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Abstract—Infrared and visible image fusion seeks to combine
complementary information from heterogeneous sensors into a
unified composite image, thus providing a more comprehen-
sive scene representation. However, fusion in nighttime low-
light degradation scenarios remains a significant challenge. Low
illumination weakens the brightness and details of visible images,
leading to the loss of critical information for effective fusion.
Furthermore, existing fusion approaches lack adaptive modeling
mechanisms that fully leverage the complementary information
from both modalities, often resulting in blurred salient features
and the loss of fine textures in the fused image. To address
these challenges, we propose a Diffusion Model-Based Cross-
Attention Adaptive Fusion Network (DCAAFusion). Specifically,
we employ the denoising network of a pre-trained conditional
diffusion model to extract visible diffusion features, and that of a
pre-trained diffusion model for infrared diffusion features. Subse-
quently, we design a Degradation Embedding Modulation Module
(DEMM), which modulates the visible diffusion features using the
degradation embedding extracted by an introduced degradation-
aware encoder, compensating for the loss of brightness and
details caused by low light at the feature level. Finally, we
propose a Cross-Attention Adaptive Fusion Module (CAAFM),
which employs multiple attention mechanisms to adaptively fuse
infrared structural information and visible textural details, fully
exploiting complementary information from both modalities. Ex-
tensive experiments demonstrate that DCAAFusion outperforms
current state-of-the-art methods, achieving superior performance
in both visual quality and quantitative metrics. The source code
is available at https://github.com/AochenA/DCAAFusion.

Index Terms—Image fusion, Diffusion model, Low-light degra-
dation scenes, Cross-Attention, Adaptive fusion

I. INTRODUCTION

Image fusion techniques aim to integrate complementary
information from different sensors to generate an image with
a more comprehensive scene representation [1] [2]. Among
various image fusion tasks, infrared–visible image fusion
(IVIF) is one of the most prevalent [3]. While visible images
are rich in fine textures, they are prone to severe degradation
under low illumination. In contrast, infrared imagery captures
the thermal radiation emitted by objects, which can highlight
prominent targets even under extreme weather conditions,
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Fig. 1. Fusion results comparison between our method and other methods on
the LLVIP dataset under nighttime low-light degradation scenarios.

though it lacks fine-grained texture details. By fusing these
complementary modalities, high-quality images with enhanced
contrast, richer textures, and more salient thermal targets can
be obtained, which play an irreplaceable role in many fields,
such as military applications, object detection and tracking [4],
semantic segmentation [5], and person re-identification [6].

Despite the generally good results achieved by recent fusion
methods for nighttime low-light degradation scenes, several
challenges persist. DRMF [7] performs fusion by combin-
ing the generative diffusion priors of different modalities in
the noise space and learning timestep-dependent combination
weights. However, the introduced salient target mask con-
straint biases the weights toward the infrared modality, thereby
weakening the texture and color details of the visible modality,
as shown in Fig. 1(c). DAFusion [8] integrates degradation
awareness into feature aggregation via implicit degradation
estimation and contrastive supervision, and utilizes the Co-
refinement Fusion Module and mask constraints for fusion.
However, its feature extraction relies on discriminative en-
coders, making it susceptible to feature representation shift,
which leads to attenuated textures or insufficient color restora-
tion, as illustrated in Fig. 1(d).

To address the challenges outlined above, we propose
DCAAFusion, an infrared-visible image fusion network
specifically designed for nighttime low-light degradation
scenes. The network effectively mitigates nighttime low-light
degradation in visible images and adaptively fuses visible tex-
ture details with infrared structural information, as exhibited
in Fig. 1(e). First, we utilize the denoising networks of pre-
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Fig. 2. Framework of the proposed DCAAFusion. q(·|·) and pθ(·|·) stand for the forward process and reverse process. Ivi0 and Iir0 represent the initial
states of the diffusion process corresponding to the inputs Ivi and Iir . Ivit and Iirt denote the noisy versions in the forward process at selected timesteps
t. E denotes the degradation-aware encoder. LMCG, LMCI , and LCCL represent the multi-channel gradient loss, multi-channel intensity loss, and color
consistency loss.

