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Abstract—Infrared (IR) images inherently face the dual chal-
lenges of noise contamination and reduced contrast. However,
existing image enhancement methods often overlook the in-
trinsic correlations between these factors—noise and low con-
trast—during multi-stage enhancement processes. Consequently,
this oversight leads to a significant reduction in the fidelity of
intricate details within IR images. In this paper, we present a
synergistic IR image enhancement network that simultaneously
achieves Denoising, Contrast improvement, and Detail preser-
vation (DCDNet), which breaks down the overall enhancement
process into more manageable steps. DCDNet is comprised of
a Detail Awareness Unit (DAU), a Deep Denoising Prior (DDP),
and a Contrast Improvement Module (CIM). To maintain the
details within the IR image, DAU is developed to extract the
original detail feature information in DDP and integrate them
to the CIM during contrast improvement to improve the final
result. The detail information is derived from the encoder of the
DDP, which focuses on denoising. The preserved detail features
are subsequently incorporated into the decoder of the CIM,
which is dedicated to enhancing contrast. Experimental results
validate that our proposed approach surpasses other state-of-the-
art methods for enhancing IR images in terms of PSNR, SSIM,
VIF, and performance in downstream tasks. The code and dataset
is publicly available at https://github.com/ChickenEating/IR-
Enhancement.

Index Terms—Infrared Image Enhancement, Noise Suppres-
sion, Contrast Improvement, Detail Preservation

I. INTRODUCTION

HE infrared (IR) images are widely used in plenty of
applications, including remote sensing [1]-[3], safety
monitoring [4], [5], and medical diagnosis [6], [7]. However,
compared with visible images, IR images suffer from severe
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Fig. 1. Intuitive cases to compare our proposed network with other ap-
proaches. IR Image is a sample input of infrared image. (e) shows the effect
of our method. For comparison, (a) and (b) exhibit the results of denoising
method [11] and contrast improvement method [12], respectively. (c) is the
performance of concatenation of DPIR [11] denoising method prior to SLP
[12] denoising method. (d) is the performance of SLP [12] followed by DPIR
[11] concatenation method.

noise due to atmospheric scattering and thermal noise in
imaging device. Furthermore, IR images have limited dynamic
range and low contrast owing to the long wavelength of
infrared radiation [8]. Additionally, contour and texture details
within IR images frequently experience attenuation when ap-
plying image enhancement algorithms [9], [10]. These impair-
ments to visibility damage the perception of visual systems,
making IR image enhancement essential for addressing these
challenges.

Existing image enhancement techniques have made great
progress in enhancing optical images. Based on the objectives,
image enhancement techniques can be broadly categorized
into denoising methods and contrast improvement methods.
Traditionally, denoising methods rely on mathematical trans-
formations and filtering techniques [13], [14]. Zhao et al.
[15] utilize sparse spectral-spatial and low-rank representa-
tions to effectively used to remove the Gaussian and mixed
noise. Kumari et al. [16] present to use fractional fourier
transform to conduct denoising on a large scale. Tian et al.
[14] propose a multi-stage image denoising method based
on wavelet transform. Recently, image denoising techciques
primarily improve images by utilizing deep learning [17]-[20].
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Lehtinen et al. [21] propose self-supervised denoising methods
using unparied visible images to train neural network. Zhang
et al. [22] proposed DnCNN that integrated the convolutional
neural network with residual learning for blind denoising
within visible images. However, when applied to IR images
with noise, low contrast, and loss of details, these denoising
methods yield low quality outputs with narrow dynamic range
and deminished details. As shown in Figure 1(a) and its
histogram, denoising method [11] smoothes the noise but
remains low contrast and leads to the disappearance of texture
details.

Contrast improvement techniques, as the second main group
of image enhancement approachs, fall roughly into three cate-
gorities: transform-based methods, model-based methods, and
learning-based methods. Transform-based methods, modifying
the grayscale values of an image, are characterized by their
ease of implementation and high computational efficiency
[18]. Model-based methods consider the physical property of
images and thereby have a certain suppression effect on noise
while improving the contrast [23]. Learning-based methods
achieve brilliant contrast improvement performance by their
strong feature extraction and reconstruction abilities [24]-[26].
All these contrast improvement approachs can yield satisfac-
tory results within visible images. However, merely improving
contrast can lead to the amplification of noise. Besides, none of
these methods have a specific measure for preserving details,
making it difficult to generalize the detail preservation ability
to more sophisticated domains, i.e., IR images. As shown in
Figure 1(b), the IR image enhanced by contrast improvement
method [12] exhibits obvious amplification of noise and the
loss of details, although the contrast has improved.

All these above enhancement methods utilize an architecture
focused on a single purpose of image enhancement, which
is demonstrated to be not effective within IR images. A
few efforts have been made to achieve denoising and con-
trast improvement simultaneously [27]-[29]. Although these
methods enhance the overall image appearance, they often
compromise fine details and fail to achieve optimal visual
fidelity when applied to IR images [30]-[32]. Aimed to
this phenomenon, Ulyanov et al. [33] have theoretically and
experimentally demonstrated neural networks converge the
fastest on natural images without noise. Thus, performing
denoising as the first step of image processing is beneficial
for subsequent processing. Additionally, from the perspective
of the frequency domain [34], [35], denoising (suppressing
high-frequency noise components) provides a cleaner basis
for subsequent contrast enhancement. The loss of details is
mainly due to: (1) Denoising can smooth out fine details
while reducing noise. (2) Contrast enhancement may boost
noise and artifacts instead of preserving actual details. (3)
Iterative processing, such as sequential denoising and contrast
enhancement, compounds these effects, causing further detail
loss as each stage targets different objectives (e.g., noise
reduction vs. contrast maximization). Figure 1(c) and Figure
1(d) illustrate the outcome of applying denoising [11] and con-
trast improvement [12] in different orders, the corresponding
histograms showcase the contrast distributions. It is evident
that both outputs distinctly manifest a reduction in details,

notwithstanding the improvement in contrast.

