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Abstract

Existing single-image denoising algorithms often struggle
to restore details when dealing with complex noisy im-
ages. The introduction of near-infrared (NIR) images of-
fers new possibilities for RGB image denoising. How-
ever, due to the inconsistency between NIR and RGB im-
ages, the existing works still struggle to balance the con-
tributions of two fields in the process of image fusion. In
response to this, in this paper, we develop a cross-field
Frequency Correlation Exploiting Network (FCENet) for
NIR-assisted image denoising. We first propose the fre-
quency correlation prior based on an in-depth statistical
frequency analysis of NIR-RGB image pairs. The prior re-
veals the complementary correlation of NIR and RGB im-
ages in the frequency domain. Leveraging frequency corre-
lation prior, we then establish a frequency learning frame-
work composed of Frequency Dynamic Selection Mecha-
nism (FDSM) and Frequency Exhaustive Fusion Mecha-
nism (FEFM). FDSM dynamically selects complementary
information from NIR and RGB images in the frequency do-
main, and FEFM strengthens the control of common and
differential features during the fusion process of NIR and
RGB features. Extensive experiments on simulated and
real data validate that the proposed method outperforms
other state-of-the-art methods. The code will be released
at https://github.com/yuchenwang815/F CENet.

1. Introduction

Due to the inherent physical limitations of digital imaging
devices, the captured images are often affected by various
types of noise, which have a considerable impact on appli-
cations such as 24-hour surveillance, autonomous driving,
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Figure 1. Comparisons of PSNR, FLOPs, and Parameters on the
DVD dataset [ 18] are presented. Green circles represent the single-
image denoising algorithms, and blue circles represent the NIR-
assisted image denoising algorithms. The circle radius represents
the number of parameters. The proposed method (red circles)
achieves the superior performance while maintaining efficiency.

and smartphone photography. Although the development of
deep learning techniques [24, 36] has brought forth a vari-
ety of image denoising methods [1, 3, 13, 28, 47, 51], ex-
isting algorithms still find it difficult to deal with complex
noisy images, especially in low-light environment. Restor-
ing clean detailed information from noisy images that lack
substantial information is highly ill-posed. Therefore, it
is necessary to introduce supplementary information from
new fields. Fortunately, NIR images with high Signal to
Noise Ratio (SNR) can be captured at a low cost and are
suitable for everyday photography. Thus, NIR-assisted im-
age denoising [26, 37, 46] has become a promising solution
for image denoising.

However, it is challenging to effectively leverage infor-
mation from different fields to achieve noise reduction. Due
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Figure 2. Visual comparisons on the challenging noisy RGB-NIR
image pairs. Pay attention to the differences in structural and color
information between two fields. Our method produces a better
denoising result with clear details and fewer artifacts.

to the influence of the inherent reflective spectra of objects,
there are inconsistencies between NIR and RGB images. As
shown in Fig. 2, firstly, there is a significant difference in
color and brightness information between two fields. Sec-
ondly, some structural texture of RGB image disappears
in NIR image, and additional artifacts may appear. The
color and structural inconsistencies between NIR and RGB
images pose a significant challenge for the task of NIR-
assisted image denoising.

In existing researches, some methods attempt to directly
integrate inconsistent features from two fields [31, 32, 43,
44]. However, these methods indiscriminately fuse cross-
field information, relying on the fitting capabilities of neu-
ral networks to learn the fusion of NIR and RGB images
under spatial inconsistency, which often leads to subopti-
mal denoising results and lower computational efficiency.
Some methods reinforce common features from NIR and
RGB images and diminish the weight of inconsistent fea-
tures during the fusion [11, 18, 19, 46]. These image fusion
schemes typically only enhance the common information
in NIR and RGB during fusion, but some differential in-
formation such as the sharp textures in NIR and the color
information in RGB is discarded.

In this paper, we develop a cross-field Frequency Corre-
lation Exploiting Network (FCENet) for NIR-assisted im-
age denoising. We conduct a series of analyses on the char-
acteristics of NIR and RGB images in the frequency domain
and obtain a key observation: in the same scene, the simi-
larity between noisy RGB images and clean RGB (noise-
free RGB) images decreases from low to high frequency,
whereas the similarity between NIR images and clean RGB
images increases from low to high frequency. This signifi-
cant cross-field frequency correlation prior redefines cross-
field fusion as a process of frequency domain adaptive se-
lection, motivating us to subsequently establish detailed fre-
quency domain learning to precisely control the restoration
of texture details and colors.

