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Abstract

Moiré patterns, caused by frequency aliasing between fine
repetitive structures and a camera sensor’s sampling pro-
cess, have been a significant obstacle in various real-world
applications, such as consumer photography and industrial
defect inspection. With the advancements in deep learn-
ing algorithms, numerous studies—predominantly based on
convolutional neural networks—have suggested various so-
lutions to address this issue. Despite these efforts, existing
approaches still struggle to effectively eliminate artifacts
due to the diverse scales, orientations, and color shifts of
moiré patterns, primarily because the constrained receptive
field of CNN-based architectures limits their ability to cap-
ture the complex characteristics of moiré patterns. In this
paper, we propose MZNet, a U-shaped network designed to
bring images closer to a ‘Moiré-Zero’ state by effectively re-
moving moiré patterns. It integrates three specialized com-
ponents: Multi-Scale Dual Attention Block (MSDAB) for
extracting and refining multi-scale features, Multi-Shape
Large Kernel Convolution Block (MSLKB) for capturing
diverse moiré structures, and Feature Fusion-Based Skip
Connection for enhancing information flow. Together, these
components enhance local texture restoration and large-
scale artifact suppression. Experiments on benchmark
datasets demonstrate that MZNet achieves state-of-the-art
performance on high-resolution datasets and delivers com-
petitive results on lower-resolution datasets.

1. Introduction

Moiré patterns arise from frequency aliasing when fine
repetitive structures interfere with a camera sensor’s sam-
pling process. These artifacts occur in various scenar-
ios, such as capturing on-screen content, textiles with fine
weaves, or architectural structures with dense grids. In
particular, when photographing digital displays, moiré is
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caused by the interaction between the camera’s color filter
array (CFA) and the display’s subpixel structure, resulting
in severe color banding and rippling, which significantly de-
grade image quality (See Fig. 1). In industrial applications,
such as display manufacturing and quality control, moiré
artifacts can obscure critical defects during inspection, po-
tentially leading to product failures. Therefore, developing
efficient and robust moiré removal techniques has become
urgent and essential.

Conventional methods [27, 38, 40, 50, 52, 53], which
rely on decomposition, filtering, or handcrafted priors, have
attempted to mitigate moiré artifacts, but their effectiveness
remains limited. With the advent of deep learning, various
demoiré techniques [6, 16, 17,28, 34,42,45,49,51, 54, 55,
63, 65] have emerged, exploring frequency-domain strate-
gies [28, 63, 64] and multi-scale architectures [6, 42, 55].
For example, MBCNN [63] employs a learnable bandpass
filter to target moiré frequencies, while ESDNet [55] in-
corporates a semantic-aligned scale-aware module for UHD
demoiréing, achieving promising results.

Despite these advances, moiré removal remains chal-
lenging due to its diverse scales, complex shapes, and severe
color distortions as shown in Fig. 1. High-definition images
further exacerbate this issue, as moiré artifacts tend to be
more intricate and varied within a single image [55]. While
Transformer-based models have demonstrated promising
results in image restoration by capturing long-range spatial
dependencies, their high computational cost and the lim-
ited availability of large-scale training pose significant chal-
lenges for their subsequent application to moiré removal.
Consequently, almost all existing approaches adopt CNN-
based architectures thanks to their efficiency. However, due
to their limited receptive fields, CNNs often struggle to cap-
ture global structures and unique moiré patterns, resulting
in suboptimal artifact suppression across diverse scenarios.
To comprehensively address these challenges, we propose
a novel framework, MZNet, which integrates three com-
plementary components to form a design well-suited to the
characteristics of moiré patterns.

First, we introduce the Multi-Scale Dual Attention Block



Figure 1. Visualization of moiré patterns from the UHDM dataset.
(A) shows the full image with moiré patterns, while (B), (C), and
(D) present magnified regions. They illustrate the varying direc-
tions and scales of moiré within a single image. (E) is extracted
from the ground truth corresponding to the same region as (D),
highlighting the color distortions caused by moiré patterns.