To this end, we propose a novel IR image enhancement
network focusing on detail preservation while denoising and
improving contrast. In our method, DDP reduces noise but
can smooth details, and CIM enhances contrast but may am-
plify noise, causing further detail loss. Our DAU specifically
addresses these issues by capturing detail information during
denoising and reintegrating it during contrast enhancement,
preserving finer textures and contours throughout the process.
We construct an IR image dataset for network training and
validation. Compared with other state-of-the-art methods, our
network exhibits a superior capability in preserving fine details
along with denoising and contrast improvement, as shown in
Figure 1(e). The contributions of this paper can be summerized
as follows:

(1) We propose a novel framework to conduct detail ex-
traction and preservation within infrared domain while
denoising and contrast improving. To the best of our
knowledge, our method is the first to employ a detail
preservation strategy in the multi-stage infrared image
enhancement process.

(2) A novel detail awareness unit, through a special designed
convolution kernel, is presented for the detail information
extraction and aggregating, which is incoprated between
the denoising module and contrast improvement module.

(3) Extensive experiments validate the efficacy of our ap-
proach in noise suppression, contrast improvement and
detail preservation within IR images in terms of PSNR,
SSIM, VIF and visual effect as well as the performance
of downstream tasks.

Il. RELATED WORK

Infrared image degradation is primarily caused by noise and
low contrast. There are many techniques devoted to image
enhancement on denoising and contrast improvement, which
are described as follows in this section.

A. Image Denoising

In the last few decades, various image denoising methods
have been proposed. We focus on learning-based techniques
due to their adaptability and performance in complex noise
environments typical of infrared imagery. These approachs
can be roughly divided into two categories: unsupervised
methods and supervised methods. This categorization allows
us to highlight both traditional and deep learning methods,
demonstrating our multi-stage approach’s ability to outperform
single-stage denoising techniques.

1) Unsupervised Methods: There exists many techniques
not utilizing pairs of clear/noisy image pairs for image denois-
nig. Kostadin et al. [36] introduced BM3D strategy based on
sparse representation. Lehtinen et al. [21] present Noise2Noise
(N2N) for image denoising based on unsupervised learning.
Huang et al. [17] proposed an unsupervised network named
Neighbor2Neighbor (NB2NB) for image denoisng. Alexander
et al. [37] presented Noise2Void (N2V) that trained directly on
the images to be denoised, which did not require clean/noisy
image pairs. Joshua et al. [38] proposed Noise2Self (N2S), a
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framework which required no clean training data. N2V [37]
and N2S [38] provided a denoising method based on self-
predictive loss learning. Wang et al. [39] porposed Enhanced
SRGAN to suppress unpleasant artifacts accomplished with
enhanced details.

These denoising methods can effectively reduce the noise in
images. However, their performance on infrared images, which
have unique texture and contour characteristics, often results
in the loss of critical details. This limitation is a key factor
in our choice to explore multi-stage approaches that balance
noise reduction with detail preservation, setting them apart
from single-stage methods like BM3D [36] and NLM [40]. To
address this problem, Tian et al. [14] proposed a multi-stage
wavelet denoiisng convolutional neural network (MWDCNN)
to recover structural information accurately while denoising.
Cho et al. [41] utilized a variational approach and gradient
distribution to suppress noise and recover more detailed in-
formation. Ye et al. [42] developed a constrained SRA with
weighted enhanced 3D total variation regularization (SAWTYV)
framework that fully recovered details in the process of
denoising. However, these denoising approachs exhibit poor
visual effect and diminished details when applied to IR image
domains, which requires further study.

2) Supervised Methods: In recent years, there has been
rapid progress in the development of supervised learning
methods for image denoising. These methods involve training
denoisers on sets of clear/noisy image pairs. Zhang et al.
[22] introduced DnCNN, which integrates convolutional neural
networks with residual learning for blind denoising. Zhang et
al. [43] presented IRCNN, a fast and effective denoiser, and
integrate it into model-based optimization method for image
denoising. Gu et al. [44] proposed a top-down SGN network
featuring a self-guided architecture designed for image denois-
ing tasks. Zhang et al. [19] proposed FFDNet for a fast and
flexible image denoising based on supervised learning. Yang
et al. [45] combined a set of simple base denoisers to create
a more effective image denoiser. Zhang et al. [46] introduced
Deep Plug-and-Play Super-Resolution (DPSR) in which the
arbitrary blur kernels can also be applied to image denoising.

These supervised learning methods such as DnCNN [22]
and IRCNN [43] are chosen for their robust supervisory
signals and ability to generalize across diverse domains,
making them suitable for multi-stage processing in infrared
enhancement where traditional methods often fail. However,
while these methods excel in enhancing visible images, their
performance often falls short when applied to IR images due
to the sophisticated degradation. Besides, These supervised
methods deliver robust supervisory signals during training, en-
hancing generalization across diverse domains. Based on these
advancements, we advocate for the utilization of supervised
learning methods.

B. Image Contrast Improvement

Many contrast improvement techniques have been intro-
duced for image enhancement. These techniques can be
broadly categorized into two groups: transform-based meth-
ods, model-based methods, and learning-based methods. We

focus on transform-based, model-based, and learning-based
methods, selecting those particularly effective for infrared
imagery.

1) Transform-based methods: Many transform based meth-
ods have been proposed in the past decades. Arici et al. [47]
proposed a general framework based on histogram equalization
for contrast improvement. Setiawan et al. [48] developed
contrast limited adaptive histogram equalization (CLAHE) for
fast contrast improvement. Huang et al. [49] improved the
low contrast while preserving details and high brightness of
the input visible image. Rahman et al. [50] developed an
adaptive gamma correction (AGC) method to manipulate the
grayscale value directly instead of the statistical characteristic.
Lei et al. [51] utilized global contrast stretching to improve
the local and global contrast of the images. However, these
transform-based methods operate under the assumption that
the image is noise-free and do not take into account the
intricate details of the image. Consequently, applying direct
grayscale transformations to noisy images often amplifies the
noise and results in a loss of details and a decline in overall
image quality.

2) Model-based methods: Model-based methods excavate
the structural information of low-contrast images through
imaging model, optical model or other models [52]. There are
multiple techniques based on Retinex model [23]. Hines et al.
[23] proposed Single-Scale Retinex (SSR) to improve contrast
of an image by Imitating the human visual system. Petro
et al. [53] presents Multi-Scale Retinex (MSR) to perform
contrast improvement in various scales, which considers more
comprehensive information. Held et al. [54] presented to use
markov random field to process the brain MR images. Ding et
al. [55] presents to use total variation model to enhance under-
water images with low contrast. However, these model-based
methods exhibit a high dependency on the chosen model,
thereby limiting domain generalization. Specifically, models
suitable for enhancing visible images may not necessarily be
effective when applied to IR images.