Specifically, the frequency domain fusion network con-
sists of two mechanisms: Frequency Dynamic Selection
Mechanism (FDSM) and Frequency Exhaustive Fusion
Mechanism (FEFM). In order to comprehensively extract
useful features from inconsistent images, the FDSM is for-

mulated based on dynamic filters under the guidance of fre-

quency domain prior. The FDSM efficiently screens com-

plementary features from NIR and RGB in the frequency

domain, providing high quality material for subsequent im-

age fusion. Then, the FEFM is formulated to ensure thor-

ough frequency domain fusion. The FEFM integrates local
and long-range correlations across fields to fully extract the
common feature from cross-field information, and employs

a differential cross-attention approach to complement some

key differential high frequency features in NIR features.

The proposed FCENet can utilize complementary infor-
mation from cross-field images. Extensive experiments on
simulated and real data validate that our method outper-
forms other state-of-the-art methods in terms of image qual-
ity and computational efficiency. The main contributions of
this work are summarized as follows:

* We establish the frequency correlation prior between NIR
and RGB images through a series of frequency domain
analyses of two fields, which prompts the integration of
complementary features in the frequency domain.

* We propose an efficient frequency dynamic selection
mechanism based on the frequency correlation prior to
identify which useful low-frequency and high frequency
information should be retained in NIR and RGB features.

e We develop an exhaustive frequency domain fusion
mechanism that models the local similarity and long-
range correlation in the frequency domain of NIR and
RGB images, and supplements some critical high fre-
quency differential features.

2. Related Work

2.1. Single Image Denoising

Image denoising [12, 29] is a classic task in low-level vi-
sion. Inrecent years, deep learning has greatly improved the
accuracy and efficiency of denoising [2, 7, 14, 22, 23, 35].
DnCNN [50] uses a simple network with batch normaliza-
tion and residual learning, which outperforms traditional
denoising methods. MPRNet [47] designs a multi-stage
restoration framework, and Restormer [48] proposes an ef-
ficient transformer framework for high-resolution images.
Xformer [49] proposes a transformer framework that com-
bines spatial self-attention and channel self-attention. How-
ever, despite their strong denoising capabilities, single-
image denoising still inevitably loses a lot of spatial infor-
mation, leading to overly smooth edge textures in the de-
noised images.

2.2. NIR-Assisted Image Restoration

To achieve better denoising effects, researchers have at-
tempted to use NIR images to assist in RGB image denois-
ing [8, 26, 38, 46]. Compared with single-image recovery,
NIR images can help restore the details of degraded im-
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ages [37, 43]. In early research, Yan et al. [46] proposes
a scale map from the perspective of gradient inconsistency
to find universal usable edges and smooth transitions in NIR
images. With the proliferation of deep learning, CUNet [11]
uses a convolutional sparse coding model to extract com-
mon features from cross-field images. FGDNet [31] and
SANet [32] fuse the features of two fields in the frequency
domain. MNNet [44] proposes an observation model that
takes into account the modality gap between the target
and guiding images. DVN [18] integrates structural in-
consistency priors into deep features, specifically strength-
ening the common deep features in NIR and RGB im-
ages. NAID [43] proposes Selective Fusion Module (SFM),
which can be plugged into advanced image restoration net-
works. However, under extreme noisy conditions, existing
NIR-assisted denoising methods fail to balance color accu-
racy, detail retention, and artifact suppression.

2.3. Frequency Domain Image Restoration

Frequency analysis in digital signal processing emphasizes
the frequency properties of signals [33, 45]. Recently, fre-
quency domain analysis has shown great potential in im-
proving the performance of various learning-based image
restoration frameworks [17, 42, 53]. In [21], An efficient
estimation of scaled dot-product attention based on a fre-
quency domain self-attention solver (FSAS) is proposed.
HDNet [16] proposes a high-resolution dual-domain learn-
ing network. SFNet [10] uses filters to dynamically decou-
ple feature mappings into different frequency components
and adaptively extracts useful features. In this paper, we
emphasize the importance of frequency domain information
for the research on fusion under inconsistency and design
a comprehensive frequency domain fusion scheme for this
task to ensure the utilization of complementary information
from NIR and RGB images.

