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Medical image restoration is important for maintaining image quality under reduced signal-to-noise conditions

in medical imaging, including magnetic resonance imaging (MRI), in which magnetism is fundamental to image

formation. Wavelet-based restoration can separate image information into different frequency components;

however, conventional single-level decomposition may limit the representation of noise and structural informa-

tion across multiple spatial scales. Therefore, this study investigated the effect of wavelet decomposition depth

on deep learning-based restoration using computed tomography (CT) images under simulated low-dose condi-

tions. A single-level wavelet cascade U-Net (SL-WC-U-Net) and a multi-level wavelet embedded U-Net (ML-

WE-U-Net) were compared using Gaussian noise levels from 0.01 to 0.10. Restoration performance was evalu-

ated using peak signal-to-noise ratio (PSNR), structural similarity index (SSIM), visual inspection, absolute dif-

ference maps, and frequency-domain analysis. The ML-WE-U-Net consistently achieved higher PSNR and

SSIM values, with PSNR improvements of 4.08–6.88 dB, and better preserved structural and frequency infor-

mation. These findings suggest that multi-level wavelet decomposition can improve the balance between noise

suppression and preservation of structural and frequency information, providing a potential image-restoration

framework applicable to medical imaging, including magnetics-related imaging modalities.

Keywords : low-dose CT, medical image restoration, discrete wavelet transform, deep learning, electromagnetic field

radiation, magnetism in medical imaging

1. Introduction

Medical imaging modalities such as computed tomo-

graphy (CT) and magnetic resonance imaging (MRI) are

widely used to visualize internal anatomical structures.

Although their image formation principles differ, image

quality in both modalities can be affected by reduced

signal-to-noise conditions. In MRI, accelerated acquisition

may decrease the signal-to-noise ratio (SNR), whereas in

CT, reducing the radiation dose generally increases image

noise and may decrease image contrast. These limitations

have motivated the development of image restoration

methods that suppress noise while preserving diagnostically

relevant structural information. In particular, low-dose CT

(LDCT) has been widely investigated as a means of

reducing radiation exposure, although the resulting increase

in noise can degrade the visibility of fine anatomical

structures [1, 2]. Therefore, effective image restoration is

important for improving image quality under low-SNR or

noise-degraded imaging conditions.

Conventional noise reduction methods have primarily

relied on image filtering and iterative reconstruction

techniques. More recently, deep learning-based approaches

have shown promising performance in medical image

restoration by learning mappings between noise-degraded

and reference images [3–8]. Among these approaches, U-

Net has been widely used because its encoder–decoder

architecture extracts hierarchical features, while skip

connections transfer spatial information from the encoder

to the corresponding decoder stages [9–11]. However,

conventional U-Net architectures mainly process image

features in the spatial domain and do not explicitly

separate information according to frequency characteristics.

As a result, noise suppression may also attenuate fine

structural details during the restoration process. 

To address this limitation, wavelet transforms have
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been incorporated into deep learning-based restoration

models. The discrete wavelet transform (DWT) decomposes

an image into four subbands: a low-frequency approxi-

mation subband (LL) and three high-frequency detail

subbands (LH, HL, and HH). The LL subband mainly

contains coarse structural information, whereas the detail

subbands contain directional high-frequency components

associated with edges, fine structures, and noise. By

separating image information across different frequency

components, DWT provides a means of suppressing noise

while retaining structural details [12].

Previous studies have demonstrated that incorporating

wavelet processing into deep learning networks can

improve image restoration performance, and that the way

in which wavelet operations are combined with the

network influences noise reduction characteristics [12,

13]. However, many previous approaches have mainly

employed single-level wavelet decomposition, limiting

frequency analysis to a single spatial scale. Because DWT

can be recursively applied to the LL subband, image

information can be represented at multiple spatial re-

solutions. Such multi-level decomposition may provide a

more effective representation of noise and structural

information distributed across different spatial scales. At

the same time, excessive decomposition may attenuate

fine details and increase image blurring [14]. Therefore,

the appropriate depth of wavelet decomposition remains

an important factor in wavelet-based medical image

restoration.

