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STFNet: Self-Supervised Transformer for Infrared
and Visible Image Fusion
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Abstract—Most of the existing infrared and visible image fusion
algorithms rely on hand-designed or simple convolution-based fu-
sion strategies. However, these methods cannot explicitly model
the contextual relationships between infrared and visible images,
thereby limiting their robustness. To this end, we propose a novel
Transformer-based feature fusion network for robust image fusion
that can explicitly model the contextual relationship between the
two modalities. Specifically, our fusion network consists of a detail
self-attention module to capture the detail information of each
modality and a saliency cross attention module to model contextual
relationships between the two modalities. Since these two attention
modules can obtain the pixel-level global dependencies, the fusion
network has a powerful detail representation ability which is criti-
cal to the pixel-level image generation task. Moreover, we propose
a deformable convolution-based feature align network to address
the slight misaligned problem of the source image pairs, which is
beneficial for reducing artifacts. Since there is no ground-truth for
the infrared and visible image fusion task, it is essential to train
the proposed method in a self-supervised manner. Therefore, we
design a self-supervised multi-task loss which contains a structure
similarity loss, a frequency consistency loss, and a Fourier spectral
consistency loss to train the proposed algorithm. Extensive exper-
imental results on four image fusion benchmarks show that our
algorithm obtains competitive performance compared to state-of-
the-art algorithms.

Index Terms—Self-supervised, transformer, image fusion,
deformable convolution.

I. INTRODUCTION

INFRARED and visible image fusion [1] is a fundamental
problem in the field of image processing. The objective of
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this task is to extract salient visual features from aligned infrared
and visible images of a scene and fuse them into a new image
that is more perceptually pleasing to the human visual system.
Infrared and visible images usually exhibit complementary vi-
sual characteristics due to their different imaging principles.
For instance, infrared images tend to be clearer than visible
images in situations with poor visibility, while visible images are
typically richer in texture information than infrared images. By
fusing the respective advantages of each modality, image fusion
techniques can produce images that are more appealing to the
viewer. Therefore, it has various practical applications, such as
reconnaissance, border defense, rescue, and video surveillance.

In the past decade, the progress made in infrared and visible
image fusion has been significant. One of the main reasons
for this progress is the development of more complex and
flexible fusion strategies. Early image fusion strategies are
usually designed at pixel-level by hand. For example, multi-
scale transform-based methods, such as MDBF [2], GFIF [3],
ADFA [4], MDLatLRR [5], and MSTN [6] commonly use a fixed
coefficient combination method, including the maximum and
weighted average etc. Similarly, most of sparse representation-
based fusion methods, such as SOMP [7], SRIF [8], and
JPCD [9], also adapt these fusion strategies. Some saliency-
based fusion methods, such as NSST [10], TSSD [11], and
MMGD [12], utilize the information of the saliency map to
compute fused coefficients adaptively. Several other multi-scale
transform-based methods [13], [14], [15] get the fused coef-
ficients by an optimization method. Although these methods
achieve good results, because the hand-designed fusion strate-
gies do not consider the contextual relationships between mul-
tiple modalities, which results in the fused image is unfriendly
to human perception.

In recent years, some methods attempt to use deep convolution
neural networks (CNNs) to improve the effect of infrared and
visible image fusion. Most of these methods use CNNs to
extract deep features of infrared and visible images and then
combine them in a specific feature-level fusion strategy. For
example, IFCNN [16] uses two shallow convolution layers with
a simple elementwise fusion strategy for end-to-end training.
DenseFuse [17] and DLF [18] use a pre-trained dense encoder
to get the deep features and then use a l1-norm based activity
level measurement strategy to fuse them. FusionGAN [19],
FusionDN [20], DDcGAN [21], GANMcC [22], and RXD-
NFuse [23] directly use a CNN to perform feature extraction
and fusion on two stacked images end-to-end. Similarly, VIF-
Net [24], STDFusionNet [25], PIAFusion [26], and PMGI [27]
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fuse the deep features by a concat in channel direction. Furtherly,
RFN-Nest [28] designs a residual fusion network to fuse multi-
scale features. CSBR [29] use a classification saliency evaluation
to get a pixel-level feature weight for fusion. NestFuse [30], At-
tentionFGAN [31], and MLBF [32] first use a channel and spatial
attention mechanism to re-weight feature of each modality and
then fuse them by a weighted sum or a standard CNN. Compared
with pixel-level hand-designed fusion strategies, these feature-
level fusion methods have stronger adaptive ability. However, the
core idea of all these feature fusion strategies lie in weighted or
convolution. They still do not explicitly consider the contextual
relationships between multiple modalities.