(MSDAB), which is designed to effectively capture differ-
ent scales of the moiré patterns. MSDAB in our network ex-
tracts multi-scale features from the given input and refines
them using Multi-Dilation Convolution Module (MDCM)
and Dual Attention Module (DAM), respectively. MDCM
consists of depth-wise dilated convolutions, which expand
the receptive field of the network with minimal computa-
tional cost, while DAM employs Simplified Channel Atten-
tion (SCA) [3] and Large Kernel Attention (LKA) [14] to
suppress both local textures and large-scale artifacts. Given
that the moiré patterns exhibit diverse shapes and orienta-
tions, we further incorporate the Multi-Shape Large Kernel
Convolution Block (MSLKB) to better capture directional
information of the moire patterns. Placed at the bottleneck
of our network, MSLKB utilizes depth-wise large-kernel
convolutions with square, horizontal, and vertical shapes.
This design not only effectively represents the various fea-
tures with diverse orientations, but also avoids excessive
computational cost of the network, providing a tailored so-
lution for subsequent demoiréing.

Finally, we incorporate a Feature Fusion-Based Skip
Connection (FFSC), which augments the information flow
between the encoder and decoder of our network. By ag-
gregating features extracted from all encoder levels and in-
jecting them into each decoder level, this strategy ensures
that each decoder leverages rich, multi-scale contextual in-
formation, therefore enabling superior detail reconstruction
and notable artifact suppression.

Experiments on high-resolution benchmarks (UHDM,
FHDMIi) demonstrate that MZNet outperforms state-of-the-
art demoiréing methods, achieving PSNR gains of over 0.33
dB and 0.67 dB, respectively, while maintaining a low com-
putational cost among competitive approaches. Our contri-
butions are as follows:

* We propose MZNet, which incorporates three special-
ized components for moiré removal: Multi-Scale Dual
Attention Block, Multi-Shape Large Kernel Convolu-
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tion Block, and Feature Fusion-Based Skip Connec-
tion.

e MZNet demonstrates superior demoiré performance
on high-resolution benchmark datasets while main-
taining a low computational cost.

2. Related Work

Image Demoiréing With the advent of deep learn-
ing, various demoiré techniques have emerged, explor-
ing frequency-domain strategies [17, 28, 63, 64] and
multi-scale architectures [6, 16, 42, 55]. For exam-
ple, MBCNN [63] employs a learnable bandpass filter
to target moiré frequencies, while ESDNet [55] incor-
porates a semantic-aligned scale-aware module for UHD
demoiréing, achieving promising results. Building on
the 4K UHDM benchmark [55], subsequent studies intro-
duced a coarse-to-fine pipeline [45], the memory-efficient
patch-based method [49], and RAW-level approaches that
suppress moiré artifacts before demosaicing [7, 51, 56]. De-
spite these efforts, existing demoiréing methods generally
rely on the conventional CNN-based architectures, which
often struggle to capture long-range moiré structures. While
many previous approaches have explored multi-scale fea-
ture extraction or frequency-based processing, effectively
handling the diverse shapes and scales of moiré patterns still
poses significant challenges. In this work, we propose an ef-
ficient architecture by enhancing its adaptability to diverse
moiré patterns, resulting in a more accurate demoiréing net-
work.

Large Kernel Convolution Early CNN architectures [22,
24] explored large kernels, but the success of 3 x 3 con-
volutions in deep neural networks [18, 39] established
them as the standard due to their efficiency. Recently,
inspired by Transformer, CNNs have revisited large ker-
nels to model long-range dependencies using depth-wise
decompositions [23, 29] and large kernel attention mech-
anisms [13, 14]. In image restoration, large kernels have
been applied for dehazing, deblurring [33, 36], and super-
resolution [46]. In addition, other approaches integrate vari-
ous kernel structures to jointly capture both global and local
information [8, 15].