Accordingly, this study investigated the effect of wave-

let decomposition depth on deep learning-based medical

image restoration by comparing a single-level wavelet

cascade U-Net (SL-WC-U-Net) with a multi-level wave-

let embedded U-Net (ML-WE-U-Net) using CT images

under simulated low-dose conditions. The comparison

was designed to determine whether multi-level decom-

position provides advantages not only in numerical image

quality but also in the preservation of spatial and

frequency-domain information. Restoration performance

was therefore evaluated using peak signal-to-noise ratio

(PSNR), structural similarity index (SSIM), visual assess-

ment, absolute difference maps, and frequency-domain

analysis.

2. Materials and Methods

2.1. Image Dataset

The image dataset used in this study was the same as

that employed in our previous work to ensure consistency

in the experimental conditions. Publicly available chest

and abdominal CT images obtained from Kaggle were

used [11, 12, 15, 16]. All images were provided in

DICOM format and consisted of thoracic and abdominal

CT scans. Chest and abdominal CT images were combined

into a single dataset and used together to train each noise-

level-specific model, without anatomical region-specific

separation. Normal-dose CT images were designated as

reference images, and simulated low-dose CT (LDCT)

images were generated by adding artificial noise to the

corresponding normal-dose images. All images used in

this study were obtained from a publicly available, de-

identified dataset. No patients were recruited, no identi-

fiable personal information was accessed, and no new

clinical data were collected. Therefore, institutional review

board approval and informed consent were not required

for this study.

2.2. Preprocessing and Noise Simulation

All CT images were resized to 256 × 256 pixels and

independently normalized to the range [0, 1]. Simulated

LDCT images were generated by adding Gaussian noise

with a mean of 0.05 and standard deviations ranging from

0.01 to 0.10 in increments of 0.01. At each noise level,

five independent noise realizations were generated and

evaluated. The mean PSNR and SSIM values were used

for performance evaluation to reduce variability caused

by random noise generation.

2.3. Wavelet Transform

The wavelet transform is a multiresolution analysis

technique that represents a signal in both spatial and

frequency domains. In this study, the discrete wavelet

transform (DWT) was used to decompose CT images into

low- and high-frequency components. The wavelet coeffi-

cients of a signal f (t) can be expressed as

(1)

where j,k(t)  denotes the wavelet basis function, with j

and k representing the scale and translation parameters,

respectively. The original signal can be reconstructed

using the inverse transform,

f (t) = j,k aj,kj,k (t) (2)

where aj,k denotes the corresponding wavelet coefficient

[14, 17].

For two-dimensional images, DWT applies low-pass

and high-pass filters in the horizontal and vertical direc-

tions, generating four subbands: LL, LH, HL, and HH.

The LL subband contains low-frequency approximation

information, whereas the LH, HL, and HH subbands

contain high-frequency detail information associated with

, ,
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edges, fine structures, and noise [18].

In the single-level configuration, DWT was applied

once. In the multi-level configuration, the LL subband

was recursively decomposed at successive encoder stages,

while the corresponding detail subbands were retained for

reconstruction in the decoder. This process enabled image

information to be represented at multiple spatial resolu-

tions.

The image signal can therefore be represented by low-

and high-frequency components as

f (t) ={c(t), d(t)}, {c(t) = low frequency, 

d(t) = high frequency} (3)

where c(t) and d(t) denote the low- and high-frequency

coefficients, respectively. Fig. 1 illustrates the conceptual

difference between conventional pooling and DWT-based

decomposition [18]. The single-level and multi-level

processing architectures used in this study are shown in

Figs. 2 and 3, respectively.

2.4. U-Net

U-Net is an encoder–decoder convolutional neural

network widely used for medical image restoration. The

encoder progressively extracts hierarchical features while

reducing spatial resolution, whereas the decoder restores

Fig. 1. (Color online) Conceptual comparison of pooling and DWT-based feature preservation.

Fig. 2. (Color online) Architecture of the SL-WC-U-Net Model.
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spatial resolution. Skip connections transfer feature maps

from the encoder to the corresponding decoder stages,

helping preserve spatial information during image re-

storation [8–10].

In the SL-WC-U-Net, a single-level DWT–IDWT

operation was applied before U-Net, as shown in Fig. 2.

In contrast, the ML-WE-U-Net recursively applied DWT

across multiple encoder stages and restored spatial

resolution through the corresponding IDWT stages in the

decoder, as shown in Fig. 3. At each spatial scale, skip

connections transferred feature information between the

corresponding encoder and decoder blocks.