To address above-mentioned problem, we propose a Self-
supervised Transformer based feature Fusion Network (STFNet)
to model the contextual relationships between infrared and
visible images for robust image fusion. Different from exist-
ing works, the proposed method by modeling the contextual
relationships to adaptively capture and fuse the saliency feature
of each modality. Specifically, the proposed method contains
two modules, feature align network and feature fusion network.
Since the features of different modalities are not spatial aligned
usually, we design a deformable convolution based alignment
network to align these features before fusing them. This module
can eliminate artifacts caused by poorly registered of infrared
and visible images. After getting the aligned features, we design
a Transformer based feature fusion network to get the contextual
relationships of these features. This module consists of a Detail
Self-Attention (DSA) and a Saliency Cross-Attention (SCA).
DSA uses the multi-head self-attention mechanism to capture
the critical details of each modality, while SCA explores the
multi-head cross-attention to enhance salient features between
multiple modalities. These two attention mechanisms can effec-
tively obtain the contextual relationships by modeling the global
dependencies of features. In addition to the network architec-
ture, a self-supervised multi-task loss has been designed, which
comprises a structure similarity loss, a frequency consistency
loss, and a Fourier spectral consistency loss. The structural
similarity loss constrains the consistency of brightness, contrast,
and structure between the fused image and the source images,
while the frequency consistency and Fourier spectral consistency
losses ensure that the fused image maintains more details. The
fusion network is trained end-to-end using this self-supervised
multi-task loss on several multi-modality datasets. The proposed
method is validated on four benchmarks, and extensive experi-
mental results show that it achieves competitive performance.

The contributions of this paper are summarized as following
three-fold:
� We design an one-stage self-supervised Transformer based

fusion network which contains a feature align module and a
feature fusion module for robust image fusion. The feature
align module solves the misaligned problem and reduces
aircrafts in the fused image. The feature fusion module
captures and enhances the detail and salient features adap-
tively by modeling the contextual relationships between
multiple modalities effectively.

� We propose a self-supervised multi-task loss which con-
sists of a structure similarity loss, a frequency consistency

loss, and a Fourier spectral consistency loss for end-to-
end training. The proposed frequency and Fourier spectral
losses constrain the detail consistency at the pixel-level
and the global-level, respectively, which can preserve more
details from source images.

� We conduct extensive experiments on four image fusion
benchmarks to verify the effectiveness of the proposed fu-
sion algorithm. The experimental results show that our al-
gorithm achieves competitive performance compared with
the state-of-the-art methods.

The rest of this paper is organized as follows. First, we
provide an introduction to related infrared and visible image
fusion methods and existing Transformer networks in Section II.
Then, we describe the main modules and training process of our
proposed method in Section III. Next, we present our extensive
experimental results, where we evaluate and analyze the effec-
tiveness of the proposed fusion method. Finally, we draw a brief
conclusion in Section V.

II. RELATED WORK

A. Deep Learning Based Image Fusion Methods

Due to the powerful representation and adaptive capabilities
of deep networks, significant progress has been made in deep
network-based infrared and visible image fusion methods in
recent years. Deep network-based image fusion methods can
be broadly categorized into two groups based on their training
methods: two-stage methods and one-stage methods.

Two-stage fusion method: These methods usually first train a
generic image reconstruction encoder to extract deep features,
and then design a hand-crafted fusion strategy or train a fusion
network to get the fusion result. For instance, Li et al. [17] first
train an image reconstruct encoder on visible images using a
dense net architecture to extract deep feature of both visible and
infrared image. Then, they design a l1-norm based hand-crafted
fusion method to get final fusion image. Considering the poor
adaptability of the hand-crafted fusion strategy, they then design
an attention-based parameter-free fusion method [30] based on
the pre-trained reconstruct network. To further improve adapt-
ability of fusion method, they train a residual fusion network [28]
based on fixed pre-trained reconstruct network end-to-end. Sim-
ilarly, Wang et al. [33] first train a Swin Transformer [34] based
reconstruct encoder for more robust feature extraction, and then
use an extended l1-norm based hand-crafted fusion strategy.
Different from the above methods, DIDFuse [35] decomposes
the encoder into two complementary features of details and
background to learn reconstruction, and then uses several hand-
crafted fusion strategies for fusion. SFAFuse [36] designs a
feature adaption reconstruct encoder to obtain more effective
feature representation for both visible and infrared images,
and then trains an attention based enhancement fusion module.
TransFuse [37] proposes a Transformer-based global feature and
CNN-based local feature fusion module to reconstruct image,
and then also uses a simple hand-crafted fusion strategy. Al-
though these two-stage based fusion methods achieve good per-
formance, the feature learning and fusion process are separated,
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which is not conducive to making full use of the complementary
relationship between different modalities.