3) learning-based methods: With the popularity of deep
neural network, a great many learning-based methods have
emerged in this field [56]-[58]. Pang et al. [9] proposed a
two-stream CNN for IR image enhancement. We can also
utilize the similarity between low-contrast images and hazy
images for contrast improvement. Qin et al. [26] proposed
FFANet to fuse features with attention mechanism for contrast
improvement partly. Cai et al. [59] applied the DehazeNet
for end-to-end image dehazing accomplished with contrast
improvement. Engin et al. [60] used an enhanced Cycle-GAN
[61] to estimate clear images from input images. Zhang et al.
[62] proposed FAMED-Net to estimate clear images. Liu et
al. [63] iteratively enhance input images and used a CNN
to generate the output as the input for the next iteration.
Li et al. proposed three different methods for hyperspectral
image super-resolution [27], [31], [32]. However, although
remarkable achievements have been made in these image
dehazing approachs, they usually evaluate noise-free images
or dehazed images on one pixel where noise is negligible [56].
Since noise is inevitable in natural images, the above methods
might be incapable of attaining a satisfactory visual effect.
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Fig. 2. Overview of our proposed DCDNet. We first conducts image denoising in the Deep Denoising Prior (DDP) module and subsequently enhances
contrast in the Contrast Improvement Module (CIM). This sequence has been demonstrated as the optimal approach for IR image enhancement. DDP
primarily consists of a U-shaped generator and a discriminator. CIM s essentially a two-branch architecture, comprising a detail component and a contrast
component. Furthermore, we prioritize detail preservation by designing a detail awareness unit in DDP and detail enhancement mechanism in CIM.

I1l. METHODOLOGY

In this section, we provide an elaborate explaination of our
DCDNet for IR image enhancement. Our network is specifi-
cally designed for infrared images that suffer from both noise
contamination and low contrast, while existing methods such
as DnCNN and DehazeNet are typically designed for visible
light images, focusing solely on either denoising or contrast
enhancement without addressing the combined challenges of
infrared images. Compared to other cascaded approaches,
our network emphasizes and addresses the issue of detail
loss, thereby achieving better enhancement results for infrared
images. Beginning with an overall description, we provide
detailed descriptions of the Deep Denoising Prior (DDP),
which focuses on reducing noise while preserving essential
features, and the Contrast Improvement Module (CIM), which
enhances image contrast without amplifying noise artifacts.
Finally, we provide a comprehensive description of the loss
functions employed in DCDNet.

A. Method Overview

In response to the intricacies of concurrently suppressing
noise and improving contrast within a single IR image, we
decompose IR image enhancement into two facets: image
denoising and contrast enhancement. Based on theoretical
analysis and experimental results, the most suitable sequence
for cascading is denoising prior to contrast improvement. The
overall framework of our network is visually depicted in
Figure 2. The whole network is comprised of Deep Denoising
Prior (DDP) and Contrast Improvement Module (CIM). DDP
consists of a generator and a discriminator. The generator is
built with a U-shaped encoder and decoder. It takes noisy
images as input, while the discriminator evaluates both the
denoised images and the high-quality images to determine if
they were denoised by the model. After adversarial training,
the difference between the denoised images produced by the
generator and the noiseless images will be reduced, thereby

enhancing the denoising capability of the generator. CIM
consists of two branches dedicated to contrast enhancement
and detail enhancement, respectively. Detail Awareness Unit
(DAU) extract detail information in DDP and integrate them
into detail enhancemnet branch in CIM. The results yielded by
detail enhancement branch and contrast improvement branch
are then concated and reconstruced into the ultimate output.

Our network uses a U-Net based architecture with attention
mechanisms to enhance infrared images, addressing noise and
contrast issues simultaneously. The Detail Awareness Unit
(DAU) is integrated within the encoder for detail preservation
during denoising, with these details used in the subsequent
contrast enhancement. The output of DDP manifests as the
denoised result, and further enhancement of contrast remains
imperative. To achieve deep multi-scale feature consistence,
we adopt MS-SSIM loss function.

In CIM, we decompose the denoised image into detail
component and contrast component based on [64]. Then two
CNN part are performed parallelly to improve global contrast
and enhance details, respectively. To leverage the deep multi-
scale detail information acquired in DDP and strengthen
detail enhancement, we concate the detail information into
the detail enhancemnet part. After the two CNN branches, we
combine the two enhanced components into a single image
and introduce another CNN for further refinement towards
the reference image. In order to efficiently preserve details,
we incorporate the wavelet loss function, while the contrast
improvement branch utilizes the MSE loss function.

During the training process, the denoising module and the
contrast enhancement module are trained independently. In
the inference stage, our approach does not simply cascade
the denoising and contrast enhancement methods. Instead, it
addresses the issue of detail loss across multiple processing
stages. Consequently, we have developed a Detail Awareness
Unit (DAU) that extracts and preserves detail information
during the denoising phase, and utilizes this detail information
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to enhance specific detailed areas during the contrast enhance-
ment phase, thus improving the overall quality of the image.

B. Deep Denoising Prior

In deep denoising prior, a generator and a discriminator
have been thoughtfully devised. We introduce generator and
discriminator respectively in the following part. Taking inspi-
ration from FFDNet [19], renowned for its capacity to control
the trade-off between noise reduction and detail preservation
through the integration of noise level maps into its input, DDP
entails the concatenation of the IR image and the denoising
guide map. The strategic fusion of inputs significantly en-
hances the network’s denoising capabilities, preventing noise
propagation into the CIM. The combination of IR image and
the denoising guide map constitutes the input for the DDP.

Fig. 3. Detailed structure of Deep Denoising Prior. It consists of a generator
and a discriminator. The generator is a U-shape encoder-decoder framework
and the discriminator is basically the structure of decoder. The Detail
Awareness Unit (DAU) is integrated into DDP to extract the multi-sclae detail
information.