This design allowed the multi-level model to process

wavelet information at multiple spatial resolutions, whereas

the single-level model processed wavelet information at

only one level. Both models were evaluated using the

same dataset, preprocessing procedure, noise conditions,

and evaluation metrics.

2.5. Training Configuration

Two experimental configurations were evaluated. The

single-level configuration applied one DWT and IDWT

operation before U-Net, whereas the multi-level configu-

ration integrated three successive DWT and IDWT stages

into the encoder–decoder pathway. Normalized noisy CT

images were used as inputs, and the corresponding

normalized reference images were used as targets. For

each network architecture, the model was independently

trained from scratch for each Gaussian noise level ( =

0.010.10), resulting in a separate set of optimized

weights for each noise level. For training the multi-level

model, five 256 × 256-pixel patches were randomly

extracted from each DICOM image, yielding a total of

500 patches. The training pairs consisted of noise-added

input patches and their corresponding reference patches.

Training was performed using the Adam optimizer with

a learning rate of 1 × 10⁻⁴, a batch size of 8, and a

maximum of 100 epochs. The data were divided into

training and validation sets at a ratio of 8:2. Early

stopping was applied based on the validation loss with a

patience of 10 epochs, and the model with the lowest

validation loss was retained. A weighted composite loss

function was used to jointly optimize pixel-level accuracy,

structural similarity, and edge preservation. The total loss

was defined as Ltotal = 0.4LMSE + 0.5LSSIM + 0.1Ledge.

2.6. Performance Evaluation

PSNR and SSIM were calculated directly from the final

reconstructed images generated by each network, without

additional filtering, smoothing, thresholding, or other

post-processing. Restoration performance was quantita-

tively evaluated using peak signal-to-noise ratio (PSNR)

and structural similarity index (SSIM). PSNR measures

pixel-wise fidelity based on the mean squared error

(MSE) between the reference and restored images, with

higher values indicating lower reconstruction error.

PSNR = 10log10 (4)

Because the images were normalized to the range [0, 1],

the maximum pixel value used for PSNR calculation was

1. SSIM evaluates structural similarity by considering

luminance, contrast, and structural information between

the reference and restored images.

MAX I

2

MSE
---------------
 
 

Fig. 3. (Color online) Architecture of the ML-WE-U-Net Model.
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(5)

SSIM ranges from 0 to 1, with values closer to 1

indicating greater structural similarity [19]. Together,

PSNR and SSIM were used to assess pixel-level accuracy

and structural preservation, respectively.

2.7. Difference Map Analysis

Absolute difference maps were calculated to evaluate

the spatial distribution of residual errors after image

restoration. For each image, the pixel-wise absolute difference

from the reference image was calculated. Difference maps

for the noisy, single-level, and multi-level images were

displayed using the same intensity range of 0–0.12,

allowing direct comparison of the location and magnitude

of residual errors.

2.8. Frequency Spectrum Analysis

Two-dimensional fast Fourier transform (FFT) analysis

was performed to evaluate the preservation of frequency

components after image restoration. The zero-frequency

component was shifted to the center of the spectrum, and

the logarithmic magnitude spectrum was visualized. In

addition, a radially averaged frequency profile was

calculated from the centered spectrum to quantitatively

compare the frequency distributions of the reference,

noisy, single-level, and multi-level images. This analysis

was used to assess whether the restoration models

suppressed noise while preserving frequency information

associated with image structures.

3. Results

PSNR and SSIM were evaluated for the SL-WC-U-Net

and ML-WE-U-Net across Gaussian noise levels ranging

from  = 0.01 to 0.10. Five independent noise realizations

were assessed at each noise level, and the mean values

were used for comparison.

Table 1 summarizes the PSNR and SSIM results for

both models. The ML-WE-U-Net achieved higher PSNR

and SSIM values than the SL-WC-U-Net at all noise

levels. The PSNR of the ML-WE-U-Net decreased from

42.0849 dB at  = 0.01 to 35.0648 dB at  = 0.10, whereas

that of the SL-WC-U-Net decreased from 35.2007 to

30.5314 dB. The corresponding PSNR improvement of

the multi-level model ranged from 4.0783 to 6.8842 dB.

A similar trend was observed for SSIM, with the ML-

WE-U-Net consistently maintaining higher structural

similarity across the evaluated noise levels.

