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Abstract

Image fusion aims to integrate complementary information from multiple input
images acquired through various sources to synthesize a new fused image. Existing
methods usually employ distinct constraint designs tailored to specific scenes,
forming fixed fusion paradigms. However, this data-driven fusion approach is
challenging to deploy in varying scenarios, especially in rapidly changing environ-
ments. To address this issue, we propose a conditional controllable fusion (CCF)
framework for general image fusion tasks without specific training. Due to the
dynamic differences of different samples, our CCF employs specific fusion con-
straints for each individual in practice. Given the powerful generative capabilities
of the denoising diffusion model, we first inject the specific constraints into the
pre-trained DDPM as adaptive fusion conditions. The appropriate conditions are
dynamically selected to ensure the fusion process remains responsive to the specific
requirements in each reverse diffusion stage. Thus, CCF enables conditionally
calibrating the fused images step by step. Extensive experiments validate our
effectiveness in general fusion tasks across diverse scenarios against the competing
methods without additional training. The code is publicly available.†

1 Introduction

Image fusion aims at integrating complementary information from multi-source images, fusing a
new composite image containing richer details [1]. It has been applied in various scenarios that
single image contains incomplete information, such as multi-modal fusion (MMF) [2, 3], multi-
exposure fusion (MEF) [4, 5], multi-focus fusion (MFF) [6], and remote sensing fusion [2]. The
fused image inherits the strengths of both modalities, resulting in a composite with enhanced visual
effects [7]. These fusion tasks have diverse downstream applications in computer vision, including
object detection [8–10], semantic segmentation [11, 12], and medical diagnosis [13] because the
comprehensive representation of images with multi-scene information contributes to the improved
performance of applications.

Recently, numerous image fusion methods [14–17] have been proposed, such as traditional fusion
methods [18], CNN-based fusion methods [19, 20] and GAN-based methods [21]. While these
methods produce acceptable fused images in certain scenarios, they are also accompanied by sig-
nificant drawbacks and limitations: (i) They are often tailored for specific scenarios or individual
tasks, limiting their adaptability across diverse applications; (ii) These methods necessitate training
and consume substantial computational resources, posing limitations in terms of time and resource
requirements. Lately, denoising diffusion probabilistic models (DDPM) have emerged as an iterative
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Figure 1: The conditions selection statistics during the sampling process of the LLVIP dataset.
The distinct process of sampling has different favor of the conditions. The crucial role that diverse
conditions play in controlling various image generation processes. Throughout the diffusion sampling,
different conditions are dynamically selected to best suit the generation requirement at each stage.
generation framework, showcasing impressive capabilities in unconditional generation. Inspiringly,
numerous researchers explored its controllable aspects. ILVR [22] proposed iterative latent variable
refinement with a reference image to control image translation. Some recent works [23, 24] employed
the diffusion model for image fusion, which fuses images in fixed fusion paradigms (fixed fusion
conditions) by using its inherent reconstruction capacity. However, these approaches are not qualified
for sample-customized fusion with dynamic conditions. At present, general image fusion with
controllable diffusion models is still a challenging problem, warranting further exploration.

In this paper, we propose a diffusion-based controllable conditional image fusion (CCF) framework,
which controls the fusion process by adaptively selecting optimization conditions. We construct a
condition bank of generally used conditions, categorizing them into basic, enhanced, and task-specific
conditions. CCF dynamically assigns fusion conditions from the condition bank and continuously
injects them into the sampling process of diffusion. To enable flexible integrated conditions, we
further propose a sampling-adaptive condition selection (SCS) mechanism that tailors condition
selection at different denoising steps. The iterative refinements of the sampling are based on the
pre-trained diffusion model without additional training. It is worth noting that the estimated fused
images are conditionally controllable during the iterative denoising process. The diffusion process
seamlessly integrates these conditions during the sampling process, decreasing potential impacts. As
illustrated in Fig. 1, the generation process emphasizes different aspects at various sampling steps.
In the initial stages, the condition selection is influenced by random noise, resulting in a random
selection. During the intermediate stages, there is a shift towards content components. In the final
stage, the emphasis moves to generating and selecting texture details. These various conditional
factors contribute to different aspects of fusion results and demonstrate the necessity and effectiveness
of introducing specific conditions in different stages. To the best of our knowledge, we for the first
time propose a conditional controllable framework for image fusion. The main contributions are
summarized as follows:

• We propose a pioneering conditional controllable image fusion (CCF) framework with a
condition bank, achieving controllability in various image fusion scenarios and facilitating
the capability of dynamic controllable image fusion.

• We propose a sampling-adaptive condition selection mechanism to subtly integrate the
condition bank into denoising steps, allowing adaptive condition selection on the fly without
additional training and ensuring the dynamic adaptability of the fusion process.

• Extensive experiments on various fusion tasks have confirmed our superior fusion perfor-
mance against the competing methods. Furthermore, our approach qualifies for interactive
manipulation of the fusion results, demonstrating our applicability and efficacy.
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2 Related Work

Image fusion focuses on producing a uni�ed image that amalgamates complementary information
sourced from multiple source images [25].

Specialized.Focus on specialized tasks such as VIF, several early approaches [26–28] relied on
CNNs to address challenges across various scenarios. GTF [29] de�ned the objective of image fusion
as preserving both intensity information in infrared images and gradient information in visible images.
Besides that, researchers started arti�cially incorporating prior knowledge to aid in the fusion process.
CDDFuse [30] introduced the concept of high and low-frequency decomposition with dual-branch as
prior information. Diverging from approaches tailored to single scenarios, numerous methods are
now exploring the development of a uni�ed fusion framework.DDFM [24] represents the pioneering
training-free method that employs a diffusion model for multi-modal image fusion.