trained conditional diffusion models and diffusion models to
extract visible and infrared features at selected timesteps. Next,
we design a Degradation Embedding Modulation Module
(DEMM), which uses a degradation embedding extracted by
the introduced degradation-aware encoder to modulate the vis-
ible diffusion features, compensating for the loss of brightness
and detail caused by low-light degradation. Finally, we present
Cross-Attention Adaptive Fusion Module (CAAFM), which
models cross-modal dependencies through cross-attention and
then applies channel and spatial attention to dynamically
allocate weights and adaptively fuse the features. The primary
contributions of our work are summarized below:

• We propose a dual-branch feature extraction framework
that leverages the frozen denoising networks of pre-
trained conditional diffusion models and diffusion models
to extract diffusion features from visible and infrared
images at selected timesteps.

• We propose a Degradation Embedding Modulation Mod-
ule (DEMM), which leverages the degradation embedding
extracted by the degradation-aware encoder to adaptively
modulate visible diffusion features, explicitly compensat-
ing for the loss of brightness and detail.

• We design a Cross-Attention Adaptive Fusion Module
(CAAFM) that first employs cross-attention to model
cross-modal dependencies, and then performs adaptive
fusion through dynamic channel and spatial attention
weighting, enhancing salient infrared structures while

preserving detailed visible textures.

II. RELATED WORK

A. Fusion of Infrared and Visible Images

The rapid advancement of deep learning technologies has
significantly propelled the field of multimodal image fusion.
The powerful feature extraction ability of Auto-Encoder (AE)-
based fusion frameworks has led to their widespread adoption.
Li et al. employed auto-encoders with dense blocks for feature
extraction and integration through handcrafted fusion rules [9].
Although this approach has inspired numerous subsequent
studies [10], [11], its fixed fusion strategy struggles to adapt
to varying scene characteristics, thereby limiting further im-
provements in fusion performance. In response, Convolutional
Neural Network (CNN)-based architectures have enhanced the
flexibility and interpretability of the fusion process [12]–[14].
To address the needs of downstream high-level vision tasks,
Tang et al. developed a fusion method driven by semantic
information [15]. This model incorporates a segmentation loss
to constrain the network, ensuring the preservation of critical
semantic details.

With the successful application of Generative Adversarial
Network (GAN) in vision tasks, Ma et al. were the first to
apply adversarial learning techniques to the task of IVIF [16].
Subsequently, Liu et al. introduced a dual-adversarial learning
architecture with target awareness [17]. By utilizing saliency
masks to separately constrain the generation of the foreground



and background, this approach achieves high-quality fusion
beneficial for object detection. To overcome the limitations
of CNN in capturing contextual information, Transformer
architectures have gained increasing attention. Ma et al.
developed a unified fusion framework leveraging the Swin
Transformer [18], using a cross-attention mechanism to exploit
multi-modal complementary features, thereby achieving the
dual preservation of texture details and salient targets [19].

B. Diffusion Model

Recently, Diffusion Model (DM) [20] have emerged as
a powerful class of deep generative models. Their excep-
tional ability to sample high-fidelity images from learned
distributions has significantly advanced a wide range of ap-
plications, including image generation, super-resolution, and
inpainting [21]. Building on diffusion models, Conditional
Diffusion Model (CDM) [22] incorporate external conditions
to guide the denoising process and have shown remarkable
potential in low-light enhancement [23]. Extending this ap-
proach, recent developments have applied diffusion models
to multi-modal image fusion tasks. For instance, DDFM [24]
builds on pre-trained diffusion models and introduces score
matching, repurposing the generative prior of natural images
for multi-modal fusion. Similarly, Dif-Fusion [25] pioneers
the use of denoising networks as feature extractors, achieving
high-fidelity color fusion by leveraging the prior knowledge
acquired during pre-training.