One-stage fusion method: Unlike above-mentioned two-stage
fusion approaches, the one-stage fusion method learns the fea-
ture encoder and fusion strategy end-to-end simultaneously. For
example, FusionGAN [19] first formulates the image fusion task
as a generative adversarial problem, and then design an adver-
sarial training manner based fusion method with an adversarial
loss and a self-supervised content loss. To improve the fidelity
of the fused image, they also propose a dual-discriminator based
generative adversarial network for more robust fusion [21].
Considering the detail information is critical for fused result,
Ma et al. [38] propose a detail preserving loss on the generative
adversarial framework to get more boundaries and textures of
the source images. Similarly, Li et al. [31] propose a multi-
scale attention module and then integrate it into the generative
adversarial framework to adaptively focus on the foreground
of infrared image and background details of visible image.
Unlike above-mentioned adversarial based fusion method, Long
et al. [23] propose a unsupervised end-to-end residual dense
network with a feature-level and an image-level similarity con-
strains to get fused image directly. U2Fusion [39] designs an uni-
fied and unsupervised dense network with a data-driven weight
strategy of loss functions for fusion tasks. Both DATFuse [40]
and CGTF [41] use a convolution and Transformer layer to get
more powerful feature. SwinFusion [42] uses a Transformer
based fusion strategy with an end-to-end deep encoder. AFT [43]
stacks multiple Transformer layers in feature extraction and fea-
ture fusion stages simultaneously. In addition, there are several
works integrating image registration and fusion into a single
framework for unaligned image fusion. For instance, RFNet [44]
designs a coarse-to-fine registration network and an attention
based fusion method and then combine them into an unified
framework. Similarly, Wang et al. [45] integrate a generation
based registration network and an corssmodality interaction
fusion method for unaligned image fusion. Since these one-stage
methods avoid hand-designed fusion rules and separation from
feature encoder, they are more robust to image fusion in different
scenes. Following this advantage, our method uses an end-to-end
self-supervised framework to learn the encoder and fusion strat-
egy simultaneously. However, different from these methods, our
method explicitly models the multimodal fusion process using
a feature align module and a Transformer based feature fusion
module.

B. Visual Transformer

The success of the Transformer [46] model in natural language
processing has inspired researchers to explore its applicability
in computer vision tasks. In recent years, significant progress
has been made in extending the Transformer model to various
computer vision applications. Since the first visual Transformer:
ViT [47] makes a breakthrough in the classification task, it has
been widely applied to different visual tasks, including object
detection [48], tracking [49], [50], and segmentation [51] etc.
Unlike the convolution operation, which can only focus on
local regions of an image, Transfomer can model the long-range

dependencies of an image. This feature comes from the attention
mechanism and is crucial for many high-level image understand-
ing tasks. For example, DETR [48] uses a self-attention based
Transformer to model the relationship between each object and
its background for end-to-end object detection. TransT [52] uses
both the self-attention and cross-attention based Transformer
to fuse the feature of target template and search region for
robust visual tracking. SOTR [51] designs a position-aware
twin self-attention based Transformer to model the global pixel-
level dependency for object segmentation. Different from these
methods, our method uses Transformer to model contextual
relationships between infrared and visible modality.

C. Self-Supervised Learning

In recent years, self-supervised learning has emerged as a
popular technique for solving various visual tasks, including
image classification [53] object detection [54], visual track-
ing [55], etc. Self-supervised learning offers a promising al-
ternative to costly and time-consuming data annotation. It can
be broadly categorized into three paradigms based on its role
in the target task. First, self-supervised learning pre-trains a
general representation learning network using a pretext task
on large-scale unlabeled datasets, and then fine-tunes it on
downstream tasks. For example, SiamCLR [56] uses an image
augmentation based contrastive learning pre-text task to learn a
general visual representation, and then fine-tunes it on the part
of ImageNet for image classification. Second, self-supervised
learning is usually trained as an auxiliary task together with the
target task. For example, BF3S [57] uses a self-supervised rota-
tion as an auxiliary task to obtain richer visual representations
for classification. Different from the above two paradigms, the
third way of self-supervised learning is directly related to the
target task. This kind of way usually occurs when the target task
cannot provide label information, e.g., image generation task. In
this paper, we propose three kind of self-supervised losses for
the image fusion task, which belong to the third paradigm.

III. PROPOSED FUSION METHOD

A. Algorithm Review

As shown in Fig. 1, our proposed algorithm contains three
components, including an encoder-decoder module, a feature
align network, and a feature fusion network. What’s more, we
can see that the proposed framework is an one-stage and can
be trained by a self-supervised loss function end-to-end. Given
a pair of infrared and visible images Ir, Iv , they first through
two parameter shared encoders to get the feature representation,
respectively. Here, we use a five convolution blocks as the
encoder. Since a pair of infrared and visible image are not always
strictly aligned, especially the training dataset come from dif-
ferent acquisition devices, we adopt a deformable convolutional
network to align the features of the two modalities. This module
has a significant effect on dealing with the subtle misalignment
issue. After getting the aligned features, we use a Transformer
based feature fusion network to model the contextual relation-
ships between the infrared and visible images. This network
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Fig. 1. Framework of our image fusion algorithm, STFNet. It contains an encoder-decoder module, a feature align network, and a feature fusion network. The
feature fusion network mainly contains two components: DSA and SCA (see Fig. 3).

adaptively obtains salient features of two modalities and fuses
them through a multi-head self-attention and a multi-head cross-
attention modules. Once the fused features are obtained, we use
a deconvolution network as decoder to restore the fused image
If . Since shallow convolution feature has a significant impact on
image restoration tasks, we use a feature concatenation operation
between encoder and decoder just like UNet [58].