1) Generator: The generator comprises both an encoder
and a decoder, which is a U-shape architecture.

a) Encoder: In the encoder, in conjunction with the
primary IR image, the input concatenated with denoising
guide map undergoes three times downsampling. The concept
of concatenating the IR image with a denoising guide map
comes from [19], allowing for flexible adjustment of denoising
capabilities. The input undergoes three downsampling stages
before being concatenated with the results of a convolution
operation. The outputs of four convolutional blocks are the
inputs of the detail awareness unit of the corresponding scale.

b) Detail Awareness Unit: The feature maps of four
scales undergo detail awareness unit for cataching the multi-
scale detail information. The detail awareness unit is essen-
tially a special designed convolution kernel, which operates
as follows:

Yh(pe) = w(pi) (X(pi)  Xx(pc))

& Q)
= w(pi) ni;
pi2R

where yy, is the high frequency response, p. is the central pixel
within the local patch, namely the reference pixel, w( ) denotes
the convolution kernel, x(p;) represents the pixel intensity on
location of p; of local patch R. x(p;) 2 [0; 1]. n; is the bias
between central pixel intensity and the other pixel intensity
within local patch.

To adjust the relative intensity of detail information, we
introduce a dynamic adjustment coefficient on the output of
the convolution of detail aware kernel. Mathematically, it can
be represented as:

X
w(pi) (X(pi)

pi2R

Yn(Pc) = S( da) X(Pc)); 2

where s is the sigmoid activation function that is used to
constrain the distribution of adjustment coefficient 45 from
0 to 1, which is learnable for each feature map with diverse
scales.

¢) Decoder: In the decoder, the input of the four con-
volutional blocks includes: the feature map output by its own
upper layer, the feature map of the corresponding size from
the decoding part and the feature map generated by 1 1
convolution after downsampling to the corresponding size us-
ing the reference image (noise-free image). With the described
multi-scale connections, the gradient flow can flow freely on
multiple scales between the generator and the discriminator,
such that a stable training process could be obtained.

2) Discriminator: The structure of the discriminator is
similar to the decoder of the generator. In the discriminator, the
inputs for the four convolutional blocks encompass: the feature
map output stemming from the preceding layer, the feature
map commensurate in dimensions to the decoding component,
and the feature map engendered through a 1 1 convolu-
tional operation after downsampling, a process achieved using
a reference noise-free IR image. Such orchestrated multi-
scale connections engender a favorable condition for gradient
propagation across multiple scales between the generator and
discriminator. This orchestration fosters a coherent and stable
training progression.

Moreover, we introduce a Multi-Scale Gradient (MSG) [65]
connection between the generator and discriminator, which
serves to facilitate the uninhibited propagation of gradients
across varying scales of both entities. This augmentation not
only contributes to a more stabilized training paradigm but also
augments the perceptual intricacies of the generated image.

C. Contrast Improvement Module

As shown in Figure 2, the Contrast Improvement Module
(CIM) accepts the denoised IR image and detail information
from the preceding DDP as input and yields the ultimate
outcome of contrast enhancement. Within the CIM framework,
we first decompose the input image 1(x;y) 2 R® into a
low-frequency contrast component L(x;y) 2 R® and a high-
frequency detail component R(x;y) 2 R3:

1(x;y) = L(X;y) + R(XY); 3)

where L(X;y) represents global information suitable for con-
trast improvement, while R(X;y) signifies detail information
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Fig. 4. Detailed structure of Contrast Improvement Module (CIM). CIM
first conduct edge-preserving decomposition, and then enhance the contrast
and details, respectively. Finally, the enhanced contrast component and detail
component are fused and reconstructed to the ultimate result.

ideal for enhancing fine details. This decomposition is inspired
by previous works [64].

The first branch of CIM uses the detail enhancer, incor-
porating the detail information from DDP, to sharpen the
detail component. The second branch undergoes the contrast
enhancer with global skip connection to achieve contrast im-
provement. After these two branches, we merge the enhanced
low-frequency contrast component and high-frequency detail
component and go through a reconstruction module to recover
the ultimate result.

1) Detail Enhancement: We train a U-shape detail enhancer
to strengthen the details by learning a mapping function Fgr
with parameters between the original detail component
Roriginal Of the input image and the detail component Ryef
of the reference image. Inspired by [22], we adopt residual
learning strategy for our detail enhancement module. This
architectural design ensures the effective propagation of in-
put information through all parameter layers, significantly
facilitating network training. Furthermore, employing residual
learning not only accelerates convergence but also enhances its
stability compared to conventional direct mapping networks.

Considering that the high-frequency detail component will
generally follow Laplacian distribution and contain some noise
and outliers, we use the l;-norm loss function:

FLR D ginar )

original’

R®

ref

()=~

n

1 X
: 4

3 S@
2) Contrast Improvement: To increase the contrast of
low-frequency component map Loriginal @and enforce spatial
smoothness on it, we train a contrast enhancer to learn a
mapping function between the contrast component Loriginal Of
the input low contrast IR image and the contrast component of

the reference image. Since the contrast component represents

the global naturalness, the local receptive fields of the original
network is set larger to connect with more pixels in the
original image. We adopt residual learning strategy for our
contrast enhancement branch for this structure guarantees that
the input information can be propagated through all parameter
layers, which helps to train the network. This residual learning
strategy leads to faster and more stable convergence than the
direct mapping network.

The Mean Square Error (MSE) is adopted as the loss
function:

1 X - - 2
I0)=0 Lo Fuloiginas ) i ©)
i=i
where F_('; ) represents the contrast CNN mapping function

with parameters

3) Recontruction: By using the low-frequency contrast
component and high-frequency detail enhancement CNNSs, we
can enhance the dynamic range and recover more details of the
original noise-free low-contrast image. Nevertheless, the over-
all visual quality of the enhanced image is not guaranteed on
account that the two CNNs are trained separately on contrast
and detail components. Moreover, since the source image con-
tain both low-contrast region and high-contrast region, using
only the component network is not powerful enough to model
the mapping function from noisy IR image with inappropriate
contrast to high quality image, which may cause distorted
contour and texture. Therefore, we utilize another CNN to
merge these two components into one image, reconstructing
it to the desired reference image. The recontruction network
architecture is the same as the contrast improvement module,
except that the batch normalization (BN) operation is used in
this module.

D. Loss Function

In accordance with the purpose of image enhancement task,
we employ two distinct categories of loss functions throughout
the training process: specifically, denoising loss function and
contrast enhancement loss function.