III. METHOD

A. Network Overview

The overall workflow of DCAAFusion is illustrated in
Fig. 2. In Stage 1, we pretrain the conditional diffusion
model on high-quality visible images xvi

0 conditioned on low-
light degraded visible images xc, and pretrain the diffusion
model on infrared images xir

0 . In Stage 2, given a low-light
degraded visible image Ivi ∈ RH×W×3 and an infrared image
Iir ∈ RH×W×1, we generate their noisy counterparts Ivit and
Iirt at selected timesteps t via the forward diffusion process.
We then concatenate Ivi and Ivit and feed them into the frozen
denoising network ϵviθ to extract visible (VI) diffusion features
Fvi, while feeding Iirt into ϵirθ to extract infrared (IR) diffu-
sion features Fir. In parallel, the degradation-aware encoder
takes Ivi as input to produce a degradation embedding. The
degradation-embedding modulation module (DEMM) uses this
embedding to adaptively modulate Fvi, yielding the modulated
VI diffusion features F̃vi. Next, F̃vi and Fir are fused by the
cross-attention adaptive fusion module (CAAFM) to produce
the fused representation Ff . Finally, the image reconstruction
module maps Ff to the fused image If through a sequence of
upsampling and convolutional layers.

B. Diffusion-Based Feature Extraction

Both the diffusion model and the conditional diffusion
model characterize the underlying data distribution through
a forward diffusion process that progressively adds noise,
followed by a reverse denoising process. While both share

the same forward process, the conditional diffusion model
distinguishes itself by incorporating conditional information
in the reverse process to guide generation.

1) Forward Diffusion Process: For each modality m ∈
{vi, ir}, the forward diffusion process is modeled as a fixed
Markov chain:

q(xm
t |xm

t−1) = N (xm
t ;

√
αtx

m
t−1, βtI), (1)

where αt = 1 − βt, βt denotes the variance schedule, and
I denotes the identity matrix. The marginal distribution at
timestep t can be derived using the reparameterization trick
as:

q(xm
t |xm

0 ) = N (xm
t ;

√
ᾱtx

m
0 , (1− ᾱt)I), (2)

where ᾱt =
∏t

i=1 αi.
2) Reverse Denoising Process: The reverse process follows

a parameterized Markov chain, progressively denoising stan-
dard Gaussian noise to reconstruct the data. In the conditional
diffusion model, the low-light degraded visible image xc is in-
corporated as a conditional input during the reverse denoising
process. The reverse processes are defined as follows:

pθ(x
ir
t−1|xir

t ) = N (xir
t−1;µθ(x

ir
t , t), σ2

t I), (3)

pθ(x
vi
t−1|xvi

t , xc) = N (xvi
t−1;µθ(x

vi
t , xc, t), σ

2
t I), (4)

where µθ is the predicted mean and σ2
t is derived from a fixed

variance schedule.
3) Loss Function of Diffusion Process: The loss functions,

denoted as LDM and LCDM, are defined as:

LDM = ||ϵ− ϵirθ (
√
ᾱtx

ir
0 +

√
1− ᾱtϵ, t)||

2
, (5)

LCDM = ||ϵ− ϵviθ (
√
ᾱtx

vi
0 +

√
1− ᾱtϵ, xc, t)||

2
, (6)

where ϵ denotes standard Gaussian noise, ϵviθ refers to the
denoising network designed for the visible modality, while ϵirθ
corresponds to that of the infrared modality.

4) Denoising Network: To estimate the noise introduced
during the forward diffusion process, the denoising networks
ϵvi and ϵir employ the U-Net architecture used in SR3 [22].
The network consists of a contracting encoder and an ex-
pansive decoder, each comprising five residual blocks, along
with a diffusion head implemented by a single convolutional
layer. Specifically, the diffusion head generates the final
predicted noise, while the output of the decoder serves as
high-dimensional feature representations transformed by the
neural network. After pre-training ϵvi and ϵir, their param-
eters are frozen and utilized feature extractors. During the
subsequent training phase of the fusion network, feature maps
are extracted from the intermediate decoder layers of the
denoising network at selected timesteps t. These maps are
then concatenated along the channel dimension to generate the
visible (VI) diffusion features Fvi and infrared (IR) diffusion
features Fir.
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Fig. 3. Framework of our proposed Degradation Embedding Modulation
Module.

C. Degradation Embedding Modulation Module

The VI diffusion features Fvi extracted by the condi-
tional diffusion model suffer from inadequate representation of
brightness information and texture details in low-light degra-
dation scenarios. Inspired by [26], we design a Degradation
Embedding Modulation Module (DEMM), aimed at adaptively
modulating Fvi using the degradation embedding Ed to en-
hance details in low-light images and improve brightness in
darker regions.