Generalized.Not limited to specialized applications, researchers aim to extend its use to generalized
tasks. U2Fusion [31] introduced a uni�ed framework capable of adaptively preserving information
and facilitating joint training across various task scenarios. Additionally, SwinFusion [32] proposed
a cross-domain distance learning method that has been extended to form a uni�ed framework
encompassing diverse task scenarios. Defusion [33] employs self-supervised learning techniques
to decompose images and subsequently adaptively fuse them. TC-MoA [34] proposed a novel
task-customized mixture of adapters for generating image fusion with a uni�ed model, enabling
adaptive prompting for various fusion tasks.

Nevertheless, these methods cannot control image fusion for adaptation to different scenarios. There-
fore, we propose a method that enables image control, manipulating the fused image through existing
conditions on our condition bank.

3 Preliminary

Denosing diffusion probabilistic models (DDPM) is a class of likelihood-based models that shows
remarkable performance [35] with a stable training objective in unconditional image generation. The
diffusion process entails incrementally introducing Gaussian noise to the data until it reaches a state
of random noise. For a clean samplex0 � q(x0) each step within the diffusion process constitutes a
Markov Chain, encompassing a total ofT steps, relying on the data derived from the preceding step.
Gaussian noise is added as follows:

q(x t jx t � 1) = N (x t ;
p

1 � � t x t � 1; � t I ); (1)

wheref � t gT
t =1 is the variance schedule of each diffusion step which is �xed and prede�ned. The

generative process learns the inverse of the DDPM forward (diffusion) process, sampling from a
distribution by reversing a gradual denoising process. We can directly samplex t at anyt step based
on the original datax t � q(x t jx0) and via the reparameterization, it can be rede�ned:

x t =
p

�� t x0 +
p

1 � �� t �; (2)

where de�ned� t := 1 � � t and�� :=
Q t

i =1 � i . The diffusion process introduces noise to the data,
whereas the inverse process represents a denoising procedure called sampling. In particular, stats
with a noisexT � N (0; I ), the diffusion model learns to produce slightly less-noisy samplexT � 1,
the process can be formulate by:

p� (x t � 1jx t ) = N (x t � 1; � � (x t ; t); � � (x t ; t)) : (3)

Utilizing the properties of Markov chains, decomposing� � and� � , the process of generation is
expressed as:

x t � 1 =
1

p
� t

(x t �
1 � � tp
1 � �� t

� � (x t ; t)) + � 2
� (t)I; (4)

where,� 2
� (t) = � � (t) = (1 � � t )(1 � �� t � 1 )

1� �� t
, � � signi�es the output of a neural network, commonly a

U-Net. This neural network predicts the noise� � at each step, which is utilized for the denoising
procedure. It can be observed that variance is a �xed quantity, because of diffusion process parameters
being constant, whereas the mean is a function dependent onx0 andx t . However, the stochastic
process poses challenges in controlling the generative process.
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Figure 2: Illustrates the pipeline of the proposed CCF. The framework comprises two components: a
sampling process utilizing a pre-trained DDPM and a condition bank with SCS.

4 Method

Leveraging the reconstruction capability of unconditional DDPM, we introduced a new controllable
conditional image fusion (CCF) framework. Our approach accomplishes dynamically controllable
image fusion via progressive condition embedding. In particular, we introduced a condition bank
that regulates the incorporation of fusion information using conditions. It allows for combining the
dynamic selection of multiple conditions to achieve sampling-adaptive fusion effects. As shown in
Fig. 2, we illustrate our CCF framework in detail with visible-infrared image fusion (VIF). The goal is
to generate a fused imagef 2 R H � W � N from visiblev 2 R H � W � N and infraredi 2 R H � W � N

images, whereH , W andN denote height, width, and channel numbers, respectively.

4.1 Controllable Conditions

Firstly, we provide the notation for the model formulation. For each sampling instance, a pre-trained
DDPM represents unconditional transitionp� (x t � 1jx t ). Our method facilitates the inclusion of
conditionalc during the sampling step of unconditional transformation, without no additional training.
For this purpose, we sample images from the conditional distributionp(x0jc) given conditionc:

p� (x0jc) =
Z

dx(1: T ) p� (x (0: T ) jc);

p� (x (0: T ) jc) = p(xT )
TY

t =1

p� (x t � 1jx t ; c):
(5)

Each transitionp� (x t � 1jx t ; c) of the generative process depends on the conditionc. From the property
of the forward process that latent variablex t can be sampled fromx0 in closed-form, denoised data
x0 can be approximated with model prediction� � (x t ; t):

x0j t � f � (x t ; t) =
(x t �

p
1 � �� t � � (x t ; t))

p
�� t

: (6)

To computep(x t jc), we can derive it from the Stochastic Differential Equation (SDE) [36]. For
brevity,x0j t is abbreviated asx0, and the expression is given by:

r x t logp(x t ) = �
x t �

p
�� t x0

1 � �� t
: (7)

Classi�er Guidance [37] can be intuitively elucidated via the score function, which logarithmically
decomposes the conditional generation probability using Bayes' theorem:

r logp(x t jc) = r logp(x t ) + r logp(cjx t ): (8)
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