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Abstract: The fusion of infrared (IR) and visible (VIS) images aims to synthesize fused images with
salient targets and enriched details. However, existing fusion methods face challenges in integrating
modality-specific features. Accordingly, we proposed an image fusion method based on a dual-channel
fusion strategy, termed DCGAN-Fuse. First, we created a dual-channel fusion strategy and constructed
a dual-channel fusion module (DCFM) to integrate shared and complementary information across both
modalities. Second, during the feature enhancement phase, we designed an attention-enhanced gradi-
ent retention module (AEGRM) to enhance edge feature extraction and enforce spatial consistency.
Moreover, we used the multi-scale module (MSM) to capture fused features and avoid information
loss from the two source images. We have improved the loss function by introducing the maximum
intensity loss function for our proposed method. Experiments on public datasets demonstrated that our
method generates fused images with highlighted infrared targets and enriched textures. Both subjective
and objective assessments indicated that our DCGAN-Fuse is better than the other thirteen advanced
algorithms.
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1. Introduction

Visible (VIS) and infrared (IR) images exhibit different imaging principles, leading to their com-
plementary information characteristics. VIS images contain rich scene details and texture information
but are easily affected by adverse weather conditions. IR images contain high-contrast targets but
lack comprehensive background details. The fusion of IR and VIS images effectively integrates their
complementary advantages, and fused images showcase pronounced thermal targets and well-defined
textures. Consequently, they have been widely used in image enhancement [1], target recognition [2],
detection [3], tracking [4], agricultural automation [5], remote sensing [6], and other domains [7,8]. [7]
applied them to accurate face recognition, and [8] extended to RGB-D image segmentation.
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Current fusion methods can be broadly classified into two categories: traditional methods and deep
learning-based methods. Traditional infrared and visible image fusion methods include multi-scale
transformation-based methods [9], sparse representation-based methods [10], saliency-based methods
[11], subspace-based methods [12], mixed-based methods [13], and others [14—16]. [14] transformed
image fusion into an optimization problem. [15] used a contrast-based fusion approach in the discrete
cosine transform (DCT) domain. [16] constructed four-tap size-limited filter banks to ensure lossless
reconstruction during the multi-scale decomposition process. However, traditional fusion methods
relying on manually designed feature extraction and fusion rules find it difficult to comprehensively
consider all aspects and details in the fusion process.

In contrast to traditional methods, deep learning methods have better information expression abil-
ity [17]. Deep learning-based fusion techniques are primarily categorized by their network architec-
tures, such as autoencoder (AE), convolutional neural network (CNN), generative adversarial network
(GAN), and transformer. For CNN-based methods, Prabhakar et al. [18] designed a network with two
convolutional layers and a feature reconstruction layer with three convolutional layers. However, shal-
low architectures struggle to capture high-level semantic features. [19] proposed a novel image fusion
framework based on residual networks and zero-phase component analysis (ZCA) to generate feature
weight maps, yet this method still inherits biases from manual rule design. Li et al. [20] used dense
connections combined with the L; norm and softmax fusion rules to extract deep features and apply a
fusion strategy. It is a typical AE-based fusion method.

Addressing the absence of ground truth in fusion tasks, GAN-based methods leverage adversarial
training to refine output quality. Ma et al. [21] first utilized a GAN framework to preserve infrared
thermal radiation and visible textures simultaneously. Nevertheless, a single discriminator often fails
to balance multi-modal distributions. To address the imbalance issue, several dual-discriminator-based
fusion frameworks have been proposed, such as [22,23]. Transformer-based methods are gradually
applied to the image fusion field, such as Swin Transformer [24] and DATFusion [25]. A convolution-
guided transformer framework for visible and infrared image fusion was proposed by Li et al. [26]. In
their approach, local features were computed via a convolutional feature extraction module, which was
used to guide the transformer-based feature extraction module. Tang et al. [27] proposed a Y-shaped
dynamic transformer. They employed Y-shaped branches for image feature extraction and designed
a dynamic transformer module (DTRM) to capture local features and critical contextual information.
Hu et al. [28] proposed a feature network with a dual-branch PoolFormer-CNN. In the PoolFormer
blocks, basic spatial pooling is used to replace the attention module of the transformer for extracting
low-frequency global information. However, these methods fail to consider the interactive information
between different modalities. Tang et al. [29] took into account the information interaction in the fusion
process of infrared and visible light, and proposed a cross-modal interactive transformer. They also
designed cross-modal attention and transformer blocks to integrate features and establish multi-modal
long-range relationships. These methods can better capture the global dependencies in images, thereby
improving fusion performance.

Although these methods have achieved good fusion images, there are still some problems, such as
inadequate retention, detail loss, and insufficient fusion.

Considering the above problems, this paper proposes a method based on the dual-channel fusion
strategy and dual-discriminator for IR and VIS image fusion.

In summary, the main contributions of the proposed method are as follows.
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e We present a novel generative adversarial network framework based on the dual-channel fusion
strategy and dual discriminators. The dual-channel strategy ensures the full fusion of cross-modal
information, while the dual discriminators collaboratively guide the generator to produce fused
images with balanced brightness, prominent thermal targets, and rich background textures.

e We propose the dual-channel strategy, which reconstructs the working logic of the key link of
fusion. During the feature fusion stage, we construct common features and differential features,
and then combine them with edge features. By using this method, we effectively address the issue
of incomplete information fusion and provide new insights for feature fusion.

¢ In different feature processing stages, we design three modules with positive synergistic effects,
namely the attention-enhanced gradient retention module (AEGRM), dual-channel fusion mod-
ule (DCFM), and multi-scale module (MSM). The synergy between these modules establishes a
progressive processing mechanism of “first strengthening key features, then accurately fusing fea-
tures, and finally extracting features at full scales”. This mechanism enables the sufficient fusion
and reconstruction of features from different modalities, thereby improving the model’s fusion
performance.

e Experiments on three mainstream datasets show that the proposed approach outperforms the other
thirteen state-of-the-art methods in both quantitative and qualitative evaluations.