1) MsSSIM Loss Function: Multi-scale Structural Similar-
ity (MsSSIM) loss is utilized to evaluate the distance between
two images in multiple scales, which takes into account the
structural similarity at different scales. Considering the multi-
scale outputs of UNet and the detail structure preservation, we
adopt MS-SSIM for the IR image denoising. Mathematically,
SSIM can be expressed as follows:

SSIM(G(xi); Vi)
= @ Gxi) vi + C1)(2 Gy + Co) .
( C(G(Xi))2 + 32/i + Cl)( (ZS(Xi) + gi + CZ)’

where X; denotes the i-th patch of the input IR image x, G(X;)
is the output of the generator with the input X;, g(x;) denotes
the average value of the output image, é(xi is the variance
of the output image, y; is the i-th patch of t%e paired noise-
free IR image served as the ground truth of DDP, , denotes
the average value of the ground truth, 2. is the variance of

Yi
the output image, C; and C, are the balance parameters in

(6)
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case that denominator or numerator is 0. Based on SSIM,
the Multi-Scale SSIM is calculated by

SSIM(G(xi):yi);  (7)

MsSSIM(G(X);y) = %
i=1

where M is the number of patches of the input IR images.
Based on this formulation, the MS-SSIM loss fuction is
obtained by
Lmsssim =1 MsSSIM(C(G(X));y): 8
2) GAN Loss: The standard GAN loss function is intro-
duced to bridge the divide between the denoised image and
its noise-free counterpart. The adversarial loss can be elegantly
expressed as follows:

Lean(G; D) = Ey[logD(y)] + Ex[log(1  D(G(x)))]; (9)

where x, y and G(x) represents the original inputs, the ref-
erence image, and the clear image output by the generator,
respectively. D is the the discriminator which aims at maxi-
mizing Lgan (G; D), accurately distinguishing the generated
image from the noise-free image. Concomitantly, the primary
aim of the generator G is to minimize the loss between the
generated denoised image and the reference noise-free image.

3) Detail Loss: In our pursuit to enhance detail within IR
images, we apply the perceptual loss [66] on the IR images
and produce detail loss. This loss harnesses a pretrained VGG
network to compress both perceptual and semantic intricacies
intrinsic to IR images, thereby minimizing disparities between
edge details and high-contrast noise-free counterparts. We
solely utilize the feature reconstruction loss function without
employing the style reconstruction function. Let fj(x) be
the feature map of the i-th layer of the VGG network f.
Assuming the shape of the feature map is C; H; W;. The
feature reconstruction loss is essentially the Euclidean distance
between the feature representations:

1

2,
CiHW,; fi(9)kz;

L e (GO0 9) = IFi (G(x) (10)
where G(x) and ¥ denote the output of generator and the
noise-free image, respectively. Based on this formulation, the

perceptual loss fuction is acquired by

Lf;i

feat; (11)

Ldetail =
i=1
where N is the number of feature layers in VGG network.
4) Contrast Loss: Mean Squared Error (MSE) is the most
widely used loss function for single image enhancement.
However, [67] pointed out that image restoration tasks training
with L; loss would achieve a better performance than L,
loss interms of PSNR and SSIM metrics. To imporove the
performance of PSNR and SSIM metrics, we adopt L1 loss
on IR images, effectively transforming it into a contrast loss,
namely

X
= JC(G(W) Vil
i=1

(12)

Lcontrast =

The final loss function is expressed as follows:

L =argminmax Lecan (G; D)
G D (13)
Ldetail +

+ Lmsssim + Lcontrast;

where , , and are the hyperparameters, which are set
0.004, 0.01, and 0.007 respectively. The weights are arranged
to ensure comparable magnitudes for each segment of the loss
function after multiplication. This promotes balanced impact
and facilitates effective optimization during training.

IV. EXPERIMENTS

In this section, we first introduce the experimental setup,
including experimental environment, datasets and evaluation
metrics. Subsequently, we perform comparative experiments
with state-of-the-art techniques including DnCNN, BM3D,
and CLAHE, evaluating performance on metrics such as
PSNR, SSIM, and VIF. To substantiate the efficacy of each
constituent within our approach, we conduct ablation studies
by systematically removing the Detail Awareness Unit (DAU),
Deep Denoising Prior (DDP), and Contrast Improvement
Module (CIM) to assess their individual contributions to the
overall performance. Lastly, we apply our enhanced images
to the detection of infrared objects [68]-[70], affirming the
superiority of our method for downstream tasks.

A. Experimental Setup

1) Experimental Environment: We implemented DCDNet
using Python and PyTorch on an NVIDIA GeForce RTX
3090 with Ubuntu 20.04. The network was trained for 500
epochs using the Adam optimizer with a batch size of 128.
The initial learning rate was set to 0.0001 for the first 300
epochs, then reduced to 0.0002 for the remaining 200 epochs.
We used a step decay strategy to adjust the learning rate every
100 epochs. The loss function combined MSE for denoising
and perceptual loss to enhance detail preservation. Besides,
the learning rate decreased 20% every 30 epochs. For the
denoising loss function, is set as 0.001. For the contrast
enhancement loss function, is set as 0.006.

2) Datasets: We employ three distinct datasets for assess-
ing our DCDNet: the FLIR dataset, Infrared Image Enhance-
ment (IRE) dataset, and DV dataset.

a) FLIR Dataset: The FLIR dataset is a prominent
resource for infrared image processing and computer vision.
Developed by FLIR Systems, it contains a wide variety
of thermal imagery, including human subjects, animals, and
vehicles.

We preprocess the FLIR images by resizing them to 960
540. To evaluate the effectiveness of DCDNet, we introduce
degradation by adding noise and reducing contrast. This re-
sults in four subsets: noise-free high-contrast, noise-free low-
contrast, noisy high-contrast, and noisy low-contrast segments.
For training and evaluation, the noisy low-contrast segment
is the input to DCDNet. The noise-free low-contrast subset
serves as the reference for denoising, while the noise-free
high-contrast subset aids in contrast improvement, forming a
comprehensive training and evaluation strategy.
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TABLE |
QUANTITATIVE COMPARISON WITH STATE-OF-THE-ART IMAGE ENHANCEMENT METHODS ON FLIR, IRE, AND DV DATASETS. THE BEST AND SECOND
BEST ARE INDICATED IN BOLD AND UNDERLINE, RESPECTIVELY.