B. Encoder-Decoder

We use an encoder-decoder architecture as the framework of
our fusion algorithm. The proposed feature align network and
feature fusion network can be easy plugged into this framework
and can be trained end-to-end. The encoder consists of five
convolution blocks, which is used to obtain the deep convolution
features of infrared and visible images. Each convolution block
has two convolution layers (kernel size = 3× 3, stride = 1,
padding = 1) and a maxpooling layer (kernel size = 2) except
for the last block. Each convolution layer is followed by an
ReLU activation unit. Given a pair of infrared and visible in-
put image Ir ∈ RHim×Wim×1, Iv ∈ RHim×Wim×1, the output
of the encoder are two corresponding feature maps of each
convolution block with different resolution. Before fusing these
features, we first register these features using the proposed
feature align network on each convolution block. Then we use
the feature fusion network to get the fused feature map on the last
convolution block, since the Transformer-based feature fusion
needs to consume high computing resources on the feature map
with large resolution.

The decoder receives the fused feature and concatenates the
aligned feature of each convolution block to restore the fused
image. The decoder consists of four convolution blocks and each
block contains a deconvolution layer (kernel size=4× 4, stride
= 2, padding = 1) and two convolution layers (kernel size =
3× 3, stride = 1, padding = 1). For each block, we first use
a deconvolution to upsample the fused feature map, and then
concatenate it with the corresponding convolution features of the
encoder in channel direction. Finally, we feed the concatenated
feature into two convolution layers to restore the fused image
gradually.

Fig. 2. Examples of the slightly misaligned infrared and visible image pairs
on two multi-modality datasets.

C. Feature Align Network

For the image fusion task, the source image pairs are usually
assumed to be strictly aligned by default. Currently, most existed
multi-modality fusion datasets usually use image registration
algorithms [59], [60] to align infrared and visible images due
to the expensive equipment to capture strictly aligned images.
However, these registration methods cannot completely and
strictly align all images of the two modalities. This results in a
lot of slightly misaligned image pairs in the dataset, as shown in
Fig. 2. This phenomenon causes some image fusion algorithms
to introduce artifacts into the fused image.

Different from previous unaligned image fusion methods,
e.g., RFNet [44] and CGRP [45], which assume that all im-
age pairs with a large misalignment and are not preprocessed
by an image registration algorithm, we assume that there just
exists silghtly misaligned of image pairs in the fusion dataset,
which have preprocessed by an image registration algorithm.
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Therefore, we suggest that it does not need a complex image
registration module instead of using a feature alignment model
is more suitable for this situation.

To solve this problem, we design a deformable convolution
based network to align the infrared and visible images in the
feature space. We first extract deep convolution features of a
pair of infrared and visible images by the encoder. Then, we
concat these two features in channel direction and use several
convolutions to predict a series of offsets for each feature point.
These offsets represent the offsets of each feature point in the
X-axis and Y-axis directions in 2D space. Finally, we use a
deformable convolution [61] to align the visible image to the
infrared image. Given a pair of infrared and visible image’s
feature mapsF ir ∈ RH×W×C andF vis ∈ RH×W×C , the offset
O ∈ RH×W×2˜K can be predicted by:

O = Convs(Concat(F ir,F vis)), (1)

where Concat(, ) and Convs() denote the feature concatena-
tion in channel direction and two k × k convolution kernels,
respectively. The channel numberK in offset equals k ∗ k. After
getting the offset, we can use a deformable convolution to get
the new aligned visible image’s feature:

F vis_aligned = DConv(F vis,O), (2)

where DConv(, ) denotes the deformable convolution [61] op-
eration, which uses a linear interpolation to apply the offset to
the feature of the visible image.

D. Feature Fusion Network

How to fuse the features of infrared and visible images is
crucial for the image fusion task. As we known that learning
saliency features of a single modality is related to its surrounding
context, while the fusion of saliency features of two modalities
is related to the context of both modalities. From the previous
introduction, we know that most of the existing feature fusion
strategies use a simple convolution or weighted average method.
However, these strategies do not explicitly consider the contex-
tual relationships between infrared and visible images.

To model the contextual relationship, we propose a Trans-
former based feature fusion network, as shown Fig. 1. The
proposed feature fusion network mainly contains a detail self-
attention (DSA) module and a saliency cross-attention (SCA)
module. These two modules model the contextual relation-
ships of a single modality and the contextual relationships be-
tween two modalities through a multi-head self-attention mech-
anism and a multi-head cross-attention mechanism, respectively.
Specifically, we first use two parallel DSA and SCA to form a
feature fusion unit, then cascade N identical units, and finally
use a SCA to select the final fused feature for reconstruction,
which is similar to SwinFusion [42]. However, different from
SwinFusion which divides the feature of an image into a se-
ries of non-overlapping local windows using a shifted window
mechanism, and then model the relationship of them using the
multi-head attention mechanism. We do not divide feature win-
dows but model the contextual relationship on all feature points.
We suggest that our method can more fully model the contextual

Fig. 3. Structure of the detail self-attention (DSA) and saliency cross-attention
(SCA) modules.

relationship of multimodal image pairs than SwinFusion. At
following, we mainly describe the structure of the proposed DSA
and SCA modules.