In Section 2, we discuss the Wasserstein generative adversarial network (WGAN). In Section 3, we
describe the formulation of the problem and detail the proposed network architecture and loss func-
tion. In Section 4, we present experimental comparisons with state-of-the-art methods, including both
qualitative and quantitative evaluations. Finally, the conclusions are given in Section 5.

2. Related work

In this section, we introduce the WGAN.

2.1. Wasserstein generative adversarial network (WGAN)

In 2017, Arjovsky et al. proposed WGAN [30]. Unlike the original GAN, WGAN replaces the
Jensen-Shannon (JS) divergence with the Wasserstein distance to measure the similarity between two
probability distributions. This replacement addresses the vanishing gradient issue in GAN training. To
enforce the 1-Lipschitz continuity constraint on the network, WGAN employs weight clipping. The
objective function of WGAN is formulated as follows:

E.. D
D~1{12?p)§chitz{ * pdm[ (x)] (21)

— E., [D(G(2)]}.

However, in WGAN, the discriminator’s weights are clipped to a fixed interval to enforce the 1-
Lipschitz constraint, which easily leads to the gradient vanishing or gradient explosion in the model.
Therefore, Petzka et al. [31] proposed a more moderate regularization term, instead of applying hard-
weight clipping. The modified objective function incorporates a gradient penalty term, leading to more
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stable training. The improved WGAN objective function for the discriminator is formulated as follows:

max E e p [D(X)] = E,., [D(G(2))]
(2.2)
— ABsp, [(max {0, [V:D@)Ih — 1)°],

where the first two terms estimate the Wasserstein distance via the Kantorovich-Rubinstein duality, and
the third term is the Lipschitz penalty proposed by Petzka et al. [31]. Here, X is sampled uniformly
along straight lines between real x.., and generated x,., data pairs,

X = €xpea + (1 — e)xgen’ e ~ U[0,1], (2.3)

where A controls the penalty strength for violating the 1-Lipschitz constraint.
3. Our model

In this section, we comprehensively describe our model. First, we present the problem formulation
of our method. Then, we elaborate on the detailed structure of the generator and discriminator. Finally,
we define the loss functions for the generator and discriminator.

3.1. Problem formulation

We propose a dual-discriminator generative adversarial network based on a dual-channel fusion
strategy to comprehensively capture and fuse information from infrared and visible images. The whole
network includes one generator G and two discriminators (D;,, D,;;). Figures 1 and 2 show the specific
training and testing processes. During training, the generator receives infrared images /;, and visible
images I,;; and generates fused images I, through our designed network architecture. Each discrim-
inator operates on either /;, or I,;; to ensure the fused results retain comprehensive information from
the source images through adversarial training with G. Specifically, within the generator, /;, and /,;,
are fed into residual blocks for feature extraction. The multi-level features extracted by each residual
block undergo channel separation at different levels, while the remaining features continue to be fur-
ther processed through deeper residual blocks for deeper feature extraction. Subsequently, the infrared
and visible features are input into the DCFM. The dual-channel fusion strategy thoroughly fuses infor-
mation from different modalities while avoiding detail loss. Within the fusion module, we design two
branches to extract differential features and common features, respectively. These two types of features
are then fused with spatial detail features refined through a gradient operator and an attention module.
Finally, the fused features are processed through the MSM and the 1 X 1 convolutional layer, ultimately
reconstructing Iy. In our network, we employ two structurally identical discriminators, D;. and D,
to distinguish between Iy and source images of the corresponding modality, utilizing the Wasserstein
loss as the adversarial loss for both the discriminators and the generator. Additionally, we construct the
generator’s loss function by combining adversarial loss L, intensity loss L;,, perceptual loss L.,
mean loss L,,.,, and L; loss to constrain the generator in producing high-quality fused images. More
specific details regarding the architectures of the generator, discriminators, and the formulation of loss
functions can be found in Section 3.

In the testing phase, the trained generator generates fused images I, by processing input infrared
images I/ and visible images I, .
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Figure 1. Overview of our method.

As shown in Figure 2, the infrared and visible images are fed as inputs to G, which outputs the
final fused image. The generator consists of residual blocks (RBs), the attention-enhanced gradient
retention module (AEGRM), the dual-channel fusion module (DCFM), the multi-scale module (MSM),
and feature reconstruction layers. The generator comprises two parallel branches with residual blocks
to extract dominant features from infrared and visible images, respectively. The DCFM is designed to
fully integrate complementary and common features from both modalities. The AEGRM is employed
to reinforce edge features. Subsequently, the MSM and the last two convolutional layers are utilized to
extract fused features and reconstruct the fused image.
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Figure 2. Framework of DCGAN-Fuse.
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3.2.1. Design of different feature extraction stages

To comprehensively extract information from infrared and visible images, we create RBs, the MSM,
and the AEGRM at distinct feature extraction stages. Specifically, RBs are adopted to extract primary
features from infrared and visible images, the AEGRM enhances feature representation, and the MSM
focuses on fused feature refinement.

BN | /
é | i | o | e e e
4" ’ y
C?—» |

V4 ®)

—»I —>| /
I Conv:1x1 I Conv:3x3 Max Pooling

41 p—— I PReLU ﬂ Dilated Conv (rate=2)

(a) © Concatenate @ Element-wise Addition

Figure 3. The structure of RBs and the MSM.