Image Restoration As deep learning advanced, CNN-
based models [1, 10, 12, 57, 58, 61, 62] achieved strong
performance in image restoration. Following the success
of Vision Transformer (ViT) [9], Transformer-based mod-
els have been widely explored for image restoration, lever-
aging self-attention to effectively capture global interac-
tions. This approach has been applied to various restora-
tion tasks, including deblurring [21, 44, 48], denoising [2,
11, 25], and super-resolution [4, 5, 26, 32, 41]. In partic-
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Figure 2. Overview of MZNet. The model follows a U-Net architecture with four levels of encoders and decoders. MSDAB are used in
both the encoder and decoder, while the middle block incorporates a single MSLKB. FS modules in the skip connections facilitate feature

fusion across scales.

ular, Restormer [59] introduced a transposed self-attention,
which applies self-attention across the channel dimension,
enabling efficient processing of high-resolution images.
However, Transformer-based models often incur high com-
putational costs. To address this issue, NAFNet [3] was
proposed, replacing activation functions and Transformer
operations with a simplified channel attention and gating
mechanism, achieving both high efficiency and strong per-
formance.

3. Method
3.1. Overall Pipeline

As illustrated in Fig. 2, our framework adopts an encoder-
latent-decoder design with four levels on both the encoder
and decoder sides. Given an input moiré image I €
RHXWX3 e first apply a pixel unshuffle [37] operation
followed by a 3 x 3 convolution to extract the shallow fea-
ture Fy € RHs*WsxC This feature is then passed through
the four-stage encoder, which progressively halves the spa-
tial resolution while doubling the number of channels at
each level. Consequently, for each level [, we obtain la-

H. Ws 1
tent features F) € R X% %2 ¢ Before decoding, the last
latent feature F is refined by our proposed Multi-Shape
Large Kernel Convolution Block (MSLKB). On the decoder
side, the features are upsampled by a factor of 2 at each of
the four stages, while the channel dimension is reduced ac-
cordingly. At each decoder level [, the latent features from
all encoders are spatially aligned to match the decoder’s cur-

rent resolution gf VQVLS . These aligned features are then
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fused through a fusion mechanism, resulting in the fused

~ Hg Ws l

feature £} € R= ¥ % *2 ¢ This feature is concatenated
with the current decoder feature and passed througha 1 x 1
convolution to reduce the channel dimension by half before
proceeding to the next level. Finally, the decoder’s output
features are processed through a 3 x 3 convolution followed
by pixel shuffle upsampling to reconstruct the residual im-
age R € RE*XWx3  The clean image I is obtained by
adding the residual image R to the input moiré image I.

3.2. Multi-Scale Dual Attention Block

To effectively capture and remove moiré patterns at varying
scales, we propose the Multi-Scale Dual Attention Block
(MSDAB), which consists of two key components: the
Multi-Dilation Convolution Module (MDCM) and the Dual
Attention Module (DAM). MDCM extracts multi-scale fea-
tures and DAM selectively refines them through comple-
mentary attention mechanisms, ensuring effective moiré
pattern removal. The input feature map is first normalized
and transformed through a 1 x 1 convolution followed by
a 3 x 3 depth-wise convolution, generating the initial fea-
ture representation. MDCM then processes this representa-
tion by leveraging multiple receptive fields, DAM enhances
critical information, and a Feed-Forward Network (FFN) fi-
nalizes the output. The structure of MSDAB is illustrated
in Fig. 3d.

3.2.1. Multi-Dilation Convolution Module

MDCM is designed to extract multi-scale features by em-
ploying multiple parallel 3 x 3 depth-wise convolutions with
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Figure 3. Illustration of the core components in MZNet. Simple
Gate from NAFNet serves as an activation function.

distinct dilation rates {d;}}_;, which expand the receptive
field to {2d;+1}7_,. This design allows the network to cap-
ture both fine-grained details and broader spatial structures
efficiently. The module is defined as:

4
MDCM(X) = ZDConV3X37di (X),

i=1

(D

where X is an input feature and DConvs s 4, (-) represents
a 3 x 3 depth-wise convolution layer with dilation factor
d;. Inspired by GoogLeNet [43], which utilizes parallel
convolutional branches, our method adopts a parallel im-
plementation of multiple convolutions with distinct dilation
rates to ensure comprehensive coverage of moiré patterns
while maintaining computational efficiency through depth-
wise convolutions.