To obtain Ed for guiding the modulation, we introduce a
degradation-aware encoder. Specifically, we employ the Latent
Map Encoder [27] to obtain the latent map, which is mapped
into the degradation embedding via Global Average Pooling
(GAP) and a Multi-Layer Perceptron (MLP). The specific
process of modulating Fvi using the degradation embedding
is illustrated in Fig. 3. The input feature Fvi is fed into GAP,
a linear transformation, and softmax activation to yield the
weight α. Subsequently, α is element-wise multiplied with Ed

to obtain the weighted embedding Ẽd = α⊗Ed. Then, Ẽd is
passed through linear layers to generate modulation factors γc
and βc. These modulation factors rectify the dynamic range
and baseline intensity of the feature, respectively, thereby
compensating for the loss of detail and brightness at the feature
level. The final adaptive modulation process is formulated as:

F̃vi = Fvi ⊗
(
1 + γc

)
+ βc. (7)

D. Cross-Attention Adaptive Fusion Module

Visible and infrared images exhibit significant differences
in the representation of information, and the absence of
adaptive cross-modal modeling often results in inadequate
utilization of their complementary features. To address this,
we propose the Cross-Attention Adaptive Fusion Module
(CAAFM), which employs cross-attention to explicitly model
cross-modal relationships, followed by channel and spatial
attention to dynamically assign weights for the effective fusion
of complementary information.

As shown in Fig. 4, we employ a projection function
consisting of convolution and reshaping operations to project
the VI modulated diffusion feature F̃vi and the IR diffusion
feature Fir into the corresponding Query (Q), Key (K), and
Value (V), respectively, as presented in the following:

{Qvi,Kvi, Vvi} = Reshape(Convviqkv(F̃vi)), (8)
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Fig. 4. Framework of our proposed Cross-Attention Adaptive Fusion Module.

{Qir,Kir, Vir} = Reshape(Convirqkv(Fir)), (9)

where Conv(·) and Reshape(·) correspond to the convolu-
tional layer and the reshape operation, respectively. Attention
weights for the visible and infrared modalities are computed
using the following equations:

Avi = softmax(QviK
⊤
ir), Air = softmax(QirK

⊤
vi). (10)

Subsequently, we perform matrix multiplication between the
attention weights and the value to aggregate cross-modal
information. The aggregated features are then reshaped back
to the spatial domain and added to the original features of
the corresponding query branch via residual connections. This
process is formulated as:

F̂vi = F̃vi +Reshape(AviVir), (11)

F̂ir = Fir +Reshape(AirVvi). (12)

Then, F̂vi and F̂ir are concatenated channel-wise. The result-
ing tensor is passed through the parallel channel and spatial
attention module to yield the fusion weights ω. The process
of generating the fusion weights is as follows:

Ac = CB(CBR(GAP (CBR(C(F̂vi, F̂ir))))), (13)

As = CB(CBR(CBR(C(F̂vi, F̂ir)))), (14)

ω = σ(Ac ⊗As), (15)

where CBR(·) denotes a convolutional block consisting of a
1× 1 convolution, batch normalization, and ReLU activation,
and CB(·) implies the same structure but omits the ReLU
activation. C(·) and σ(·) denote the channel concatenation
operation and sigmoid function, respectively. Finally, the adap-
tive fusion is realized via a gating mechanism controlled by
the fusion weight ω, which can be expressed as:

Ff = ω ⊗ F̂vi + (1− ω)⊗ F̂ir. (16)

E. Loss Function

With the aim of preserving thermal features, texture details,
and accurate color reproduction in the fused results, we use
a loss function composed of multiple loss terms to supervise
the training of the fusion network. Specifically, we introduce



a multi-channel gradient loss [25] to preserve the rich texture
details inherent in visible images, which is formulated as:

LMCG =
1

HW

3∑
i=1

∥∥∇Iif −max(∇Iivi,∇Iir)
∥∥
1
, (17)

where ∇ represents the gradient operator. H and W represent
the spatial dimensions (height and width) of the input image. i
denotes the color channel index. ∥ · ∥1 stands for the l1-norm,
while max(·) is used to calculate the element-wise maximum.
Thermal radiation is commonly represented by the intensity
of pixels. To guarantee that the pixel intensity distribution
of the fusion result aligns with that of the source images,
we introduce a multi-channel intensity loss [25]. This can be
expressed as:

LMCI =
1

HW

3∑
i=1

∥∥Iif −max(Iivi, Iir)
∥∥
1
. (18)

To ensure color fidelity, we introduce a color consistency
loss operating in the YCbCr space. It achieves natural color
reproduction by constraining the discrepancy between the
fused image and visible image in the Cb and Cr chrominance
channels, defined as:

LCCL = ||CbIf − CbIvi ||1 + ||CrIf − CrIvi ||1. (19)

Finally, we define the total fusion loss Ltotal as:

Ltotal = λ1LMCG + λ2LMCI + λ3LCCL, (20)

where λ1, λ2, and λ3 are hyperparameters that balance the
losses.