Detail self-attention (DSA): As shown in the left of Fig. 3, the
multi-head self-attention is the central component of the DSA
module, comprising several attention units. Each attention unit
takes in queries Q, keys K and values V as input. Specifically,
a single attention unit can be defined as follows:

Attention(Q,K,V ) = softmax

(
QKT

√
dk

)
V , (3)

where dk is the key dimensionality. Unlike the aforementioned
attention models, the multi-head attention approach employs
multiple parallel attention modules to extract valuable informa-
tion from various viewpoints. This technique has been employed
in our study to enable the feature network to focus more closely
on the details of distinct regions. The mathematical formulation
of multi-head attention is as follows:

MHA(Q,K,V ) = Concat(A1,A2, . . . ,An)W ,

Ai = Attention(QWQ
i ,KWK

i ,V W V
i ),

(4)

where W ∈ Rdm×ndv , WQ
i ∈ Rdm×dk , WK

i ∈ Rdm×dk ,
W V

i ∈ Rdm×dv are parameter matrices, and n denote the num-
ber of attention unit in the multi-head attention. Here, we set
n = 8, dm = 256, and dk = dv = dm/n = 32.

Given an image’s feature map F ∈ RH×W×C , since DSA
requires a serialized feature vector as input, we first reshape and
reduce dimension of it to form a new feature X ∈ RHW×d, the
output feature XDSA ∈ RHW×d can be formulated as:

XDSA = X +MHA(X + P ,F + P ,X), (5)

where P ∈ RHW×d represents the positional encoding using a
sine function like DERT [48].
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Saliency cross-attention (SCA): As shown in the right of
Fig. 3, the core component of SCA is the multi-head cross-
attention. Similar to DSA, the multi-head cross-attention also
contains multiple attention units. However, different from DSA,
this attention needs two different inputs. Since the input feature
vector does not contain the spatial information, we also use
a positional encoding like DSA. What’s more, we use a feed
forward neural network (FFN) to enhance the fitting ability,
which uses two linear layers and a ReLU activation unit as shown
in below:

FFN(x) = max(0,xW 1 + b1)W 2 + b2, (6)

whereW 1,W 2 and b1, b2 denotes the weight matrices and bias
vectors, respectively. Given two input features Xq ∈ RHW×d

and Xkv ∈ RHW×d, the output feature XSCA ∈ RHW×d can
be formulated as:

XSCA = XCA + FFN(XCA),

XCA = Xq +MHA(Xq + P q,Xkv + P kv,Xkv), (7)

where P q ∈ RHW×d and P kv ∈ RHW×d denote the corre-
sponding positional encoding with the input Xq and Xkv ,
respectively.

E. Self-Supervised Multi-Task Loss

Structure similarity loss: Different from most visual tasks,
image fusion task has not groundtruth. Therefore, it is critical to
design a proper self-supervised loss function to train the fusion
model. Following many previous works [30], [39], [42], we
employ a structural similarity loss which ensures that the fused
image remains consistent with the light, contrast, and structural
features of the source images. The structure similarity loss can
be described as:

Lstructure = w1(1−MSSSIM(If , Iv))

+ w2(1−MSSSIM(If , Ir)), (8)

where MSSSIM(, ) denotes the multi-scale structure similar-
ity [64], and w1, w2 represent the balance parameters. Here, we
consider the contribution of these two balance terms are the
same, i.e., w1 = w2 = 0.5.

Frequency consistency loss: In addition to the structure sim-
ilarity, we also hope the detail and intensity of fused image to
be similar to the source images. We know that high-frequency
components of an image contain its detail information, while
the low-frequency components convey its intensity information.
Therefore, we first use a Laplace operator to decompose the
source image into a high-frequency image and a low-frequency
image. Then, a constraint based on frequency consistency is
proposed as follows:

Lfrequency = ‖La(If )−Max(La(Iv), La(Ir)))‖1
+ ‖(If − La(If ))−Max(Iv − La(Iv), Ir

− La(Ir))‖1, (9)

where La(·) denotes a Laplace operator and Max(, ) denotes
the element-wise maximum operation.

Fourier spectral consistency loss: Furthermore, different from
the above-proposed frequency loss which constrains the detail
consistency in the pixel-level, we also expect the details of
the fused image to be consistent with the source image in the
global-level. To this end, we transform the image into the Fourier
domain and require the high frequency part of the fused image to
be consistent with the source images. Since the high-frequency
part of an image in the Fourier domain is calculated from all
the pixels in the image, it can constrain the fused image to
retain more details from the global-level. Specifically, we first
transform an image I into the Fourier spectral space using
Discrete Fourier Transform F :

F(I)(x, y) =
1

HimWim

Him−1∑
h=0

Wim−1∑
w=0

e
−2πi· ha

Him e
−2πi· wb

Wim · I(h,w), (10)

where x = 0, 1, . . . , Him − 1 and y = 0, 1, . . . ,Wim − 1. To
easy train the model, then we convert F from the complex
number doamin to the real number domain:

FR(I)(x, y) = log
(
1 +

√
[Re(F(I)(x, y))]2

+
√
[Im(F(I)(x, y))]2 + ε

)
, (11)

where Re(·), Im(·) are the real part and imaginary part of
F(I)(x, y)) respectively. Based on these operations, we pro-
pose a high-frequency of Fourier spectral consistency loss as
following:

LFourier = w1(‖FR
H(If )−FR

H(Iv)‖1)
+ w2(‖FR

H(If )−FR
H(Ir)‖1),

FR
H(x) = FR(x) · MH , (12)

where MH is a circle mask which gets the high frequency
signals from the overall Fourier spectral space.