Part (b) in Figure 3 represents the structure of the RBs. To enhance feature extraction and alleviate
gradient vanishing, we design these residual blocks so that each sequentially applies 1 X 1 and 3 X 3
convolutional layers, followed by element-wise addition for skip connections. PReLU is adopted to
enhance non-linearity. The RB operation is formulated as:

Frpy = F1p(F3p(Conv(Fipu)ixi) + Conv(Fipu)ixi, (3.1)

where F,; is the output of the RB, Fp indicates Prelu(Conv(-)ix1), F3p indicates Prelu(Conv(-);x3),
and F,,, represents the input of the RB. Conv(-),x; and Conv(-);x3 denote the 1 x 1 convolution layer
and 3 X 3 convolution layer, respectively.

Notably, for the feature channels after each RB are split, some features are retained for subsequent
fusion, while the remaining features are fed into deeper RBs for deeper extraction.

For multi-scale feature fusion, we propose the MSM. As shown in (a) of Figure 3, the MSM employs
a 1 x 1 convolutional layer, a 3 X 3 regular convolution, a 3 X 3 dilated convolution (dilation rate =
2), and a max-pooling layer in parallel branches to aggregate multi-scale contextual information. To
reduce feature redundancy, a 1 X 1 convolutional layer is used before each layer, reducing channel
dimensions and filtering less informative features. The MSM formulation is defined as:

Fiusm = Cat(Conv(Conv(F fuse)1x1)3x3
DilatedConv(Conv(F fyse)1x1)2x2,
MaxPooling(Conv(F ) ix1)s
Conv(F fyse)ix1)s
where F,,, is the output of the MSM, DilatedConv(-),x, indicates the 3 X 3 dilated convolution layer

with a dilation rate of 2, and MaxPooling(-) represents the max pooling layer. Cat(-) denotes a channel
connection operation. F,, indicates the finally fused features.

(3.2)
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Figure 4. The structure of the AEGRM.

Finally, to enhance texture details and highlight salient targets, we propose an AEGRM based on
the Sobel operator and attention mechanisms. This design enables gradient information to guide the
attention mechanisms, directing their focus toward edge-sensitive regions. The Sobel operator is less
affected by noise and more stable for calculating gradients in the horizontal and vertical directions
of the image to preserve edge information. We choose the Sobel operator and explain some specific
reasons in the ablation experiments section of Section 4. The structure of the AEGRM is shown in
Figure 4. The AEGRM is composed of two convolutional layers, a Sobel operator, a channel attention
block, and a spatial attention block. The first 1 X 1 convolutional layer extracts shallow features, and it
can be expressed as:

Fi, = Conv(li)1x1, (3.3)

Fis = Conv(lvis)lxla (34)

where F;, and F;, represent the shallow feature map of the infrared and visible images, respectively.
The second 1 X 1 convolutional layer reduces channel dimensionality discrepancies. The Sobel op-
erator amplifies edge features by computing gradient maps along horizontal and vertical directions.
The channel attention block reduces noise by adjusting key channels, while the spatial attention block
removes background distractions by focusing on important regions. In addition, element-wise summa-
tion is applied to integrate gradient-enhanced edge features and attention-refined contextual features.
The AEGRM formulation is defined as:

= F; + (CA(Sobel(F,)) + SA(S obel(F,))), (3.5)

iFenhanced

F = Fyis + (CA(S obel(F\iy)) + S A(S obel(F;))), (3.6)

ViSenhanced

where Fi,,. . and F,;,,..., are the infrared and visible features enhanced by the AEGRM module,
respectively. Sobel(-) represents the Sobel operator. CA(-) and SA(:) indicate channel and spatial

Electronic Research Archive Volume 33, Issue 9, 5471-5495.



5478

attention blocks, respectively.

3.2.2. Dual-channel fusion module (DCFM)

Since the extracted infrared (IR) and visible features contain both common and specific parts, we
can express the features F;, and F,;; as a combination of their common features and differential features.

_Fir+Fvis+Fir_Fvis

Fi : 3.7
> > (3.7)

Fys+ Fiy Fu—F;
Fvis — vis r + VLS lr‘ 3'8
> 3 (3.8)

These feature expressions provide theoretical support for the design of the DCFM. The dual-channel
strategy we proposed reconstructs the operational logic of the key step of fusion. We use two channels
to process the common features (F;, + F,;) and differential features |F;, — F,;|, respectively. This
dual-channel processing method enables more information extraction. In one branch, we first sum the
two modal features, then integrate edge features into the common features, and finally use convolution
to extract the enhanced common features. In the other branch, we first compute the difference between
features to diminish overlapping regions and emphasize distinct components, then incorporate edge
features into the differential features, and finally use convolution to obtain the enhanced differential
features. In this way, while capturing the common features and differential features, the network can
also fuse these features with edge features. This approach not only addresses the limitation of insuf-
ficient information in single-channel fusion but also enhances the fused features, thereby facilitating
subsequent feature processing.

DCFM

= —_—
_ _

Infrared features  Visible features ~ Conv:3x3 PReLU Sigmoid Global Average Pooling

%II

III Visible-Enhanced features ‘ Infrared-Enhanced features ©C0ncatenate

® Element-wise Multiplication e Element-wise Subtraction @ Element-wise Addition

Figure 5. The structure of the DCFM.
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The designed DCFM module processes features through parallel dual channels to achieve fusion:
one channel extracts differential information from multimodal features, while the other captures the
common part. As illustrated in Figure 5, the DCFM consists of pooling layers, convolutional layers,
and activation functions. The convolutional and pooling operations effectively suppress noise interfer-
ence while preventing feature redundancy. The DCFM employs two distinct computational strategies
to extract complementary features (F(.,,..mna,) @d common features (Feommon) from the infrared fea-

tures (F;, ) and visible features (F,; ) extracted via RBs, respectively. Specifically, F;, , and F;,,
are expressed as:

Firy = F3y (L) + Fo (L) + Fp, (1), (3.9)
Fvism[d = Fsb(lvis) + Ffb Ivis) + Frlb(lvis)- (310)

Complementary features and common features are defined as:
F common = Firadd + Fvisl,dd’ (311)
Firwmp/@m(,,,m,y = F:’h(lvis) - Ffb(lir)’ (312)
Vis('or71plementary = F;b(llr) - Ffb(l\/ls)$ (3-13)

and F
spectively. F E’b) denotes the output after i residual blocks.

where F represent the complementary features of infrared and visible, re-

trcomplementary VIScomplementary

Next, global average pooling and a sigmoid function are applied for channel weighting to obtain
high-level features. Then, the AEGRM-enhanced features are combined with these features. High-
level features of infrared images F and high-level features of visible images F\;,,  can be defined

i”_fuse isfuxe
as:
— 3
Firj'tu'e - (S G(Firzromplementa(v) X Fir(:omplementaw + Frb(llr)) (3 14)
+ (S G(F common) X F common T F ir,ldd) + F iFenhanced

— 3
FV[Sfuse - (S G(FViscamplementary) X FViSz:omplemenmr)' + Frb(IWS))

(3.15)
+ (S G(FC()mm()n) X Fcomman + F ) + FV

ViSadd iSenhanced

where  Mul(-) denotes  element-wise  multiplication, and SG(-) indicates the
Sigmoid(GlobalAveragePooling(-)) operation.

Finally, a convolutional layer integrates the enhanced and high-level features into effective fused
features. The output of the DCFM is expressed as:

Fruse = Cat(F3p(Firp,., ), F3p(Flisy,,)s (3.16)

where F,, are the finally fused features.
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3.3. Discriminator
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I ReLU I stride_:2 I stride_:1 | I Pooling

Figure 6. The structure of the discriminator.

Our network includes two discriminators, D;. and D,;,, with identical structures, both of which
function as classifiers. The input of D;, is generated images and infrared images, and the input of D,
is generated images and visible images. As shown in Figure 6, the front end of each discriminator
comprises eight 3 X 3 convolutional layers. The stride alternates between 1 and 2 across the layers,
with the corresponding number of convolutional kernels set to 32, 32, 64, 64, 96, 96, 128, and 128,
respectively. At the back-end, a global average pooling layer compresses the spatial dimensions of the
feature maps, followed by a 1 X 1 convolutional layer for classification. The discriminators exclude
the batch normalization layer and use LeakyReLU for nonlinear activation.

3.4. Loss function

The overall loss function consists of the generator loss Ls and the discriminator loss Lp. The
generator’s loss is composed of four components: adversarial loss L.z, L; loss, mean squared error
loss L, perceptual loss Lp.,, and max intensity loss L;,,. The selection of our loss functions is
inspired by Zhang et al. [32]. Specifically, L,,, facilitates adversarial training between the generator
and discriminator. Pixel-wise L, and L, losses are employed to refine image textures and semantic
details. L. acts as a regularizer to enhance perceptual quality. L;, is introduced to control intensity
variations and retain critical luminance information, designed for image fusion tasks.

LG = Lmse + aLl +ﬁLpercep + yLadv + 6Linl‘7 (317)

where @, 3, v, and ¢ are hyperparameters.

The training process of the network involves an adversarial game between the generator and the
discriminator. The generator attempts to generate high-quality fused images to fool the discriminator,
while the discriminator strives to distinguish generated images from source images. Therefore, the
goal of the generator is to maximize the discriminator’s score for the fused image /I, which means
minimizing the negative expectation of the discriminator’s output. The adversarial loss of the generator
is defined as:

Loay = _E1f~p1f [Dlr(lf)] - E1f~p1f [Dvis(lf)]’ (318)

where p;, denotes the distribution of the fused images /; generated by the generator. The first term
of the formula measures the ability of the fused image to be judged as a real infrared image by the
infrared discriminator D;,, and the second term measures the ability of the fused image to be judged
as a source visible image by the visible discriminator D,;;. We employ L, and L, as pixel-level loss
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functions:

(3.19)

(3.20)

Iir_lf|§a

where || - ||; and || - ||, represent the L;-norm and L,-norm, respectively, with W and H being the width
and height of the images. To enhance visual quality, perceptual loss is introduced:

Ws4 Hsy

Loorce L w,
percer = W54H54ZZ(‘054( o 3.21)

wel h=1
—905,4(1f)w,h) ,

where Ws 4 and Hs 4 are the width and height of feature maps extracted from the 4th and 5th layers of
a pre-trained VGG19 model.

Given that a high-quality fused image should retain the highlight regions of infrared images and
the clear textures of visible images, we use the maximum intensity loss function to constrain the fused
image to maintain an intensity distribution similar to that of the source images. Under the constraint of
this loss function, the fused image can better present the contrast between targets and the background,
making targets easier to identify. This loss can be defined as:

1
Liy = WH ||If — max (i, Lis) 1

(3.22)

The discriminator loss combines contributions from both infrared and visible light discriminators:

Lp=Lp, +Lp,, (3.23)
where Lp, and Lp,, are formulated as:
Lp, = —Ei,-p[Di(1;r)] + Elf~[)1f [D:(If)]
+ AE; |(max {019, DDl ~ 1), oy
Lp,, = —Ep, ~p[Dyis(1,i5)] + E1f~p1f [D,is(I5)]
(3.25)

+ AE; [(max (0. 1V;D,is (Dl - 1})2] .

The final term in Eqs (3.24) and (3.25) corresponds to the gradient penalty term, where A is a regular-
ization parameter and V(-) denotes the image gradient.