3. Method

In this section, we first introduce the cross-field frequency
correlation prior of NIR and RGB images. Based on the
cross-field frequency correlation prior, a detailed frequency
domain scheme is formulated, including the Frequency Dy-
namic Selection Mechanism (FDSM) and the Frequency
Exhaustive Fusion Mechanism (FEFM) for thorough fre-
quency exploitation.

3.1. Cross-Field Frequency Correlation Prior

To address the fusion of NIR and RGB images under spatial
inconsistency, it is imperative to distinguish which informa-
tion in NIR and RGB images is useful and which is redun-
dant or even erroneous for denoising. We randomly select
30 pairs of NIR images, noisy RGB images, and clean RGB
images from the existing RGB-NIR dataset and perform
fourier transform on them. To facilitate the study of the
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Figure 3. The analysis of NIR and RGB frequency correlation.
(a) The frequency correlation between noisy RGB and clean RGB,
with the horizontal axis indicating the cutoff frequency of the high-
pass filter. Different colored curves represent different scenarios.
(b) The frequency correlation between NIR and clean RGB. (c)
The visualization results of images output by a fixed frequency
filter, with the first row showing high frequency (HF) part and the
second row showing low frequency (LF) part.

correlation between NIR and RGB in the frequency domain,
we apply a high-pass filter to the aforementioned three kinds
of frequency domain images and convert the filtered results
back to the spatial domain. We separately computed the
Structural Similarity (SSIM) [40] between NIR/noisy RGB
images and clean RGB images at different cutoff frequen-
cies as a measure of frequency correlation .S, as shown in
Fig. 3a and Fig. 3b. The process can be described as

S = SSIM(F M (H(Fiarger)), F ' (H(Fyr))) (1)

where F~!(-) denote 2D-IDFT operations, Fiarger and Fg
represent NIR or noisy RGB and clean RGB after 2D-DFT
transformation. H(-) represents the filtering of the input im-
age with a high-pass filter. The analysis results indicate that,
in the main energy frequency, the image similarity between
the input noisy RGB and clean RGB images decreases pro-
gressively as the frequency increases, while the image sim-
ilarity between the input NIR image and clean RGB image
increases from low to high frequency. Fig. 3c also shows
that for noisy RGB images, their high frequency informa-
tion is mainly composed of noise and lacks detail informa-
tion, while the low frequency information more faithfully
reflects the color in the original image, and NIR images are
just the opposite. These cross-field Frequency correlation
priors indicate that it is simple and efficient to distinguish
useful information from NIR and RGB images in the fre-
quency domain, which inspires us to propose a comprehen-
sive frequency domain learning framework.

12681



Noisy RGB (Input

Clean NIR (Input)

- High Frequency

él
Pre-Denoise ==
| e—]
!

Over-Flattened RGB

Supervision 1

Clean RGB (Reference)

Denoised RGB (Output)

Figure 4. The overall architecture of the proposed cross-field Fre-
quency Correlation Exploiting Network (FCENet). In the first
stage, pre-denoising is performed. In the second stage, NIR im-
age is introduced for NIR-assisted image denoising.

3.2. Overview Framework

The proposed frequency domain fusion framework, as de-
picted in Fig. 4, includes two stages for the gradual restora-
tion of images. Both stages incorporate an encoder-decoder
architecture based on the U-Net [30], featuring two down-
sampling layers and two upsampling layers. Skip connec-
tions are employed between the encoder and decoder fea-
tures. A Supervised Attention Module (SAM) [47] is uti-
lized to connect features from the first stage to the second
stage for further processing.

In the first stage, the input noisy RGB image undergoes
preliminary denoising to reduce the modality gap with the
NIR image. In the second stage, we perform multi-scale
fusion of the encoded features of the NIR and RGB im-
ages. Specifically, at each scale of the encoder, NIR en-
coded features and RGB pre-denoise features are fed into
the frequency domain fusion modules based on FDSM and
FEFM, as shown in Fig. 5.