Finally, we use above-mentioned three losses to form a new
multi-task self-supervised loss to train the proposed fusion net-
work end-to-end:

Ltotal = λ1Lstructure + λ2Lfrequency + λ3LFourier, (13)

where λ1, λ2, λ3 are the weight of each loss.

IV. EXPERIMENT

A. Implementation Details

Experiment settings: We train our fusion network on several
multi-modality datasets, including KAIST [62], LLVIP [65],
M3FD [63], MSRS [26], and VLIRVDIF [66]. These datasets
contain close to 200˜K image pairs in total. At the training stage,
we resize all of the image pairs to 256× 256 and normalize them
to [−1, 1]. We set convolution kernel size k = 3 in the feature
align network, the number of feature fusion unit N = 4 in the
feature fusion network, and the radius of the mask MH is 21.
We train our fusion network 10 epochs using Adam optimizer
with an exponentially decaying learning rate of 0.0001 and
batchsize = 8. We set the weight of each loss λ1 = 1, λ2 = 10,
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TABLE I
ABLATION STUDIES OF THE NETWORK ARCHITECTURE OF OUR IMAGE FUSION ALGORITHM ON THE TNO AND ROADSCENE DATASETS

and λ3 = 1. The proposed method achieves an average speed
of 4.7 and 11.7 frames per second on the TNO and RoadScene
datasets, respectively. All of experiments are conducted on a PC
with a NVIDIA RTX A4000 GPU with PyTorch framework.

Evaluation datasets: We use four image fusion datasets for
evaluation, including TNO [67], Roadsense [39], MSRS [26],
and LLVIP [65]. Unlike some previous methods that only select
a subset of image pairs for evaluation, to facilitate fair com-
parison, we use all 42 image pairs from the TNO dataset for
evaluation. However, TNO is an older dataset with a few scenes
and most images are of low resolution. Different from TNO,
Roadsense [39] and MSRS [26] mainly focuses on the road
scenario and have 221 and 361 image pairs respectively, with
higher resolution. These two datasets captured from vehicle-
mounted and hand-held cameras within daytime and nighttime
environment. LLVIP [65] mainly contains 3463 surveillance
scenarios image pairs and their resolution is up to 1080× 720.
All of image pairs of this dataset are captured from a surveillance
camera in a low-light condition.

Evaluation metrics: We use five kind of metrics for quantita-
tive evaluation [68]. The first type is the metric based on informa-
tion entropy, which includes Entropy(EN), Mutual Information
(MI), and Peak Signal-to-Noise Ratio (PSNR). The second type
is the metric based on image feature, which includes Spatial Fre-
quency (SF), Standard Deviation (SD), Gradient-based fusion
performance (QAB/F ), and Artifact based fusion performance
(NAB/F ). The third type is the metric based on image structure,
e.g., Structural Similarity Index Measure (SSIM). The fourth
type is the metric based on correlation including Correlation
Coefficient (CC), and Sum of Correlation Differences (SCD).
The last type is metric based on human perception, e.g., Visual
Information Fidelity (VIF).

Comparison methods: We select nine more recently deep
learning based image fusion algorithms for comparison. These
methods include two-stage based methods, e.g., DenseFuse [17],
RFN-Nest [28] and one-stage based method, e.g., Fusion-
GAN [19], U2Fusion [39], IFCNN [16], SDNet [69], PIAFu-
sion [26], PMGI [27], SeAFusion [70], SwinFusion [42], and
DATFuse [40].

B. Ablation Studies

Network architecture: As shown in Table I , we show several
group comparison experiments using different components of
the proposed network. The baseline method is an encoder-
decoder architecture without any other modules. The first two

rows of Table I shows that the proposed feature fusion network
(DSA+SCA) boosts the MI metric by a large margin on both
two datasets. This demonstrate that the feature fusion network
is good at capturing the contextual information between infrared
and visible images and transferring them. We suggest that this is
mainly because the proposed detail self-attention and saliency
cross attention are effective to obtain the details of images and
contextual dependencies between infrared and visible images.
Although the feature fusion network does not show an advantage
or even a decline on the SSIM metric, it obtains a remarkable
improvement on the VIF metric. This illustrates that the feature
fusion network fuses contextual information selectively rather
than fuses as much information as possible. On the QAB/F

metric, the feature fusion network also shows an obviously gain
on both two datasets, which demonstrates that it is effective. To
demonstrate that both the DAS and SCA modules of the feature
fusion network can boost the fusion performance, we conduct
two experiments without using them, as shown in the last two
rows of Table I. We can see that removing any of them will
cause a decline in the performance. From the second to third
row of Table I, we can see that the feature align network further
improves fusion performance on the most metrics. Especially, it
achieves a remarkable improvement on theNAB/F metric. This
demonstrate that it is effective to introduce fewer artifacts into
fused images. To demonstrate the effect of the feature alignment
network more intuitively, we show a comparison of two slightly
misaligned image pairs with and without the alignment module,
as shown in Fig. 4. We can see that the first pair of images
has obvious artifacts in the person’s leg area when feature align
network is not used, and the second pair of images has more
significant artifacts on the right edge of the person, while these
artifacts disappeared when the feature alignment module is used.