4. Experimental analysis
In this section, we first introduce the experimental details. Next, ablation experiments are con-
ducted to validate our proposed design. Finally, the experimental results are analyzed and compared to

demonstrate the advantages of our algorithm.
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4.1. Experimental settings

We use the TNO dataset [33] and the RoadScene dataset [34] in the experiment. The training set
consists of 35 pairs of infrared and visible images from the TNO dataset. Due to the limited number of
images in the TNO dataset, we employ a sliding window overlapping cropping method to crop source
images sequentially from top to bottom and left to right. We set the sliding window size to 64 X 64 and
the cropping step size to 24. Ultimately, we obtain 15,675 image pairs as the final training set. The
learning rate is set to 0.001, the training iterations M is set to 30, and the batch size is 10. Additionally,
the parameters involved in the loss function are as follows: @ = 0.01,5 = 0.06,y = 0.001,6 = 0.2.

In our experiment, the quality of the fused images was measured by observing the details of the
images and seven objective evaluation metrics. The seven metrics are: average gradient (AG) [35],
quality assessment based on blur and noise factors (Qabf) [36], visual information fidelity for fusion
(VIF) [35], entropy (EN) [35], edge intensity (EI) [37], and two information theory-based metrics,
QMI [38] and QNCIE [39]. EN serves to quantify the amount of information from source images that
is retained in the fused image. AG characterizes both the edge clarity and detail richness of the image
by calculating its gradient distribution. SF describes the gradient distribution of the fused image from
both horizontal and vertical directions, indicating the gray-scale change rate of the fused image within
its spatial domain. VIF takes into account the crucial information in images related to visual percep-
tion, and it is an indicator proposed based on the characteristics of the human visual system to measure
the quality of fused images. EI reflects the fused image’s ability to preserve edges from the source
images by measuring the gray-scale variation in the edge regions of the image. QMI assesses the inter-
dependence between the input images and the resulting fused output. QNCIE evaluates the nonlinear
correlation information entropy between the input images and the fused result. Higher values of these
metrics indicate richer information content, finer texture details, and superior fusion performance in
the fused image.

4.2. Ablation experiment

1) Effect of Different Modules: We conduct ablation studies to validate the impact of different design
modules by comparing the eight model architectures. Structure 1(Base): Base architecture with only
parallel RBs. Structure 2: Base + AEGRM. Structure 3: Base + DCFM. Structure 4: Base + MSM.
Structure 5: Base + AEGRM + DCFM. Structure 6: Base + AEGRM + MSM. Structure 7: Base +
DCFM + MSM. Structure 8(Ours): Our model.

Figure 7 shows the results of the ablation experiment. The results show that the images generated by
the model with the AEGRM structure perform better in terms of brightness, contrast, and edge clarity,
but suffer from blurred details of the landing gear. The DCFM and MSM structures can preserve more
details from the source images (e.g., the connection between the helicopter’s bottom and the landing
gear). This indicates that the AEGRM, DCFM, and MSM modules all exhibit certain effectiveness in
different stages of feature processing. Our model is an integration of these three modules. The fused
images it generates can not only retain high-brightness infrared targets (e.g., aircraft fuselage) but also
accurately capture detailed textures (e.g., aircraft contour).
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BasetAEGRM+DCFM  BasetAEGRM+MSM  Base+DCFM+MSM

Figure 7. Examples of ablation experiments under different modules.

Table 1. Average results of ablation experiment with different modules. Red boldface indi-
cates the best result.

Method EN AG SF VIF EI QMI QNCIE
Base+AEGRM+DCFM 59681 4.2380 14.8593 0.62067 43.9178 0.3352 0.8050
Base+ AEGRM+MSM  5.8555 4.1658 15.0557 0.6395 42.7898 0.3309 0.8048
Base+DCFM+MSM 6.7838 4.5790 12.1699 0.5965 46.9482 0.3106 0.8048

Base+ AEGRM 5.8286 4.2303 15.3826 0.6329 44.0376 0.3324 0.8048
Base+DCFM 6.6526 4.2558 12.8807 0.6593  43.1078 0.3492 0.8050
Base+MSM 6.4124 3.3989 10.4859 0.4556 34.7184 0.3578 0.8050
Base 6.2143 3.2905 10.2338 0.3174 33.7626 0.3294 0.8048
Ours 6.8231 5.1467 14.3390 0.7720 53.1825 0.3297 0.8051

To further evaluate the effectiveness of the modules, objective metrics were used to analyze 14 pairs
of fused images, with the results presented in Table 1. The model incorporating the AEGRM achieved
the optimal and suboptimal values in the SF metric. However, it obtained a lower value in the EN met-
ric. This indicates that the AEGRM structure enhances edge sharpness but suppresses a small amount
of information. The models with the MSM and DCFM structures obtained the optimal and subopti-
mal values in the QMI metric, respectively, demonstrating that these two structures can preserve more
detailed information. These results indicate that the DCFM structure has achieved positive effects in
strengthening common information and capturing complementary information, and also demonstrate
that the MSM can extract multi-scale information more comprehensively. Additionally, our model
achieved the highest values in most metrics, which are consistent with the subjective evaluation. The
experimental results demonstrate that integrating these functional modules into the base architecture
enhances fusion performance. Moreover, the combination of these modules exhibits a positive syner-
gistic effect. Specifically, there exists a specific mechanism between the AEGRM, DCFM, and MSM,
and this mechanism enables the model to generate high-quality fused images. The AEGRM module
utilizes attention and the Sobel operator to focus on key regions of the image and extract comprehensive
edge features. This design provides enhanced feature inputs for the fusion step, while also effectively
avoiding the loss of key edge information caused by subsequent convolution operations. The DCFM
module further integrates the features output by the feature extraction stage and the edge-enhanced
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features from the AEGRM module, addressing the limitation of insufficient information fusion in the
single-channel mode. For the fused features of the DCFM module, the MSM module processes them
by performing large-scale global fusion, medium-scale transition, and small-scale local refinement,
resulting in the comprehensively fused multi-scale features. The synergistic interaction between dif-
ferent modules forms a progressive mechanism that enhances key features and fuses them precisely.
The combination of these modules exhibits a positive synergistic effect and ultimately generates high-
quality fused images.