3.2.2. Dual Attention Module

DAM refines the multi-scale features extracted by MDCM,
selectively enhancing important spatial and channel-wise
information. It incorporates two complementary attention
mechanisms: Large Kernel Attention (LKA) [14] and Sim-
plified Channel Attention (SCA) [3]. LKA captures long-
range spatial dependencies through an expanded receptive
field, while SCA focuses on the most relevant frequency
components by adaptively reweighting feature channels.
The attention-enhanced features are computed as:

DAM(X) = Convyx1 (SCA(X) + LKA(X)). (2)

First, the feature is processed by LKA and SCA modules,
and these outputs are fused using a 1 x 1 convolution to in-
tegrate both channel-wise and spatially significant features.
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By integrating LKA and SCA, the DAM module ensures
that both “what is important” and “where it is important”
are jointly considered, leading to more precise moiré pat-
tern removal.

3.3. Multi-Shape Large Kernel Convolution Block

Prior works [8, 15] have shown that strip-shaped depth-
wise convolutions improve the capture of elongated struc-
tures. However, despite the prevalence of such structures in
moiré patterns, research on utilizing different kernel shapes
for moiré removal remains underexplored. Given the varied
nature of moiré artifacts, we propose the Multi-Shape Large
Kernel Convolution Block (MSLKB) within the latent space
of an encoder-decoder architecture to better capture the di-
verse spatial characteristics of moiré patterns. MSLKB in-
tegrates the Multi-Shape Convolution Module (MSCM) as
its core component, applying parallel depth-wise convolu-
tions with diverse kernel forms. The structures of MSLKB
and MSCM are illustrated in Fig. 3e and Fig. 3b, respec-
tively.

Specifically, MSCM employs kernels of size K x K,
K x 1 and 1 x K for horizontal and vertical structures,
and 1 x 1 to refine local details. By employing a large
K, MSLKB expands the receptive field, enabling the net-
work to capture long-range moiré structures more effec-
tively. However, since large kernels tend to incur high com-
putational costs, we place MSLKB at the bottleneck of the
network, where the feature resolution is the lowest. We also
adopt SCA in MSCM to selectively enhance the most infor-
mative feature channels, complementing the extraction of
diverse structural patterns. By integrating these operations
in a parallel manner, MSCM is formulated as:

MSCM(X) =Y~ DConv, 1 (X) + SCA(X),
seS
S={KxK Kx1,1xK,1x1}.

3)

By fusing the outputs of these branches, MSCM effec-
tively integrates multi-shape representations, ensuring ro-
bust moiré pattern removal. The kernel size K of MSLKB
is empirically set to the largest odd number that does not
exceed the size of the bottleneck feature.

3.4. Feature Fusion-Based Skip Connection

Instead of one-to-one feature passing scheme used in U-
Net [35], our method enables global feature aggregation,
enriching decoder representations with multi-scale infor-
mation. Let F; be the feature map obtained from the [-th
encoder level. To ensure consistency in spatial resolution
across all levels, each feature map is resized using bilin-
ear interpolation to match the resolution of the target level,

which is given by };If X V; The resized feature maps are




then concatenated to form the aggregated feature represen-
tation for each level, denoted as Fj, which can be written as
follows:

F; = Concat({Interp(Fy, Hy/2', W, /2)}i_1), (@)
where Interp(F, h, w) represents the bilinear interpolation
operation that resizes the feature map F' to a spatial resolu-
tion of h x w and Concat(-) operator takes a set of inter-
polated features and concatenates them along the channel
dimension. The aggregated feature map F; for each layer
is then passed through a 1 x 1 convolution to reduce the
channel dimension. To further refine the aggregated fea-
tures, we employ Nonlinear Activation-Free Block (NAF-
Block) [3], which improves feature extraction efficiency
with a lightweight design. This results in the final output
feature map F, expressed as:

F; = NAFBlock(Convy 1 (F)). 5)
By effectively fusing features from all encoder levels, our
approach ensures that each decoder level receives rich,
multi-scale information. We found that this comprehensive
aggregation further helps the decoder to better reconstruct
fine details and suppress artifacts.

3.5. Loss Function

We adopt a combination of pixel-wise and perceptual losses
to train our model. Since moiré datasets often contain spa-
tial misalignment between input and ground-truth images
(See Fig. 7), the perceptual loss [19] helps preserve struc-
tural details despite these discrepancies.

Following previous works [34, 55, 63], we predict im-
ages from the intermediate features independently and cal-
culate the losses with ground truth image. The final decoder
level produces the restored image, while the preceding two
levels generate intermediate predictions using a 3 X 3 con-
volution followed by pixel shuffle upsampling. These three
outputs are all supervised by the ground-truth image, ensur-
ing progressive feature refinement. Accordingly, we com-
pute a combination of the £; loss and perceptual loss at
each level, and the final loss function is formulated as their
weighted sum:

L=L+ /\['lpips- (6)

We empirically set A\ = 1 for balanced optimization.

4. Experiments

In this section, we report the qualitative and quantitative re-
sults of our proposed MZNet in comparison with state-of-
the-art models, and conduct ablation studies to validate the
efficacy of each component. We also discuss alignment er-
rors in high-resolution demoiré datasets.
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4.1. Experimental settings

Datasets and metrics. We evaluate our model on
three widely used demoiréing datasets: TIP2018 [42],
FHDMi [17], and UHDM [55], and compare its perfor-
mance with existing state-of-the-art methods. For evalua-
tion, we employ PSNR, SSIM [47], and LPIPS [60] which
are commonly used metrics in image restoration tasks, in-
cluding demoiréing. However, for the TIP2018 dataset, we
follow previous works and report only PSNR and SSIM, as
LPIPS scores were not previously benchmarked.

Implementation Details. All experiments are conducted
on a single NVIDIA GeForce RTX 4090 GPU. Following
the training setup of ESDNet [55], we apply random crop-
ping with a size of 768x768 for the UHDM and 512x512
for the FHDMi. For the TIP2018 dataset, images are first
resized to 286x286 and then center-cropped to 256x256.
During inference, full resolution images are used. MACs
are measured using 4K resolution image. We optimize the
model using Adam optimizer [20], setting 81 and /35 to 0.9,
and employ a CosineAnnealingL.R scheduler [30] to adjust
the learning rate throughout training. For the large model
in Tab. 1, we use 4, 4, 6, and 8 MSDAB blocks in the four
encoder layers and 4, 4, 6, and 6 blocks in the decoder.

The kernel size K of MSCM is set to 7 for TIP2018, 15
for FHDMi, and 23 for UHDM. Remaining Detailed train-
ing settings are provided in the supplementary material.

4.2. Comparison with State-of-the-Art Methods

Quantitative comparison. Tab. | shows that MZNet out-
performs prior state-of-the-art methods across all metrics
on the high-resolution FHDMi (1920x1080) and UHDM
(3840x2160) datasets. Specifically, on FHDMi, MZNet sur-
passes P-BiC [49] by 0.67 dB in PSNR, and on UHDM,
it outperforms P-BiC by 0.33 dB. These results highlight
MZNet’s strong ability to handle the complex moiré pat-
terns in high-resolution images. On the low-resolution
TIP2018 (256x256) dataset, MZNet still achieves the
second-best result, demonstrating competitive performance
under simpler moiré conditions. Notably, despite its high
accuracy, MZNet achieves lower computational cost among
the compared models, confirming its high accuracy and
computational efficiency.