Methods FLIR Dataset IRE Dataset DV Dataset
PSNR" SSIM"™  VIF" PSNR"™ SSIM"™  VIF" PSNR™ SSIM™  VIF"

N2N [21] 13.752 0.7438  0.7555 | 16.475 0.3804  0.7979 | 10.7513 0.3233  0.6981

NB2NB [17] 13.698 0.6819  0.7451 | 17.364 0.5382 0.7963 | 10.5786 0.4165 0.7465

BM3D [36] 13.726 0.6632  0.7457 | 17.228 0.4477 0.8026 | 10.5432 0.4765 0.7521

NLM [40] 13.775 0.6899 0.7512 | 17.628 0.5195 0.7997 | 10.2345 0.4238 0.7841

Denoising DnCNN [22] 13.759 0.7187  0.7472 | 17.474 0.4840 0.8008 | 10.2579 0.1623  0.7575
DPSR [46] 13.310 0.6023  0.7343 | 17.390 0.4458 0.8032 | 10.3462 0.4862 0.7751

MSRResNet [39] 13.736 0.7099  0.7531 | 17.587 0.5554  0.8010 | 10.3457 0.4273  0.7485

IRCNN [43] 13.756 0.7195 0.7436 | 17.290 0.4608 0.8007 | 10.1768 0.1489 0.7570

FFDNet [19] 13.744 0.7079  0.7622 | 17.608 0.5163 0.8045 | 10.4115 0.3443 0.7522

DPIR [11] 13.760 0.7185 0.7501 | 17.707 0.5958 0.8043 | 10.4079 0.4057  0.7467

DCP [25] 21.824 0.6818 0.7355 | 15.754 0.3900 0.7869 | 10.0534 0.1162 0.7677

SLP [12] 19.535 0.5979  0.7362 | 17.582 0.3805 0.7822 | 10.3462 0.4862 0.7751

Contrast DehazeNet [59] 23.948 0.6937  0.7127 | 16.729 0.4250 0.8313 | 10.2451 0.3313 0.7464
Improvement RefineDNet [71] 28.977 0.7153  0.7498 | 17.741 0.4883  0.8997 | 10.4511 0.5023  0.7945
Cycle-Dehaze [60] 13.766 0.7358  0.7535 | 17.487 0.4975 0.7988 | 10.5412 0.5122 0.8021

CLAHE [48] 13.140 0.4673  0.7167 | 17.228 0.3205 0.8093 | 10.8234 0.5013  0.7565

MSR [53] 5.818 0.4534 0.8546 | 14.591 0.3428  0.7493 | 9.6512 0.4512 0.6812

SLP [12]+DnCNN [22] 19.908 0.6895  0.7451 | 18.095 0.5577  0.7836 | 10.8423 0.2356  0.8254

DnCNN [22]+SLP [12] 17.502 0.7312  0.7150 | 13.801 0.4271  0.7877 | 115126 0.4262 0.8136

Cascade DehazeNet [59]+FFDNet [19] | 24.073 0.8164 0.7556 | 16.825 0.5527 0.8225 | 11.9264 0.4656  0.8255
FFDNet [19]+DehazeNet [59] | 16.429 0.7592  0.7409 | 15.938 0.5216  0.7837 | 13.5416 0.6235 0.8028

U2D2Net [29] 28.170 0.7254  0.7398 | 23.634 0.5335 0.8440 | 16.5416 0.5978  0.7862

DCDNet (Ours) 33.620 0.9391 0.8110 | 26.442 0.6445  0.9298 | 19.6523 0.7032  0.8526

b) IRE Dataset: While several infrared image datasets
exist, such as FLIR and IRE, none are tailored for paired
high- and low-quality images specifically for enhancement.
We curated the IRE dataset by selecting images with varying
noise levels and contrast deficiencies for thorough evaluation.
Additionally, many RGBT datasets contain infrared images
that often lack clarity, characterized by noise and low contrast.

To address these challenges, we collected high-quality
infrared images using the InfiRay M600F thermal imager,
resizing them to 960 540. We applied the same degradation
process as with the FLIR dataset, resulting in the Infrared
Image Enhancement (IRE) dataset, which also comprises four
subsets, each with 2,784 images, totaling 11,136 infrared
images.

c) DV Dataset: To increase dataset diversity and model
practicality, we incorporated the DV dataset from Tianjin
University’s DroneVehicle dataset. This dataset includes 7,172
vehicle images captured by drones, divided into 4,983 for
training, 1,069 for validation, and 1,069 for testing. We
focused on the infrared images, applying noise addition and
contrast adjustments to create four subsets, similar to those
of the FLIR dataset. The noiseless low-contrast subset served
as reference images for denoising, while the noiseless high-
contrast subset was used for contrast enhancement.

3) Evaluation Metrics: We evaluate the quantitative results
of different methods on FLIR and IRE datasets using Peak
Signal to Noise Ratio (PSNR), Structural Similarity Index
(SSIM) and Visual Information Fidelity (VIF). The range of
PSNR is [0;+1], while the range of SSIM and VIF are
both [0;1]. These three metrics measure the resemblance to
the reference image, where a higher PSNR value signifies
closer image content, an elevated SSIM value indicates greater

similarity in structure and texture, and a higher VIF suggests
both high image quality and a high level of information fidelity
in the image.

B. Comparison with state-of-the-art Methods

We categorized existing image enhancement methods into
three categories: denoising, contrast enhancement, and cas-
caded methods. In the denoising category, we compared
traditional techniques such as BM3D [36] and NLM [40],
along with deep learning-based methods like N2N [21],
NB2NB [17], DnCNN [22], and IRCNN [43]. Our results
demonstrate that while these single-stage denoising methods
perform comparably in PSNR, they show significant vari-
ability in SSIM, particularly on the DV dataset, highlighting
their inconsistent performance in contrast preservation. For
contrast enhancement, we evaluated methods such as DCP
[25], SLP [12], CLAHE [48], MSR [53], and advanced deep
learning methods like DehazeNet [59], RefineDNet [71], and
Cycle-Dehaze [60]. These single-stage contrast enhancement
methods showed considerable fluctuations in VIF, indicating
unreliable visual fidelity and detail retention. Cascaded meth-
ods, such as SLP+DnCNN and DehazeNet+FFDNet, were also
analyzed, revealing that although they generally improve over
single-stage methods by integrating denoising and contrast
enhancement, they still fail to maintain high detail fidelity
across all metrics. Our DCDNet, however, outperforms all
other methods by achieving the highest PSNR, SSIM, and
VIF scores, proving its robust capability in simultaneously
enhancing contrast and preserving details, as detailed in Table
l.