2) Effect of Different Gradient Operators: Given that our research focuses more on image fusion
rather than edge detection, we only conducted comparative experiments on commonly used edge de-
tection operators.

Visible Image Sobel Operator Laplace Operator Canny Operator

Figure 8. Examples of ablation experiments under different gradient operators.

We randomly select three images and applied the Sobel, Canny, and Laplace operators to these
visible images. The results are shown in Figure 8. To facilitate observation, important regions in the
images are marked with red bounding boxes. The Canny operator can obtain clear single-pixel edge
images by defining thresholds, but compared with images extracted by the Sobel operator, it exhibits
partial edge loss in the vertical direction (e.g., the pillars in the first row of images and the street lamps
in the third row of images). The result obtained by the Canny operator shows loss of background
information (e.g., the wall surface in the first-row image and the body contours of the pedestrian in the
third-row image). The results of the Laplace operator exhibit a large amount of noise and blurred edge
lines (e.g., the edges of human targets, numbers, and letters in Figure 10 are all unclear). Compared
with the Laplace operator, the results of the Sobel operator exhibit better visual effects. Additionally,
in image fusion tasks, fused images need to retain as much information from the source images as
possible. From this perspective, the Sobel operator retains more complete edges compared with the
Canny operator. Therefore, we choose to use the Sobel operator in the AEGRM.

3) Effect of Different Feature Fusion Structures: We conducted an ablation study on the dual-
channel design to verify its effectiveness. The fusion module comprises two components: a common-
feature fusion channel (Structure A) and a differential-feature fusion channel (Structure B). Experi-
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ments were performed using each structure independently, with results shown in Figure 9.

IR VIS Structure A Structure B Ours

Figure 9. Examples of ablation experiments under different feature fusion structures.

Observation reveals that Structure A generates a fused image with partial infrared target represen-
tation, as evidenced by the unclear lower-body contours of the person. This suggests that Structure A
fails to fully preserve critical thermal characteristics. The output of Structure B exhibits deficiencies
in detail retention, particularly in the brightness contrast between the sky and the target person, which
indicates limitations in feature extraction. These results demonstrate that neither fusion channel alone
can effectively integrate infrared and visible features.

Table 2. Average results of the ablation experiment of different feature fusion structures.
Red boldface indicates the best result.

Method EN AG SF VIF EI QMI QNCIE
Structure A 6.83482 3.8323 10.4147 0.5258 38.8261 0.3390 0.8052
Structure B 6.9579  4.6733 12.6676 0.5908 45.1612 0.3360 0.8050
Ours 7.0654 5.1366 14.9311 0.6828 49.3266 0.3872 0.8474

The average results on the 16 TNO dataset pairs are shown in Table 2. Our method achieves the
best scores in all metrics, consistent with subjective evaluations, proving that our DCFM better fuses
infrared and visible features.

4) Effect of the Hyperparameter of Generator Loss

Since this paper refers to the research of Zhang et al. [32] in the selection of hyperparameters for
Lagy, L1, Lyge, and Ly,,.,, only an experimental analysis of the hyperparameter ¢ for L;, is required.
To determine the optimal value of 9, this section experiments by setting different values of 6. Figure
10 shows the results of a set of images from TNO under different ¢ values. The results show that as ¢
gradually increases, the overall brightness and contrast of the image also increase. However, a further
increase in ¢ will lose infrared target information and reduce the brightness of the fused image. A
relatively low ¢ value tends to weaken the texture features of the original image, leading to the loss
of some key information in the fused image (such as the outline of the aircraft in Figure 10). When ¢
is set to 0.2, it works together with the hyperparameters of other loss functions to achieve a balance
between pixel intensity and texture details of the image.
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IR VIS Structure A Structure B Ours

Figure 10. Examples of ablation experiments on different hyperparameters for the generator
loss function.

To further quantitatively evaluate the fusion effect under different parameters, objective evaluation
metrics are used to analyze the images. The results are shown in Table 3. It is shown that when
¢ = 0.2, all evaluation metrics reach optimal values except for MI and Qabf. After comparative analysis
with the other four groups of hyperparameters, the model under this parameter setting achieves better
fusion performance, which is also consistent with the results of subjective evaluation. Therefore, this
hyperparameter setting will be used in subsequent experiments.

Table 3. Average results of the ablation experiments of different hyperparameters. Red
boldface indicates the best result.

Method EN AG SF VIF EI QMI  QNCIE
0=0.1 66674 4.0542 11.5707 0.3584 40.7478 0.3678 0.8058
0=02 7.0058 5.6426 16.1410 0.5729 55.8437 0.3694 0.8058
0=03 67793 43861 12.1108 0.3600 44.0599 0.3838 0.8064
0=05 69251 5.0647 15.0252 0.5625 51.7368 0.3558 0.8055
o0=1 6.8113 4.5230 13.3302 0.3855 45.3519 0.4306 0.8054

4.3. Comparison experiment

In this section, we evaluate our proposed method on publicly available datasets. We select thirteen
commonly used methods for comparison, including dual-tree complex wavelet transform (DTCWT)
[40], convolutional sparse representation (CSR) [41], ResNet and zero-phase component analysis
(RZP) [19], DenseFuse [20], FusionGAN [21], DDcGAN [22], DATFusion [25], U2Fusion [33], gen-
erative adversarial networks with multi-class constraints (GANMCcC) [42], PMGI [43], YDTR [27],
ITFuse [29], and MMAE [44]. We perform qualitative and quantitative comparisons of our method
with the approaches mentioned above.