3.3. Frequency Dynamic Selection Mechanism

The frequency correlation prior indicates that extracting
cross-field complementary information from the frequency
domain is efficient. For feature extraction, traditional con-
volutional kernels share weights across the entire feature
map, lacking flexibility to address the numerous inconsis-
tencies between NIR and RGB images, which affects the
efficiency of extraction. We introduce frequency domain

dynamic convolution to adapt to specific inputs and effec-
tively extract complementary features.

Specifically, given the NIR features N €
and pre-denoised features R € RE*H*W 'we concatenate
them after layernorm and undergo convolution and the acti-
vate function to obtain a coarsely fused feature map, After
that, we separate the fused feature map to obtain the aggre-
gated features Ag and A for NIR and RGB individually.
These aggregated features are used to generate dynamic fil-
tering kernels to selectively extract useful features from the
NIR and RGB input features.

For dynamic filters, some works [27, 52] that gener-
ate deep separable and spatially variant dynamic filtering
kernels are usually computationally intensive and time-
consuming, and require a large amount of data. We em-
ploy a method similar to [6, 34] by generating dynamic
weights to dynamically aggregate multiple parallel convo-
lutional kernels related to the input, and performing this
process in the frequency domain. Specifically, the aggre-
gated features Ag and A are used to generate the weights
for k learnable frequency domain filters. For each feature
channel, these filters are linearly combined to form a fre-
quency domain global filter, which is used to select useful
frequency domain information from the input NIR and RGB
features. Finally, Fr, Fiy denoting the filtered useful fea-
tures of NIR and RGB can be represented as

RCXHXW

DF1 = Softmax(MLP(Pooling(Ay))) - G (2)

F; = F '(F(I) © DFy) (3)

where DF is frequency domain dynamic filter, and I rep-
resents R or N. G € RM* ¥ represents the combination
of k learnable frequency domain filtering kernels, and M
is the spatial dimension of the convolutional kernel. F(-)
and F~1(-) denote the 2D-DFT and 2D-IDFT operations,
respectively.

3.4. Frequency Exhaustive Fusion Mechanism

After the NIR and RGB feature maps pass through the
FDSM, the useful features are retained. Next, to fuse the
two inconsistent fields, we further integrate their infor-
mation in the frequency domain and propose the FEFM,
with this process driven by prior frequency correlations.
Specifically, the proposed FEFM includes two key com-
ponents: Common Feature Reinforcement (CFR) mecha-
nism and Differential Feature Reinforcement (DFR) mech-
anism. CFR comprehensively explores the correlation be-
tween NIR and RGB features in the frequency domain to
strengthen the modeling of common features, while DFR
employs differential modeling to enhance key differential
high frequency features.
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Figure 5. The architecture of the proposed Frequency Dynamic Selection Mechanism (FDSM) and Frequency Exhaustive Fusion Mecha-

nism (FEFM) for thorough frequency exploitation.

Common Feature Reinforcement Mechanism. The
convolution theorem establishes that the correlation or con-
volution of two signals in the spatial domain is equal to
their element-wise product in the frequency domain. Lever-
aging this property, previous work [21] integrate the fre-
quency domain into the self-attention mechanism, simplify-
ing matrix multiplication into lightweight element-wise dot
product operations. Although the dot product is efficient,
it only calculates the point-wise correlation coefficients in
the frequency domain, missing the long-range correlations
in the frequency domain. To more comprehensively model
the common features of NIR and RGB, we apply a point-
wise convolution and a depthwise convolution to the input
NIR and RGB feature maps Fr, Fn;, to obtain encoded fea-
tures Q=W WOFgr, K=WIWEFN, V=W W) Fn.
To facilitate the calculation of frequency domain correla-
tions, we apply 2D-DFT to the input features to produce
frequency cubes Fq and Fx. We simultaneously model the
long-range correlation and point-wise correlation of NIR
and RGB features in the frequency domain, resulting in a
correlation map that integrates local similarity and long-
range channel correlation within the frequency domain. The
output of CFR can be represented as

Fcrr = (FQ ® FK) . Softmax(FQ . FI—E/O‘) 4)

where « is a learnable scaling parameter.