1) Quantitative Evaluations: As shown in Table I, our
guantitative evaluation on the FLIR, IRE, and DV datasets
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reveals distinct limitations across existing methods. Single-
stage denoising methods consistently deliver similar PSNR
values, reflecting comparable denoising capabilities, but their
SSIM scores vary significantly, particularly on the DV dataset,
indicating inconsistent contrast optimization. Contrast en-
hancement methods demonstrate high variability in VIF, high-
lighting their unstable performance in visual fidelity and detail
retention. Cascaded methods generally show improved PSNR
and SSIM by integrating denoising and contrast enhancement;
however, they often struggle with detail loss, particularly
in high-frequency components. Our DCDNet significantly
outperforms these approaches, specifically DnCNN, BM3D,
and IRCNN, by delivering the highest scores across all met-
rics, maintaining a balanced enhancement of contrast and
preservation of details. This demonstrates that DCDNet’s joint
optimization strategy for denoising and contrast enhancement
is more effective than the sequential processes in cascaded
methods.

2) Qualitative Evaluations: We conduct qualitative evalua-
tions against the state-of-the-art approachs on FLIR dataset as
well as IRE dataset. The illustrative outcomes from the FLIR
dataset are presented in Figure 6, while Figure 7 showcases
the representative results from the IRE dataset.

In Figure 5, we show images from DV dataset processed
by our method and other algorithms. From the perspective
of denoising effect, DCP [25], SLP [12], FFANet [26], and
ESRGAN [39] present poor visual effects. FFDNet [19],
IRCNN [43] remove most of the noise in the image. From

Fig. 5. Qualitative comparisons on DV dataset.

the perspective of contrast improvement effect, ESRGAN [39]
demonstrates a relatively good effect, but it does not match the
performance of DCDNet. Compared to these methods, our
DCDNet exhibits the best performance in visual effect and
quantitative indicators such as PSNR and SSIM.

In Figure 6, we present 8 representative images from
the FLIR dataset processed by existing image enhancement
algorithms and our proposed method. The first image displays
the input. Figures 2 and 3 illustrate the results of the contrast
enhancement methods. Figures 4 through 7 display the results
of the denoising methods. The final two rows compare our
methods to the ground truth. The input images are noisy
and low-contrast. Contrast enhancement methods significantly
improve contrast but retain noise artifacts, as seen in SLP
[12]. Methods like DCP even worsen noise levels. Denoising
methods effectively reduce noise but often fail to enhance
contrast, sometimes even degrading it, and may lose important
details, as shown by BM3D [36]. U2D?Net [29] achieves high-
contrast, noise-free results with good detail preservation using
a region similarity fusion strategy, though some detail loss
remains. Our DCDNet consistently delivers the best visual
quality, with noise-free images, suitable contrast, and well-
preserved details.

In Figure 7, we show images from the IRE dataset processed
by existing algorithms and our method. Contrast improvement
methods [12], [25], [59], [60], [71] fail to suppress noise,
resulting in low brightness and residual haze or artifacts.
Denoising algorithms [11], [17], [19], [22], [40] effectively
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reduce noise, but methods like ESRGAN [39] leave residual
haze-like low contrast. BM3D [36] and IRCNN [43] show
pronounced distortions due to variable noise. Unified method
[29] produces excessively enhanced and oversaturated images.
Compared to these methods, our DCDNet produces sharp,
high-contrast, and low-noise infrared images, offering the most
visually pleasing results.

C. Ablation Experiments

To provide a more comprehensive illustration of our net-
work’s efficacy, we undertake a series of four ablation studies,
meticulously scrutinizing distinct modules within our proposed
DCDNet framework across the IRE dataset. Initially, we
delve into the effectiveness of the complete DDP and CIM
modules, meticulously exploring various processing orders.
Furthermore, to evaluate the effect of the loss function, we
peform denoising ablation and contrast enhancement ablation.
Lastly, to validate the utility of the noise level map, we
systematically gauge the impact of its presence or absence,
along with varying noise levels, on the ultimate enhanced
images.

1) Analysis of DDP and CIM: The statistical results of
the ablation of DDP and CIM on IRE dataset are shown in

DCP [25]
(23.125/0.6941)

(9.512/0.5412)

FFDNet [19]
(12.451/0.7156)

DPSR [46]
(14.116/0.6788)

DehazeNet [59] + FFDNet [] FFDNet [19] + DehazeNet [59]
(24.116/0.8028) (16.998/0.7662)

Fig. 6. Qualitative comparisons on FLIR dataset.

SLP [12]
(18.991/0.6259)

DNnCNN [22]
(12.654/0.6984)

U2D2Net [29]
(27.125/0.7334)

10

Table V. It can be seen from Table V that the performance of
DCDNet is superior than that of single DDP and single CIM,
which indicates the effectiveness of the both modules. The
performance of the CIM process before DDP appears to be less
robust compared to our DCDNet. Additionally, we incorporate
N2N and DnCNN to replace the denoising module in our
model. For contrast enhancement, we substitute the current
module with DCP and SLP. This allows us to confirm that our
modular cascading approach is the optimal combination. Other
methods lack the capability to integrate seamlessly with the
DAU module, making them unsuitable for enhancing details
within the DAU framework. Consequently, directly cascading
these alternative methods does not yield results as effective
as our approach.. This observation further substantiates our
hypothesis that arranging the sequence of denoising before
contrast enhancement yields superior results.

2) Analysis of Noise Level Map: In this part, we under-
take an assessment of the noise level map’s functionality by
introducing diverse Gaussian noise with varying degrees of
variance. As delineated in Table Il, we manipulate the noise
variance across a range from 5 to 50, employing intervals of
5. The entry labeled "None” signifies the absence of a noise
level map. The more detailed noise level analysis is shown in

Cycle-Dehaze [60]‘
(16.455/0.7221)

N2N [21]
(14.022/0.6844)

DNCNN [22] + SLP [12]
(18.324/0.6915)

SLP [12] + DnCNN [22]
(20.452/0.6921)

Ground Truth ]
(PSNR/SSIM)

DCDNet (Ours)
(34.452/0.9255)
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Fig. 7. Qualitative comparisons on IRE dataset.