Qualitative comparison. Fig. 4 and Fig. 5 provide visual
comparisons on the UHDM and FHDM i datasets, highlight-
ing the qualitative advantages of our method over existing
approaches. By leveraging large kernels and dilation to ex-
pand the receptive field, our model effectively addresses the
limitations of existing approaches in removing large-scale
moiré patterns. Additional qualitative results in the supple-
mentary material further substantiate its effectiveness.



Dataset ‘ Metrics ‘ Input DMCNN [42] MDDM [6] WDNet [28] MopNet [16] MBCNN [63] FHDe?Net [17] ESDNet [55] ESDNet-L [55] MCFNet [34] P-BiC [49]‘MZNet (Ours)

TIP2018 PSNRT | 20.30 26.77 - 28.08 27.75 30.03 27.78 29.81 30.11 30.13 30.56 30.18
SSIM?T 0.738 0.871 - 0.904 0.895 0.893 0.896 0.916 0.920 0.920 0.925 0.921

PSNR?T  |17.974 21.538 20.831 - 22.756 22.309 22.930 24.500 24.882 24.823 25.450 26.120

FHDMi | SSIMT |0.7033 0.7727 0.7343 - 0.7958 0.8095 0.7885 0.8351 0.8440 0.8426 0.8473 0.8624
LPIPS| ]0.2837 0.2477 0.2515 - 0.1794 0.1980 0.1688 0.1354 0.1301 0.1288 0.1493 0.1042

PSNRT |17.117 19.914 20.088 20.364 19.489 21.414 20.388 22.119 22.422 22.484 23.30 23.632

UHDM SSIMT  |0.5089 0.7575 0.7441 0.6497 0.7572 0.7932 0.7496 0.7956 0.7985 0.8001 0.8007 0.8096
LPIPS| ]0.5314 0.3764 0.3409 0.4882 0.3857 0.3318 0.3519 0.2551 0.2454 0.2536 0.2324 0.2237

Params| (M)| - 1.426 7.637 3.360 58.565 14.192 13.571 5.934 10.623 6.181 4.922 14.824

MACs| (T) - 2.258 3.679 1.757 - 8.522 33.23 2.247 3.689 6.903 1.223 1.190

Table 1. Quantitative comparisons on benchmark datasets. Bold and underlined values indicate the best and second-best results, respec-
tively. Parameters and MACs are for our configuration on the UHDM dataset.
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Figure 4. Qualitative comparisons with state-of-the-art methods on the UHDM dataset.

Computational Cost Analysis. While our model exhibits with the main experiments.

a relatively large number of parameters due to the use of We also evaluated efficient transformer method [59]
high channel widths and subsequent 1 X 1 convolutions, under the same protocol, but it either failed with Out-
most of the 3 x 3 convolutions are implemented as depth- of-Memory at 4K or produced lower PSNR/SSIM than
wise convolution (as shown in Fig. 3), which helps reduce NAFNet. Therefore, we focus on efficient CNN backbones
the overall MACs compared to other methods. This design for our main comparisons. Note that this small version is
balances computational efficiency and feature capacity, en- different from the one provided in the Sec. 4.5.

suring sufficient representation power to handle the com-
plex moiré patterns in high-resolution images while keeping

the computational cost low. Effect of Individual Components. Tab. 2 presents the
ablation study results evaluating the contributions of each
4.3. Ablation Studies component in our model. The baseline configuration
(Tab. 2a) is a simple model where all blocks are NAF-
In this section, we analyze the impact of our proposed Block [3], with skip connections implemented by concate-

MZNet by ablating each component of the model. We train nation and a 1 x 1 convolution. Replacing NAFBlock with
a smaller version of our model on the UHDM dataset, using MSDAB (Tab. 2b) enhances PSNR to 23.04 dB, demon-

four blocks at each level in both the encoder and decoder. strating its effectiveness in handling moiré patterns by cap-
All models are trained for 200 epochs. The initial learning turing multi-scale features with large receptive fields. As
rate is set to 0.0002. All other settings remain consistent illustrated in the first row of Fig. 6, a comparison between
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Figure 5. Qualitative comparisons with state-of-the-art methods on the FHDMi dataset.