IV. EXPERIMENTS

A. Experimental Settings

To validate the fusion performance of the proposed DCAA-
Fusion, we conducted extensive qualitative and quantitative
experiments on the LLVIP [28], M3FD [17], and MSRS [13]
datasets, and compared our results with those of seven state-of-
the-art methods, including FusionGAN [16], U2Fusion [12],
DIVFusion [14], Dif-Fusion [25], DRMF [7], Crossfuse [29],
and DAFusion [8]. We quantitatively evaluated the fusion per-
formance using six metrics, including Entropy (EN), Mutual
Information (MI), Average Gradient (AG), Spatial Frequency
(SF), Standard Deviation (SD), and Visual Information Fidelity
(VIF).

The training process was conducted in two stages. In Stage
1, both the visible conditional diffusion model and the infrared
diffusion model were pretrained on the EMS dataset [26].
This dataset is designed for multi-degradation tasks, and
contains 970 pairs of low-light degraded and normal-light
visible images, along with 970 corresponding infrared images.
The source images were randomly cropped to 160× 160 and
the batch size was set to 64. Except for these settings, all
other key diffusion training configurations (including the noise
schedule, the total diffusion steps T , the EMA setting, and
the number of training iterations) were kept consistent with
DRMF [7]. In Stage 2, 2,000 pairs of low-light degraded

images were selected from the LLVIP dataset to train the
fusion network. Specifically, intermediate feature maps were
extracted from the frozen denoising networks ϵvi and ϵir at
timesteps t = 50, 100, and 200 to serve as prior information
for the training of subsequent fusion modules. Similarly, the
source images were randomly cropped to 160× 160, and the
model was trained for 200 epochs with a batch size of 8 and
a learning rate of 1×10−5. The Adam optimizer was used for
both training stages. Hyperparameters were set to λ1 = 1.5,
λ2 = 1, and λ3 = 10. The experiments were implemented
using the PyTorch framework and executed on a workstation
equipped with a single NVIDIA RTX 4090 GPU.

B. Results and Analysis

1) Qualitative Comparison: As illustrated in the first row
of Fig. 5, FusionGAN and CrossFuse are unable to recover the
details of the flowerbed in the green box and the fine textures
of the pedestrians in the red box in low-light environments.
Although U2Fusion and Dif-Fusion retain the fine texture of
the pedestrians, they still struggle to adequately recover the
details of the flowerbed. DIVFusion and DAFusion alleviate
low-light degradation to some extent, but the flowerbed de-
tails remain blurred. While DRMF recovers clear flowerbed
details, it loses the texture information of the pedestrians. Our
approach effectively retains the details of the flowerbed while
maintaining superior texture preservation of the pedestrians.

In addition, as shown in the second row of Fig. 5, U2Fusion,
FusionGAN, Dif-Fusion, and CrossFuse fail to mitigate low-
light degradation, resulting in the inability to recover the tree
textures in the green box and the background details in the
red box. Although DIVFusion and DAFusion alleviate low-
light degradation, they exhibit color deviations, and the texture
details remain blurred. While DRMF effectively recovers tree
textures and background details, it shows limited perfor-
mance in maintaining the saliency of infrared thermal targets.
In contrast, our method simultaneously alleviates low-light
degradation and effectively preserves both infrared thermal
information and fine-grained visible textures and details.

2) Quantitative Comparison: Table I presents the average
performance metrics of different fusion methods evaluated on
200 randomly selected image pairs from the LLVIP dataset.
which are strictly non-overlapping with the training set. Our
method outperforms the comparative methods, ranking first in
four metrics and second in both EN and MI. The superior
AG and SF scores demonstrate that our method captures
richer spatial details and more effectively retains edge and
texture information. The top VIF score shows that our fused
results are closer to human visual perception. A larger SD
value highlights that our method achieves higher contrast,
resulting in a clearer distinction between thermal targets and
the background in the fused results.