11

A A
TABLE |1
ANALYSIS OF NOISE LEVEL MAP. 26
g
Noise | PSNR  SSIM =
None | 22.748 0.4879 % 5
5 22.967  0.4991 .
10 23.639 0.5011 2
15 24,228  0.4982 o >
20 25.046  0.5538 0 10 20 .0 4 507
25 26.442  0.6445 TABLE III TABLE IV
30 25,511 0.5498 THE DETAILED VARIATION CURVE OF TSHSEI &EJV'T;';'EEO\@E'?;\';;T Cvl\JIEVcEAONF
PSNR WITH NOISE LEVEL. FROM THE :
gg giggg 82;23 CURVE, IT IS EVIDENT THAT THE SEE FROM THE FIGURE THAT =~ = 25
OPTIMAL PARAMETER IS = 25, IS THE OPTIMAL PARAMETER.
TABLE V map Yyields performance improvements. This augmentation

ANALYSIS OF DDP AND CIM ON IRE DATASET.

Variants PSNR SSIM

DDP 19.309 0.4958
CIM 22969 0.3755
CIM+N2N 20.846  0.4265
CIM+DnCNN 21513 0.4755
DDP+DCP 20.516  0.4762
DDP+SLP 21.984 0.5234
CIM+DDP 24.492  0.4842
CIM+DDP+DAU 24996 0.4964
DDP+CIM 25.127 0.5002
DDP+CIM+DAU (Ours) 26.442  0.6445

Figure 1l and Figure 1V. In this context, the IR image with
lower quality is directly employed as input for our network,
obviating the variance being approximately set to 0 while
still retaining a noise level map. Analyzing the outcomes,
it becomes evident that the incorporation of a noise level

is attributed to the supplementary noise-related information
introduced by the noise level map. This phenomenon aligns
with observations documented in prior studies such as [19],
[26], underscoring the positive impact of noise level maps on
image enhancement processes.

We compare the denoised results with the final enhancement
results. We control the denoising capability of the DDP model
to observe the impact of varying degrees of denoising on
the final enhancement outcomes. Additionally, we enhance
the contrast of the denoised results from both DnCNN and
FFDNet using CIM, and provide the final results for reference.
As presented in Figure 8, the optimal enhancement result
comes from DDP_25, with the corresponding denoising result
also being the best among the other denoised outputs. This
phenomenon can be attributed to the fact that the variance of
the Gaussian noise added to the degraded images is exactly
25. Thus, our findings highlight that the effectiveness of
the denoising process significantly influences the quality of
the final enhancement results, underscoring the critical role
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DDP_5 DDP_15 DDP_25(Ours)

DenoisedResult

Final Result

12

DDP_35 DnCNN FFDNet

Fig. 8. Comparison of different denoising results and final enhancement effects.

WIO  &sssim WIO agpy

WIO uail WIO aynast

Ground Truth Ours

Fig. 9. The example results of ablation study on IRE dataset.

of precise noise variance estimation and effective denoising
techniques in image enhancement tasks.

TABLE VI

QUANTITATIVE RESULTS OF LOSS FUNCTION ABLATION STUDY ON IRE
DATASET.

LM sSSIM I—GAN I—detail Lcontrast PSNR/SSIM

X X X 23.984/0.4795

X X X 25.449/0.5870

X X X 24.736/0.4738

X X X 25.837/0.5970

X X X X 26.442/0.6445

3) Analysis of Loss Functions: Image denoising module
(DDP) is trained with Lys ssim and Lgan. Image con-
trast enhancement module (CIM) is trained with Lgetair and
Lcontrast- TO evaluate effect of these loss functions, we per-
form two ablation experiments on the IRE dataset: 1) Fix the
contrast enhancement module and the corresponding Lgetail
and Lgontrast 10ss, and test the performance after removing
Lms ssim and Lgan respectively in denoising module
training; 2) Fix the denoising module and the correspond-
ing Lms ssim and Lean, and test the performance after

removing Lgetait and Lcontrast respectively in the contrast
enhancemnet module training. As is shown in Table VI,
the combination of Lyys ssim and Lgan in the denoising
module improves the gain with 0.458dB and 0.0575 in terms
of PSNR and SSIM on the IRE dataset. The combination of
Lgetait and Lcontrast in the contrast improvement module
improves the gain with 0.605dB and 0.0475, respectively.
These ablation studies show that each loss function has a
profund improving influence on the overall DCDNet.

D. Improvement of Advanced Tasks

To verify the enhancement of our network’s impact on
object detection performance in noisy and low-contrast IR
images, we use pre-trained YOLOvV7 detector to evaluate the
improvement in downstream tasks. We introduce various levels
of Gaussian noise and Poisson noise into a low-contrast IR
image containing multiple objects. The Gaussian noise levels
are specified as = 15and = 25, while the Poisson noise
levels are set at = 15and = 25. The detection results on
the noisy low-contrast IR image and the enhanced image are
demonstrated in Figure 10. mAPs is utilized to evaluate the
performance promotion before and after image enhancement.
The subscript 50 of mAP indicates an 10U threshold of 0.5.

We added Gaussian or Poisson noise to infrared images to
verify the impact of the proposed model’s denoising ability on
target detection accuracy. The intensity of Gaussian noise and
Poisson noise is controlled by the corresponding parameters

and , respectively. Additionally, we reduced the contrast
of the images to verify the impact of the model’s contrast
improvement ability on object detection performance. As
shown in Figure 10, our DCDNet effectively mitigates the
issues of missed detection and false detection, as demonstrated
in Figure 10(e), and (f). Similar improvements in accuracy
and reduced missed detections are also observed in IR images
contaminated with Poisson noise, as shown in Figure 10(g),
and (h). After image enhancement, the mAP value for target
detection significantly improved, indicating that our method
effectively enhances the accuracy of downstream tasks.

V. CONCLUSION

This paper introduces DCDNet, a novel IR image en-
hancement network that addresses detail loss during multi-
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Fig. 10. Visual comparison of detection and recognition results before and after enhanced by DCDNet. The first row presents the object detection results on
low-quality infrared images, while the second row illustrates the detection outcomes on images enhanced by our proposed DCDNet.

stage denoising and contrast enhancement. DCDNet consists
of a Detail Awareness Unit (DAU), a Deep Denoising Prior
(DDP), and a Contrast Improvement Module (CIM). The
DAU retrieves detailed features from the DDP encoder and
integrates them into the CIM during contrast enhancement to
preserve image details. Our analysis and experiments show
that multi-stage processing blurs details, but by preserving
and incorporating detail information across stages, DCDNet
effectively mitigates this issue.
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