MSDAB FFSC MSLKB | PSNRT SSIMt LPIPS|

(a) 2270 0792 0.242
O 23.04 0797  0.240
(© v 2286 0791 0226
(d) v 2288  0.792  0.249
e v v 23.16 0.798  0.226
() v v 23.04 0796  0.237
(2 v v 2297 0795  0.238
h v v v 2323 0801  0.224

Table 2. Ablation studies of each component in MZNet.
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Figure 6. Qualitative comparisons of ablation study.

(a) and (b) shows that MSDAB better suppresses moiré ar-
tifacts. Incorporating FFSC (Tab. 2c) improves PSNR to
22.86 dB, while MSLKB (Tab. 2d) achieves 22.88 dB, val-
idating their respective contributions to moiré suppression.

Notably, models equipped with FFSC (Tab. 2c, Tab. 2e)
significantly improve perceptual quality, reducing LPIPS
from 0.242 to 0.226. This is attributed to FFSC’s ability to
aggregate multi-scale features across encoder stages, help-
ing the decoder better reconstruct fine details, as seen in
the second row of Fig. 6, where (c) better preserves subtle
structures that are lost in (a). Integrating all components
(Tab. 2h) yields the best performance, showing that each
module contributes to moiré removal and their combination
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Block Method PSNRt SSIMt LPIPS|
w/o LKA 22.75 0.792 0.236
MSDAB w/o SCA 23.03 0.799 0.229
w/o MDCM  23.18 0.799 0.228
w/o SCA 23.15 0.799 0.229
MSLKB  w/o stripe 23.17 0.800 0.227
w/o square 23.22 0.800 0.225
Ours 23.23 0.801 0.224

Table 3. Ablation studies on the MSDAB and MSLKB.

is most effective. Despite its compact size, our model re-
mains competitive with state-of-the-art methods.

Effect of MSDAB Components Tab. 3 presents the re-
sults of ablating each component of the MSDAB, highlight-
ing their respective contributions.. Removing LKA results
in a significant PSNR drop of 0.48 dB, confirming its criti-
cal role in the suppressing moiré patterns by effectively cap-
turing long-range spatial dependencies. Similarly, remov-
ing SCA leads to a PSNR decrease of 0.20 dB, suggesting
that channel-wise attention contributes to refining moiré-
relevant features. Replacing the MDCM with a 3 x 3 depth-
wise convolution demonstrates that MDCM is more effec-
tive at suppressing moiré distortions compared to a simple
convolution.

Effect of MSLKB Components Tab. 3 presents the ab-
lation study on the key components of the MSLKB. While
multiple kernel shapes alone provide a strong baseline, the
largest PSNR drop is observed when removing SCA, sug-
gesting its complementary effect to the kernel operations.
Meanwhile, removing the “stripe kernel” leads to a slightly
greater performance drop than omitting the “square kernel”,
suggesting that capturing elongated contextual cues is par-
ticularly beneficial for moiré removal.



| | FHDMi | UHDM
Model Params, (M) MACs,, (T)

| | PSNR1? SSIM 1 LPIPS| | PSNR? SSIM 1 LPIPS |

MBCNN([63] 14.192 8.522 22.31 0.8095 0.1980 21.41 0.7932 0.3318
FHDe?Net[17] 13.571 33.23 22.93 0.7885 0.1688 20.39 0.7496 0.3519
ESDNet[55] 5.934 2.247 24.50 0.8351 0.1354 22.12 0.7956 0.2551
ESDNet-L[55] 10.623 3.689 24.88 0.8440 0.1301 22.422 0.7985 0.2454
MCFNet([34] 6.181 6.903 24.82 0.8426 0.1288 22.48 0.8001 0.2536
P-BiC[49] 4.922 1.223 25.45 0.8473 0.1493 23.30 0.8007 0.2324
MZNet-Small 7.46 0.596 25.61 0.8522 0.1111 23.26 0.8022 0.2242
MZNet-Medium 12.61 0.823 25.91 0.8582 0.1078 23.47 0.8043 0.2230
MZNet-Large 14.82 1.190 26.12 0.8624 0.1042 23.63 0.8096 0.2237