We selected 9 pairs of images from the TNO dataset and 20 pairs of images from the RoadScene
dataset to observe the differences in the fusion quality among different methods. Three pairs of repre-
sentative images were chosen, and their fusion results under 14 methods are shown in Figure 11.
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IR images

VIS images

DTCWT

CSR

FusionGAN

DenseFuse

GANMcC

DDcGAN

PMGI

U2Fusion

DATFuse

ITFuse

YDTR

MMAE

Ours

Figure 11. Visual quality comparison of our method with thirteen advanced methods on
TNO and RoadScene datasets. Images in the first through third columns are from TNO, and
images in the fourth through the sixth columns are from RoadScene.
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Table 4. Average results of multiple image fusion methods under objective evaluation metrics
based on the TNO and RoadScene datasets. Bold red, bold green, bold blue, and bold black
values indicate the results ranking first, second, third, and fourth, respectively.

TNO
Method EN AG SF VIF EIl QMI  QNCIE
DTCWT 6.8638 4.5546 11.8321 0.2942 44.2002  0.2934 0.8039
CSR 6.6136 4.1093 10.9722 0.2796 40.2647  0.2700 0.8039

FusionGAN 6.6751 3.2469 8.1865  0.1612 31.7999 0.2896 0.8045
GANMcC 64384 4.2778 109053 0.1771 41.4923 0.2505 0.8038

RZP 6.5318 29013 7.1536 0.2647 28.5695 0.2874 0.8042
DenseFuse  6.9805 2.9528 6.0296 0.4019 31.1528 0.2653 0.8039
DDCGAN  7.5364 0.5476 56.1588 0.2273 0.8034
PMGI 6.8618 3.3842 7.9779 0.3092 34.5429 0.2742 0.8041
U2Fusion 7.1033 5.6065 12.3800 57.0102 0.2740 0.8042
DATFuse 6.4533 3.6197 9.5288 0.1479 35.1481 0.4523 0.8076
ITFuse 6.7469 2.7364 6.2558 0.1117 28.8747 0.5862 0.8145
YDRT 6.5976 3.1514 8.3253 0.2322 31.0868 0.3387 0.8052
MMAE 6.7691 3.6637 10.6760 0.1726 35.9747

Ours 5.7945 16.4651 0.6905 0.3363 0.8051

RoadScene

Method EN AG SF VIF EI QMI QNCIE
DTCWT 7.1982 5.3118 13.0510 0.3539 55.6456 0.3153 0.8058
CSR 6.9219 52988 14.1681 0.3392 55.2819 0.3244 0.8057

FusionGAN 7.3150 3.8284 9.3142  0.2565 41.0627 0.3636 0.8067
GANMcC 69032 5.4627 13.9610 0.2526 57.1035 0.3278 0.8059
RZP 6.7783 3.6905 9.3521 0.3124 38.5024  0.3475 0.8059
DenseFuse ~ 7.2745 4.0885 8.9189  0.4490 439134 0.3270 0.8056
DDCGAN  7.6263 5.3351 13.6549 0.4114 56.5455 0.3067 0.8051

PMGI 4.8090 11.3704 0.4534 51.7305 0.3923 0.8077
U2Fusion 7.1284  6.6583 70.0503  0.3020 0.8052
DATFuse 6.7793 4.3406 12.3566 0.2194 44.2112

ITFuse 6.2760 2.2634 5.3219  0.1739 244513 0.3453 0.8055
YDRT 6.8612 4.2283 11.3760 0.3160 43.6292  0.3642 0.8060
MMAE 7.2216 4.8307 13.4527 0.2928 50.1285  0.6059 0.8134
Ours 7.3252 17.5133  0.5844 0.3632 0.8064

As observed from Figure 11, there are noise points in the fused image of DTCWT, and the noise in-
troduced in the sky background is particularly obvious. DDCGAN, DenseFuse, and DATFuse weaken
the infrared targets. CSR and RZP maintain relatively complete infrared targets, but the overall bright-
ness is rather dim. In the results of FusionGAN and PMGI, some regions are not clear. GANMcC
retains more information of the infrared image, but compared with the source visible images, the tex-
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ture details are blurred. U2Fusion loses local detail information. However, YDTR and U2Fusion lose
some local detail information. Specifically, U2Fusion misses part of the background information, such
as the sky background in the third and fourth columns; in YDTR, the overall shape of the clouds in
the second column appears blurry. In the results of ITFuse, more background information from the
source visible images is preserved, but the edges of infrared targets are blurred (e.g., the outline of
the person in the first column). The brightness of target objects in MMAE is relatively low, and some
contrast information is lost (for instance, the human targets in the first column, the letters in the fifth
column, and the person in the sixth column). Compared to these images, the images produced by our
method highlight target areas and have clear texture details, and the fused images balance both clarity
and contrast. When observing from the areas marked in green, the infrared targets in the results of
DCGAN-Fuse are more prominent, and the outlines of people and objects are clearly visible. From the
areas marked in red, our method can provide more complete details, such as the branches in the first
and third columns, the clouds in the second column, the grass in the second column, and the texture
structure of the wall in Figure 11.