C. Generalization Experiment

1) Qualitative comparison: The third to sixth rows of Fig. 5
provide the visual comparisons between the proposed method
and seven other comparative methods on the M3FD and
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Fig. 5. Visual comparison of our method with seven other methods on the LLVIP, M3FD and MSRS datasets.

TABLE I
QUANTITATIVE COMPARISON OF OUR METHOD WITH SEVEN OTHER

METHODS ON THE LLVIP, M3FD AND MSRS DATASETS. THE BEST AND
SECOND BEST RESULTS ARE HIGHLIGHTED IN BOLD RED AND BOLD

BLUE, RESPECTIVELY.

Method EN AG SF SD VIF MI
LLVIP Dataset

FusionGAN 6.614 3.085 10.342 31.007 0.426 2.549
U2Fusion 6.582 4.977 15.558 37.030 0.530 2.266

DIVFusion 7.592 5.798 16.164 52.876 0.752 2.159
Dif-Fusion 7.146 5.695 17.448 43.118 0.680 2.921

DRMF 7.357 7.972 21.280 52.061 0.918 3.575
CrossFuse 6.499 4.167 15.231 27.494 0.741 2.336
DAFusion 7.334 5.784 18.639 50.476 0.809 2.859

Ours 7.489 8.510 23.245 53.412 1.021 2.975
M3FD Dataset

FusionGAN 6.972 3.916 12.539 37.156 0.425 3.032
U2Fusion 7.102 6.103 17.853 39.812 0.620 2.861

DIVFusion 7.558 5.478 16.627 52.950 0.622 2.908
Dif-Fusion 6.876 5.733 17.795 34.911 0.527 3.286

DRMF 6.953 5.502 19.326 40.544 0.837 5.117
CrossFuse 6.677 4.587 15.274 32.360 0.719 3.531
DAFusion 7.206 6.295 19.841 51.832 0.778 3.463

Ours 7.396 7.802 22.159 53.714 0.904 3.546
MSRS Dataset

FusionGAN 5.637 1.724 5.117 20.012 0.477 1.939
U2Fusion 5.314 2.606 8.288 23.558 0.525 2.030

DIVFusion 7.386 4.772 12.588 53.516 0.776 2.365
Dif-Fusion 6.687 3.951 11.722 42.989 0.835 3.346

DRMF 7.258 4.144 12.756 56.361 0.987 4.768
CrossFuse 6.533 3.039 9.681 37.620 0.838 3.130
DAFusion 7.170 5.165 13.973 47.808 1.015 2.636

Ours 7.513 4.951 14.459 56.821 1.068 3.658

MSRS datasets, respectively. Our method provides brighter
scenes and effectively alleviates the low-light degradation
issue. As observed in the red box, the pedestrian edges in
our method are clearer and the contours more complete. The

region within the green box shows that our method retains the
edges of building window frames, as well as the fine texture
details of billboards and stair handrails, more effectively than
comparative methods.

2) Quantitative comparison: We randomly selected 200
image pairs from the M3FD and MSRS datasets, respectively,
for quantitative comparison. Table I shows the average perfor-
mance metrics of our method and seven other different fusion
methods. The results indicate that our method obtained the
highest scores in SD, VIF, and SF, demonstrating that the
fused images generated by the proposed method possess higher
contrast, richer texture details, and improved visual informa-
tion fidelity. To conclude, the proposed approach demonstrates
favorable performance on both the M3FD and MSRS datasets,
validating its excellent generalization ability.

D. Ablation Study
We performed an ablation analysis to evaluate the DEMM

and CAAFM modules, as well as the diffusion process and
timesteps. These experiments were conducted on a subset of
200 image pairs randomly selected from the LLVIP dataset.

