enhanced surveillance capabilities, ensuring its responsible
deployment for societal benefit.
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