To comprehensively verify the effectiveness of our method, we performed objective evaluations on
the aforementioned 9 and 20 image pairs, respectively. Table 4 shows the average results for each
metric. Table 4 shows the excellent performance of our proposed DCGAN-Fuse on the TNO and
RoadScene datasets. On the TNO dataset, our DCGAN-Fuse achieves the best values in the AG, SF,
and VIF metrics, and reaches the second-best value in the EN and EI metrics. Additionally, our method
achieves the fourth-best values in both the QMI and QNCIE metrics. On the RoadScene dataset, it
achieves the best values in the two metrics of SF and VIF, and reaches the second-best values in the
AG and EI metrics. Our method ranks third in the EN metric, and performs at a medium-to-high level
in terms of the QMI and QNCIE metrics. The maximum values indicate that our DCGAN-Fuse can
extract more information from the source images, retain the most edge information, and generate better
visual images with higher contrast and clarity. Our method achieves competitive performance overall,
but it is not excellent in some specific metrics (e.g., QMI and QNCIE). This is because during the
feature extraction process of DCGAN-Fuse, we prioritized noise resistance rather than retaining all
the details. Through qualitative and quantitative evaluations, DCGAN-Fuse demonstrates advantages.
The fused results preserve richer information and achieve higher target contrast. Specifically, the fused
images preserve the salient thermal targets from infrared images while maintaining the detailed texture
information from visible images.

To verify the generalization ability of our model, we conducted comparative experiments on the
MSRS dataset. We selected 20 pairs of images from the MSRS dataset. The qualitative and quantitative
results are shown in Figure 12 and Table 5, respectively. The results demonstrate that our method
outperforms many other state-of-the-art (SOTA) methods in terms of visual analysis and quantitative
metrics on the MSRS dataset. Qualitatively, our method DCGAN-Fuse preserves important features
from both inputs, such as edges and textures. Visually, it contains clear infrared targets and background
textures. Quantitatively, our approach obtained the top value in the SF metric, while it performed as the
second-best in the AG, EI, QMI, and QNCIE metrics. Although DDCGAN achieves the highest values
in four metrics, its generated images are overall bright but introduce some noise (e.g., in the ground
area shown in Figure 12). However, our method achieves a balance between visual performance and
objective evaluation. Objective evaluations indicate that our method better preserves the structure,
information, and visual effects of images, which is consistent with subjective evaluations.
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Figure 12. Visual quality comparison of our method with thirteen advanced methods on the

MSRS dataset.

Table 5. Average results of multiple image fusion methods under objective evaluation metrics
based on the MSRS dataset. Bold red, bold green, bold blue, and bold black values indicate

YDTR

DenseFuse

ITFuse

GANMcC

MMAE

the results ranking first, second, third, and fourth, respectively.

CSR

FusionGAN

Ours

Method EN AG SF VIF  EI QMI  QNCIE
DTCWT  7.1293 5.0227 13.5260 0.0286 53.7291 0.0848 0.8022
CSR 6.6212 4.3185 12.6689 0.0170 46.0619 0.0981 0.8022
FusionGAN 6.2493 3.4496 9.5148 0.0123 36.4104 0.0827 0.8021
GANMcC  6.1051 3.4882 9.4635 0.0127 36.9345 0.0846 0.8021
RZP 6.4653 2.8728 7.8224 0.0145 30.5586 0.1020 0.8022
DenseFuse  6.9880 3.2741 7.6755 0.5358 35.4984 0.4024 0.8076
DDCGAN  7.3862 6.7744 17.6126 0.6468 71.8561 0.2655 0.8040
PMGI 6.2991 3.7424 10.2049 0.3026 39.4935 0.3016 0.8042
U2Fusion  6.7759 4.7222 12.8874 0.6111 50.6271 0.4022 0.8073
DATFuse  7.0791 5.1996 14.6030 0.0262 54.7332 0.1073 0.8022
ITFuse 6.4964 2.5996 6.6466 0.0177 28.4026 0.1125 0.8022
YDRT 6.8496 42055 123540 0.0243 44.6545 0.1065 0.8022
MMAE 6.9142 4.7164 14.6878 0.5380 50.0868 0.6074 0.8153
Ours 6.9235 5.8080 17.8607 0.5885 58.8944 0.5202 0.8124

Extensive experiments have shown that our method can generate high-quality fused images. Our
method shows certain superiority over other methods in both qualitative and quantitative analyses. It
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can retain effective information from the original infrared and visible images, and generate fused im-
ages with highlighted infrared targets and rich texture information. To conduct a more comprehensive
evaluation, we compare the parameter counts and floating point operations (FLOPs) of our method with
those of other methods. The size of the source image used to calculate FLOPs is 120 x 120. Relevant
results are reported in Table 6. The results show that our method has a medium-level parameter count
and lower FLOPs. In future work, we will optimize the parameters to accelerate the fusion process
and explore more advanced methods to adapt to more application scenarios and tasks, thereby meeting
diverse practical needs.

Table 6. Parameters and FLOPs of eleven deep learning methods. Parameters are in millions;
FLOPs are in GFLOPs. Bold red, bold green, and bold blue values indicate the results ranking
first, second, and third, respectively.

FusionGAN GANMcC RZP DenseFuse DDCGAN PMGI U2Fusion DATFuse ITFuse YDRT MMAE ours
Parameters 1.32 2.17 8.57 0.30 1.10 0.04 0.66 0.08 0.87 0.84 1.02
FLOPs 28.54 126.48 0.23 2.54 31.55 1.19 81.19 2.37 9.00 21.03 0.80

5. Conclusions

In this work, we propose an infrared and visible image fusion method named DCGAN-Fuse, which
is based on a dual-channel fusion strategy and dual discriminators. First, at different feature extraction
stages, we design different modules to extract and enhance specific features. Second, we design the
DCFM based on a dual-channel fusion strategy. This strategy improves the network’s ability to fuse
features of different modalities and supplements more detailed information for the fused features. Fi-
nally, the network is guided to optimize by the loss function. Experiments on the TNO, RoadScene,
and MSRS show that the fused images obtained by our method contain highlighted thermal target ar-
eas and have rich background textures. The fusion effect is better than in the other thirteen comparison
algorithms, providing a foundation for subsequent advanced visual tasks.

In future work, we will explore more advanced fusion mechanisms to improve the fusion effect and
expand the application of this method to more scenarios and tasks.
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