1) Ablation Study on the Proposed Modules: First, we
removed the DEMM from the original model, as shown in
Fig. 6(c). Without utilizing the degradation embedding ex-
tracted by the degradation-aware encoder to modulate visible
diffusion features, the network cannot effectively mitigate low-
light degradation, resulting in the fused image failing to fully
represent scene information. Second, we replaced CAAFM
with an average weighted fusion strategy, as illustrated in
Fig. 6(d). Because of the absence of cross-attention for model-
ing cross-modal dependencies, and the absence of channel and
spatial attention for calculating fusion weights, the fused image
cannot fully integrate complementary information, leading to



(a) Visible (b) Infrared (c) w/o DEMM (d) w/o CAAFM

(h) Our(f) t=5,50,100(e) w/o diff (g) t=100,200,400

Fig. 6. Visual comparison of the ablation study on the LLVIP dataset.

TABLE II
QUANTITATIVE ABLATION ANALYSIS OF THE PROPOSED MODULES ON THE

LLVIP DATASET.

Method EN AG SF SD VIF MI
w/o DEMM 6.972 5.749 16.548 42.865 0.748 2.917
w/o CAAFM 7.315 8.157 20.853 51.812 0.927 2.961

Ours 7.489 8.510 23.245 53.412 1.021 2.975

TABLE III
QUANTITATIVE ABLATION ANALYSIS OF THE DIFFUSION PROCESS AND

TIMESTEPS ON THE LLVIP DATASET.

Timesteps EN AG SF SD VIF MI
w/o diff 6.987 7.812 20.370 49.012 0.796 2.561
5,50,100 7.150 7.920 21.981 52.192 0.891 2.706

100,200,400 6.154 3.071 11.512 31.756 0.503 2.361
Ours 7.489 8.510 23.245 53.412 1.021 2.975

the loss of detail within the green box and texture within
the red box. The quantitative results of the ablation study in
Table II show that only by incorporating both DEMM and
CAAFM can the best performance be achieved.

2) Ablation on Diffusion Process and Timesteps: To in-
vestigate the impact of the diffusion process and different
timesteps on fusion performance, we first removed only the
diffusion process while maintaining the original network ar-
chitecture, as demonstrated in Fig. 6(e). In the absence of dif-
fusion prior guidance, although the fused results can alleviate
low-light degradation to a certain extent, color information
is severely lost. Subsequently, while retaining the diffusion
process, we selected different combinations of timesteps to
extract features, with the results illustrated in Fig. 6(f) and
Fig. 6(g). When t = {5, 50, 100} is chosen, the fusion results
struggle to fully recover high-frequency texture details; when
t = {100, 200, 400} is chosen, significant information loss
occurs in the fused results due to excessive noise intensity.
The quantitative ablation results for the diffusion process and
timesteps are presented in Table III, demonstrating that the
fusion results achieve optimal performance only when the
diffusion process is maintained with t = {50, 100, 200}.

E. Cost Comparison

To evaluate the computational cost of various diffusion
model-based methods, we conducted extensive tests on a
24GB RTX 4090 GPU, with all experiments performed at a
consistent resolution of 480 × 640. The detailed results are

TABLE IV
COMPARISON OF COMPUTATIONAL COSTS FOR DIFFERENT DIFFUSION

MODEL-BASED METHODS

Method Params. FLOPs running time
Dif-Fusion 416.47M 845.27G 0.91 s

DRMF 170.98M 246.32G 5.57 s
Ours 376.62M 277.83G 3.87 s

presented in Table IV. We compared key metrics, includ-
ing the number of parameters, FLOPs, and runtime, where
lower values indicate higher computational efficiency. The
experimental results show that the proposed method offers
favorable computational efficiency and is suitable for practical
deployment.

V. CONCLUSION

In this work, we present DCAAFusion, an infrared and
visible image fusion network for nighttime low-light scenarios,
aiming to address the loss of visible information induced
by low-light degradation and the insufficient utilization of
complementary modal information. Specifically, we utilize a
pretrained conditional diffusion model and a diffusion model
to extract visible and infrared diffusion features. The Degrada-
tion Embedding Modulation Module utilizes the degradation
embedding extracted by the introduced degradation-aware
encoder to adaptively modulate the visible diffusion features,
explicitly compensating for the loss of brightness and details at
the feature level. The Cross-Attention Adaptive Fusion Module
utilizes cross-attention to model cross-modal dependencies and
adaptively fuses infrared structural information and visible tex-
ture details through dynamic weighting via channel and spatial
attention. Experimental results indicate that, when compared to
seven state-of-the-art methods, our method achieves superior
performance in both visual quality and quantitative metrics.
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