Table 4. Performance of lightweight MZNet variants on high-resolution datasets. The “Large” model is the original version reported in
Tab. 1, while “Small” and “Medium” are lightweight variants for supplementary analysis. Params and MACs are measured on 4k input

images.
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Figure 7. (a) Overlay of the moiré image and ground truth from
the original UHDM dataset, showing noticeable misalignment. (b)
Overlay after additional alignment.

4.4. Moiré Dataset Alignment Issues

Achieving precise alignment between moiré images and
ground truth images remains challenging due to distortions
introduced during image capture and inaccuracies in ho-
mography estimation, as illustrated in Fig. 7. This issue be-
comes particularly critical for high-resolution datasets such
as UHDM, where even slight misalignments can lead to
unstable training and significant performance degradation.
To mitigate these alignment errors, we further refined the
UHDM dataset by applying SIFT-based [31] keypoint de-
tection and matching, leading to improved homography es-
timation and more precise image warping. To investigate
the impact of dataset alignment issues, we trained and eval-
uated MZNet and ESDNet-L on the refined UHDM using
identical settings. As shown in Tab. 5, both models showed
substantial improvements across all metrics, underscoring
the importance of precise alignment for optimal demoiréing
performance. These results highlight the need for further
research into methods for addressing alignment issues or
developing demoiré models more robust to misalignment.

4.5. Lightweight Variants on High-Res Datasets

Although our main model already demonstrates strong per-
formance across all datasets, we additionally evaluate two
lightweight variants to verify that the performance gains do
not stem solely from the model’s parameter count. Specifi-
cally, we design MZNet-Medium and MZNet-Small by re-
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MZNet (Ours) ESDNet-L
Dataset
PSNR?T SSIM7T LPIPS| PSNR?T SSIM?T LPIPS|
Original 23.63  0.810  0.223 2242 0799  0.245
Aligned 24.50 0.841  0.205 23.09 0.822 0.235

Table 5. Impact of UHDM dataset alignment on model perfor-
mance. Alignment improves all metrics for both models, with a
more significant gain in our MZNet.

ducing the number of MSDAB in each encoder and de-
coder stage to (2, 2, 4, 6) and (2, 2, 2, 2), respectively.
All Multi-Dilation Convolution Module (MDCM) use dila-
tion rates of 1, 4, and 9, and all other experimental settings
are kept identical to those of the main model. These vari-
ants are evaluated on high-resolution datasets (FHDMi and
UHDM), where moiré artifacts tend to be more complex
and the performance gap between different model capaci-
ties becomes more apparent. Note that this small version
is different from the one provided in Sec. 4.3 As shown
in Tab. 4, both lightweight variants show reasonable per-
formance across all metrics, suggesting that the proposed
architecture can remain effective even under constrained
model size.

5. Conclusion

In this study, we propose MZNet, an efficient and effec-
tive solution for moiré pattern removal. Our model inte-
grates MSDAB for multi-scale feature extraction, MSLKB
for capturing diverse moiré structures, and FFSC for en-
hancing information flow, enabling robust moiré elimina-
tion while preserving fine details. Experiments on bench-
mark datasets demonstrate that MZNet outperforms exist-
ing methods in both quantitative metrics and visual quality,
achieving state-of-the-art performance in challenging high-
resolution scenarios. We also discuss the impact of moiré
dataset alignment issues and demonstrate how precise align-
ment improves model performance.
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