Loss function: We present the effect of the each term of
self-supervised multi-task loss to the fusion results, as shown
in Table II . From the first two rows, we can see that it has
limited performance when we only use the structure similarity
loss. When we use the structure similarity loss and frequency
loss simultaneously, the performance has a huge boosting on
all the metrics. This shows that frequecy information is crucial
for the image fusion task. The last two rows of Table II shows
that the Fourier spectral consistency loss further improve the
fusion performance on the all of these metrics. Especially, on
the QAB/F metric, the Fourier spectral consistency loss obtains
about 1% gains on both two datasets. This demonstrate that the
Fourier spectral consistency loss can boost the model to persever
the high frequency details of the source images effectively.
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Fig. 4. Visualized comparison of the proposed fusion method with and without using feature align network (FAN) on two slightly misaligned image pairs in
RoadScene dataset. The red and green bounding boxes denote the misaligned region of source images and local region of fused images, respectively.

TABLE II
ABLATION STUDIES OF OUR SELF-SUPERVISED MULTI-TASK LOSS ON THE TNO AND ROADSCENE BENCHMARKS

TABLE III
COMPARISON WITH STATE-OF-THE-ART FUSION METHODS ON THE TNO [67] AND ROADSCENE [39] DATASETS

C. Comparison With State-of-The-Arts

Results on TNO: The left part of Table III shows that our
proposed algorithm outperforms other methods, achieving top
three scores on most of the metrics and comparable performance
on the others. Specifically, our method, STFNet, shows sig-
nificant improvement on the MI metric, indicating that it can
extract more information from the source images. Additionally,
STFNet achieves the second-best score (0.5373) on the QAB/F

metric, suggesting that it can extract edge information more
effectively. We attribute these good results to the fact that the

proposed feature fusion network can better model the contextual
relationship between the multimodal images. What’s more, our
method gets the best score on the NAB/F metric. This shows
that the fused image generated by our method introduces fewer
artifacts compared with other methods. This is mainly because
our method contains a feature align network which can solve the
slight misaligned problem of the infrared and visible image pair.
Although the proposed method is not achieve the best structure
similarity with the source images, it obtains the second-best
visual information fidelity. This means that the fused image
generated by our method is more friendly for human perception.
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TABLE IV
COMPARISON WITH STATE-OF-THE-ART FUSION METHODS ON THE MSRS [26] AND LLVIP [65] DATASET

To demonstrate the proposed method achieves favorable perfor-
mance more intuitively, we compare fused images of several
state-of-the-art methods with our method on six challenging
image pairs, as shown in Fig. 5. The first three columns show
that the our method preserves the salient intensity information
in the infrared and visible images, while most of other methods
weaken these intensity information to some extent. As shown
in the last three columns, our method can better transfer edge
details and textures from the source image to the fused image
while preserving the intensity information well.

Results on RoadScene: The right part of Table III illustrates
that our proposed method also achieves top three performance on
half of the metrics and competitive results on the others. Notably,
our method obtains the best scores on the MI andNAB/F metrics
of the RoadScene dataset, which are consistent with the results
on the TNO dataset. When compared to the SeAFusion [70]
method, our proposed algorithm exhibits an 8% improvement on
the VIF metric. Interestingly, this indicates that high-level vision
tasks driven fusion methods may not always be beneficial for
human perception. Furthermore, our method shows a significant
improvement on the MI metric than SwinFusion [42] which also
uses a Transfomer fusion strategy. This suggests that our fusion
strategy excels at transferring information from both source im-
ages rather than maintaining the same content as one of them. To
validate our method introduces fewer aircrafts into fused images,
we show a visualization comparison, as shown in Fig. 6. We can
see that most of the methods produce noticeable artifacts at edges
of the tree, while our method is able to produce more natural
image without any artifacts. In addition to these two metrics,
our method achieves the best score on the VIF metric and the
second-best score on the SD metric. These results demonstrate
that the fused images generated by our method are more friendly
to the human perception. As shown in Fig. 7, most methods
can focus on salient objects in the infrared image, however our
method can not only transfer saliency information in the infrared
image but also transfer details in the visible image (e.g., bicycle
wheel). Results on MSRS: The left part of Table IV indicates
that our proposed method achieves competitive performance on

most metrics. For instance, on the MI and QAB/F metrics, our
method obtains the best and fourth-best scores, respectively,
demonstrating its robustness in transferring edge information
into the fused image in different scenarios. On the EN and VIF
metrics, our method achieves the third-best results, indicating
its ability to capture details and preserve intensity from source
images. When compared hand-crafted fusion strategy based
methods, DenseFuse [17] and RFN-Nest [28] which cannot
consider contextal information, our method outperforms these
two methods on the MI and QAB/F metric remarkably. This
show that the propsoed fusion strategy can model contextal
information and transfer them into the fused images effectivley.
Compared to the PIAFusion [26] method, which achieves the
best score on the VIF metric, our proposed algorithm introduces
fewer artifacts while maintaining similar performance on the
VIF metric. This demonstrates that our fusion strategy is robust
to illumination variations due to its strong adaptive capabil-
ity. Figs. 8 and 9 present daytime and nighttime visualization
comparisons of fused images. Our proposed method effectively
transfers salient intensity and detail information from the source
images regardless of lighting changes.