Differential Feature Reinforcement Mechanism. Tra-
ditional cross-attention [15, 25, 39] structures are typically
used to capture common features but do not effectively uti-
lize differential information. Although this approach is cor-
rect in general image fusion frameworks, in this paper, the
features of the two fields are considered useful after pass-
ing through the frequency domain selection mechanism. By

observing the feature maps (Fig. 9), we find that the high
frequency texture information in the NIR features is clear
compared to the RGB feature maps. The common features
obtained by weighted fusion through cross-attention remain
somewhat blurry, which greatly affects the denoising effect.
These differential high frequency features on NIR are cru-
cial for image restoration. We adopt a differential cross-
attention to complement the missing differential informa-
tion, and the output of CFR can be represented as

Fprr = (V- AV O F '(Fcrr)) ®)

where ) is a learnable scalar that dynamically controls
the weights of two feature maps. Although DFR effec-
tively models the differential high frequency information,
the fused features lack some common features and back-
ground information. To further refine the fused features, we
perform a dot product between the encoded features Q and
the output of CFR, and add the result to the output of DFR
as the final fused result.

3.5. Loss Function

We adopt the Charbonnier loss [5], and adding the fre-
quency domain loss [9]. The overall loss function is rep-
resented as

E - Echarbonnier (Xla T) + AccharbonnieT(XQ) T)

(6)
+a- ‘ccharbonnier(}-(X2)v’F(T))
where X; and X, are the outputs of pre-denoising sub-
network and whole network, respectively. T is ground truth
and « is setas 0.1 [9].
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Figure 6. The qualitative comparison among our FCENet and the state-of-the-art methods on the noisy RGB-NIR pairs from DVD[18]
with different noise levels. Our method achieves better results in detail recovery, artifact removal, and color restoration.

Table 1. Comparison of different methods on the DVD test set with noise levels o = 2, 4, 6.The best and second-best results are highlighted

in boldface and underlined, respectively.

Methods oc=2 oc=4 c=6 Complexity
PSNR? SSIM? PSNR?T SSIM? PSNR?T SSIM? FLOPs(G) Params(M)

Uformer [41] 31.34 0.949 29.12 0.927 27.58 0.908 9.60 20.63
Restormer [48] 31.30 0.949 29.20 0.928 27.76 0.910 36.06 26.13
MPRNet [47] 31.78 0.951 29.37 0.929 27.84 0.910 133.51 15.74
Xformer [49] 3141 0.950 29.30 0.928 27.43 0.908 39.34 25.22
CUNet [11] 28.76 0.923 26.81 0.898 25.64 0.875 6.72 0.44
SANet [32] 30.13 0.938 27.84 0917 26.41 0.901 25.01 5.38
MNNet [44] 30.14 0.944 28.26 0.923 26.75 0.906 10.97 0.76
DVN [18] 31.50 0.955 29.62 0.940 28.26 0.927 48.30 6.97
NIR-Restormer [43] 31.81 0.957 29.81 0.942 28.31 0.928 45.31 30.26
FCENet-L (Ours) 31.87 0.960 29.91 0.946 28.36 0.934 5.71 1.16
FCENet (Ours) 32.43 0.963 30.37 0.950 28.78 0.939 19.52 4.44

4. Experiments

In this section, we evaluate the proposed method on pub-
lic datasets and compare it with other NIR-assisted image
denoising methods.

4.1. Experimental Settings

Datasets. We evaluate the NIR-assisted image denoising
method on the DVD [18] and IVRG [4] datasets. The
DVD dataset consists of 307 high-resolution NIR-RGB im-
age pairs, which are converted into 5000 image pairs of size
3 X 256 x 256 for training and 1000 image pairs of size
3 X 256 x 256 for testing. The IVRG dataset contains NIR
and RGB image pairs from 9 different scenes. For each
scene, as in [44], experiments randomly select 30/8/15 pairs
for training/validation/testing.

Parameter settings. The proposed network is implemented
with Pytorch and trained using the Adam optimizer [20]
(B1 = 0.9, B3 = 0.999) on patches of size 128 x 128
with a batch size of 16. For the DVD dataset, we simulate
low-light conditions by randomly reducing the mean of the
original images as in [18] and add Gaussian-Poisson mixed
noise with a range of 1 to 16. The model is trained for 80
epochs. The initial learning rate is 2 x 10~%, and a cosine
annealing strategy is used to gradually reduce the learning
rate to 1 x 106, For the IVRG dataset, following the set-
tings in [44], it is cropped into 16,374 training patches, and
then additive Gaussian noise with random noise levels is
used to simulate the target images, considering three noise
levels in testing: o = 25, 50, and 75. The model is trained
for 100 epochs with an initial learning rate of 5 x 10~
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Figure 7. Visual comparisons on real-world RGB/NIR image pairs. Our method demonstrates better visual results.

Table 2. Comparison of different methods on the IVRG test set
with noise levels o = 25, 50, 75. The best and second-best results
are highlighted in boldface and underlined, respectively.

Methods o=25 o =50 o=175
PSNR1 SSIMT|PSNR1T SSIMT|PSNRT SSIM1T
Restormer [48] 31.72 0.876 | 27.67 0.788 | 24.50 0.722
Uformer [41] 3197 0.878 | 27.83 0.793 | 24.58 0.726
MPRNet [47] 31.89 0.878 | 27.80 0.794 | 24.57 0.729
Xformer [49] 3198 0.879 | 27.86 0.794 | 24.61 0.731
CUNet [11] 31.37 0.876 | 27.78 0.812 | 24.64 0.764
SANet [32] 31.54 0.885 | 28.13 0.825 | 24.81 0.785
MNNet [44] 3259 0.904 | 28.66 0.851 | 25.25 0.808
DVN [18] 3276 0906 | 28.73 0.852 | 25.28 0.809
NIR-Restormer [43]| 32.86 0.906 | 28.77 0.853 | 25.30 0.811
FCENet-L (Ours) 3285 0.909 | 28.80 0.857 | 25.33 0.816
FCENet (Ours) 33.26 0915 | 29.08 0.866 | 25.48 0.826

4.2. Experimental Results

In our experimental evaluation of our method, we
compare our results with nine models, including five
state-of-the-art NIR-assisted RGB denoising methods:
CUNet [11], SANet [32], MNNet [44], DVN [18],
and NIR-Restormer [43], and four state-of-the-art single-
image denoising methods: MPRNet [47], Restormer [48],
Uformer [41], and Xformer [49]. To further demonstrate
the superiority of our method, we additionally provide the
denoising results of a light version (-L) by changing the ini-
tial feature map channel count from 64 to 36, which has
only 1.16 M parameters. All compared methods are trained
on the same training set as ours.

Evaluations on the DVN dataset. We first evaluate our
method on the DVD dataset, with quantitative results shown
in Table 1. It can be observed that the proposed FCENet,
and even FCENet-L, outperform all other single-image de-
noising methods and NIR-assisted denoising methods in
terms of PSNR and SSIM with moderate computational and
memory costs. The qualitative comparison in Fig. 6 clearly
illustrates that our method has advantages over other state-
of-the-art methods in noise removal, color preservation, and
detail recovery. For single-image denoising methods like
Restormer, although they have achieved advanced denois-
ing effects in low-noise scenarios, they still lack effective
means to address detail texture loss in high-noise situations.
For guided denoising methods, MNNet is unable to effec-
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Figure 8. Frequency domain dynamic filters on NIR and RGB side
at different depths. The first row represents the frequency domain
filters of RGB side, and the second row represents the filters of
NIR side.
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tively handle the inconsistencies between NIR and RGB
images. DVN strengthens consistent high frequency tex-
tures but loses critical differential high frequency informa-
tion in NIR and sacrifices the authenticity of low-frequency
color. NIR-Restormer has good denoising effects but lacks
effective utilization of inconsistent information, leading to
over-smoothing and color distortion. Our method recovers
detailed texture information while more faithfully preserv-
ing low-frequency color information in RGB images. This
proves that the proposed method can efficiently utilize the
complementary information of NIR and RGB images in the
fusion through a series of frequency domain learning.
Evaluations on the IVRG dataset. We evaluate our
method on the IVRG dataset. Following the previous
method, we consider three noise levels in the test, includ-
ing 0 = 25,50, and 75. Quantitative results are shown
in Table 2. It can be observed that compared to the state-
of-the-art single-image denoising algorithms, our method
significantly improves the performance of image denoising,
demonstrating the effectiveness of NIR images. Compared
to existing NIR-assisted denoising methods, our method
also has significant advantages.