Results on LLVIP: The right part of Table IV demonstrates
that our proposed method achieves similar results as on the
other three datasets. Specifically, the proposed method obtains
the second-best score on the EN metric. These results suggest
that our method can generate fused images with richer infor-
mation compared to most other fusion methods. Additionally,
our method exhibits favorable performance on the MI and VIF
metrics, indicating its good generalization ability to different
scenarios. Compared with one-stage method IFCNN [16] which
uses a simple convolution based fusion strategy, our method
achieves a 10% gain on the VIF metric, despite IFCNN achieves
a higher score on the QAB/F . This means that the proposed
fusion network pays more attention to global information of the
source images, which is crucial to human perception. Figs. 10
and 11 show that the proposed method is good at to transfer
the details of low-light visible images and intensity of infrared
images. When compared to the one-stage method IFCNN [16],
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Fig. 5. Visualized comparison of our image fusion algorithm (STFNet) with others on several challenging image pairs of the TNO [67] dataset. From top to
bottom, each row represents source infrared image, source visible image, fused images of DenseFuse, FusionGAN, U2Fusion, IFCNN, SDNet, PMGI, SwinFusion,
and our STFNet, respectively.
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Fig. 6. Visualized comparison of the proposed fusion method (STFNet) with nine state-of-the-art methods on the ‘FLIR_06832’ image pair of the RoadScene [39]
dataset.

Fig. 7. Visualized comparison of the proposed fusion method (STFNet) with nine state-of-the-art methods on the ‘FLIR_08835’ image pair of the RoadScene [39]
dataset.

Fig. 8. Visualized comparison of the proposed fusion method (STFNet) with nine state-of-the-art methods on the daytime ’00634D’ image pair of the MSRS [26]
dataset.

which uses a simple convolution-based fusion strategy, our
proposed algorithm exhibits an improvement of 10% on the
VIF metric, despite IFCNN achieving a higher score on the
QAB/F metric. This suggests that the proposed fusion network
places greater emphasis on global information from the source
images, which is crucial for human perception. Figs. 10 and 11
demonstrate that our proposed method excels at transferring the
details of low-light visible images and the intensity of infrared

images. However, when the low-light image contains severe
exposure phenomena, the proposed method cannot effectively
suppress the exposed regions, which are usually considered as
rich details and preserved into the fused image. We suggest
that this is mainly because the proposed method does not have
high-level semantic supervision and can only reconstruct images
from the pixel level. In the future, we will explore high-level
semantic supervision to address this challenge.
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Fig. 9. Visualized comparison of the proposed fusion method (STFNet) with nine state-of-the-art methods on the nighttime ’00882 N’ image pair of the MSRS [26]
dataset.

Fig. 10. Visualized comparison of the proposed fusion method (STFNet) with nine state-of-the-art methods on the ‘190066’ image pair of the LLVIP [65] dataset.

Fig. 11. Visualized comparison of the proposed fusion method (STFNet) with nine state-of-the-art methods on the ‘210021’ image pair of the LLVIP [65] dataset.

V. CONCLUSION

In this paper, we present a novel one-stage self-supervised
method for fusing infrared and visible images, called STFNet.
Unlike existing hand-designed and convolution based fusion
strategies, our method leverages the Transformer-based feature
fusion network which allows us to train the encoder and de-
coder end-to-end for optimal fusion performance. Our proposed
method utilizes multi-head self-attention and multi-head cross
attention to model the contextual relationships between the
infrared and visible images, which is crucial for the image fusion

task. Additionally, we design a feature align network to address
the slight misalignment problem that can arise during the fusion
process. This module helps to effectively reduce artifacts in the
fused images. To ensure end-to-end training of our fusion model,
we propose a self-supervised multi-task loss that includes three
loss functions: structural similarity loss, frequency consistency
loss, and Fourier spectral consistency loss. These three losses
work together to enhance the fusion performance from different
perspectives. Extensive experiments conducted on four widely
used image fusion datasets have demonstrated the effectiveness
of our proposed method. The results show that STFNet achieves
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competitive performance compared with existing state-of-the-
art fusion methods in terms of both qualitative and quantitative
evaluations. In the future, we will explore more compact and
effective Transformer architecture and stronger detail constrain
for getting better fused results. In addition, large-scale unaligned
image fusion is more practical, and we will study a unified
framework for alignment and fusion.
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