Evaluations on real-world experiment. To further eval-
uate the performance of our model in real noisy envi-
ronments, we conduct qualitative experiments on NIR-
RGB data pairs in real low-light conditions. As shown in
Fig. 7, the introduction of NIR images brings more de-
tailed textures but also a large number of inconsistencies.
SANet fails to handle inconsistencies, resulting in a signif-
icant amount of artifacts, while MNNet, DVN and NIR-
Restormer are unable to thoroughly denoise. In contrast,
our method can eliminate inconsistencies while introducing
more detailed information.
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Table 3. Ablation study of various components of our method.

Baseline FDSM  FEFM | PSNR{  SSIMt
(a) v 29.13 0.936
(b) v v 29.64 0.944
(c) v v 29.96 0.947
(d) v v v 30.37 0.950
Table 4. Ablation on the branches of FDSM.
Methods PSNR?T SSIM?T
w/o FDSM 29.96 0.947
Spatial Dynamic Selection 30.11 0.948
Frequency Dynamic Selection 30.37 0.950

Table 5. Ablation on the branches of FEFM.

Methods PSNR?T SSIM?t
Sum 29.64 0.944
Cross-attention 29.85 0.946
DFR 30.15 0.948
DFR + CFR 30.37 0.950
4.3. Ablation Study

We conduct ablation studies with FCENet on the DVD
dataset under 0 = 4. We compare two mechanisms pro-
posed in this paper with a two-stage U-Net baseline, with
the results shown in Table 3. In the U-Net baseline, cross-
field images are fused through addition. By deploying
FDSM and FEFM, the model achieves gains of 0.51dB and
0.83dB, respectively. Finally, combining all contributions
significantly improves the denoising level compared to the
baseline.

Effect of FDSM. Using FDSM allows for better extrac-
tion of complementary information from NIR and RGB
while handling inconsistent regions. In Fig. 8, we show
the frequency domain dynamic filter kernels in FDSM. It
can be observed that the filter kernels processing NIR fea-
ture maps regularly enhance the learning of mid-to-high fre-
quency information, while those processing RGB feature
maps mainly learn low frequency information from the in-
put images. This is consistent with the conclusions drawn
from our frequency domain correlation priors. Additionally,
we conduct experiments using spatial dynamic convolution
in this module. The results in Table 4 ultimately prove the
effectiveness of extracting relevant features from the fre-
quency domain in NIR and RGB images and the stability of
dynamic convolution in extracting inconsistent features.
Effect of FEFM. Traditional cross-attention fusion mod-
ules only strengthen common features but neglect differen-
tial features. FEFM strengthens the learning of common
features and enhances the learning of some high frequency
differential information in NIR feature maps. Fig. 9 shows
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Figure 9. Feature maps obtained from two fields. The first column
represents the input feature maps of NIR and RGB, the second
column represents the output feature of cross-attention, and the
third column is the output feature of FEFM.

the input NIR and RGB feature maps after frequency do-
main selection, the fused feature maps after cross-attention
fusion, and the fused feature maps after FEFM. Compared
to the NIR feature maps, the input RGB feature maps still
lack high frequency features. It can be seen that the pro-
posed FEFM strengthens common features while supple-
menting some differential texture information from NIR.
We compare two mechanisms in FEFM, CFR and DFR,
with traditional cross-attention fusion modules and direct
feature summation. The results in Table 5 prove effective-
ness of our method in strengthening common features in
frequency domain and modeling differential features.

5. Conclusion

In this paper, a cross-field frequency correlation exploit-
ing network for NIR-assisted image denoising is proposed.
Specifically, we first conduct a series of analyses on the
characteristics of NIR and RGB images in frequency do-
main and obtain frequency correlation prior. Based on the
prior, the frequency dynamic selection mechanism dynam-
ically extracts complementary information from cross-field
images in the frequency domain, and the frequency exhaus-
tive fusion mechanism is proposed to enhance common fea-
tures and differential high frequency features during fusion
process. Extensive experiments demonstrate that the pro-
posed method is significantly better than other algorithms.
It is worth mentioning that existing methods may fail on
significantly misaligned cross-field images. In future work,
we plan to explore advanced methods such as feature point
matching or incorporating deformable convolutional ker-
nels to handle significantly misaligned cross-field images.
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