As shown in Fig. 4, both PSNR and SSIM generally

decreased as the noise level increased. Despite this decline,

the ML-WE-U-Net maintained higher values than the SL-
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Table 1. PSNR and SSIM values for both models across noise

levels.

Noise
SL-WC-U-Net ML-WE-U-Net

PSNR SSIM PSNR SSIM

0.01 35.2007   0.9449 42.0849 0.9765

0.02 34.5976 0.9302 39.3975 0.9625

0.03 33.6408 0.9123 38.8238 0.9523

0.04 32.9764 0.8867 38.4043 0.9450

0.05 32.6775 0.8699 37.4494 0.9327

0.06 31.7913 0.8578 36.5403 0.9234

0.07 31.5084 0.8294 36.0515 0.9117

0.08 31.3030 0.8302 35.8612 0.9067

0.09 30.6602 0.7951 34.7385 0.8967

0.1 30.5314 0.7962 35.0648 0.8869

Fig. 4. (Color online) PSNR and SSIM trends for both models across noise levels.
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WC-U-Net throughout the entire noise range, indicating

more stable restoration performance under increasing

noise conditions.

Figure 5 presents the reference image, noisy image,

restored images, and enlarged regions of interest at  =

0.05. Compared with the SL-WC-U-Net, the ML-WE-U-

Net more effectively suppressed visible noise while

retaining sharper anatomical boundaries and local structural

variations. In contrast, the SL-WC-U-Net showed greater

smoothing in the enlarged region. Although some localized

differences from the reference image remained near high-

contrast boundaries, the visual findings were consistent

with the PSNR and SSIM results.

To further examine the spatial distribution of residual

errors, absolute difference maps are shown in Fig. 6. The

noisy image exhibited broadly distributed errors throughout

the image. After restoration, the residual errors became

more concentrated around structural boundaries. The ML-

WE-U-Net showed lower residual differences in relatively

homogeneous regions than the SL-WC-U-Net, although

localized errors remained along high-contrast edges.

Frequency-domain characteristics were further evaluated

Fig. 5. Visual comparison of restored images and enlarged ROI (= 0.05).

Fig. 6. (Color online) Absolute difference maps relative to the reference image.
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using the two-dimensional Fourier magnitude spectrum

and radially averaged frequency profiles, as shown in Fig.

7. The noisy image exhibited an elevated magnitude over

the high-frequency range, reflecting increased noise

components. The SL-WC-U-Net attenuated the mid- and

high-frequency components below the reference profile,

suggesting greater loss of high-frequency information. In

contrast, the ML-WE-U-Net produced a radial frequency

profile that more closely followed the reference image

over a broader frequency range.

Overall, the quantitative, spatial, and frequency-domain

analyses showed a consistent tendency. Compared with

the single-level model, the multi-level model provided

stronger noise suppression while maintaining structural

and frequency information more effectively. However,

residual differences and slight blurring remained in some

fine structural regions, indicating that improved noise

suppression does not necessarily ensure complete pre-

servation of fine structural details [20, 21].

4. Discussion

In this study, the SL-WC-U-Net and ML-WE-U-Net

models were compared to investigate the effect of multi-

level wavelet processing on LDCT image restoration. The

multi-level model consistently achieved higher PSNR and

SSIM values across all evaluated noise levels and showed

better preservation of structural information in the visual

comparison.

The improved restoration performance may be attributed

to the hierarchical frequency representation generated by

repeated DWT and IDWT operations. In the single-level

model, wavelet information is processed at only one

spatial scale before U-Net-based restoration. In contrast,

the multi-level model integrates low- and high-frequency

information across multiple spatial resolutions. This

multi-scale representation may enable the network to

better distinguish noise-related components from structural

features represented across different spatial scales.

The visual comparison and absolute difference maps

were consistent with the quantitative results. The noisy

images exhibited diffuse errors throughout the image,

whereas the residual errors after restoration were mainly

concentrated around anatomical boundaries. Compared

with the single-level model, the multi-level model reduced

residual errors more effectively in relatively homogene-

Fig. 7. (Color online) Frequency spectra and radial frequency profiles of the compared images.
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ous regions, although localized discrepancies remained

along high-contrast edges. These findings suggest that

multi-level wavelet processing improves overall noise

suppression but does not completely eliminate errors

around fine structural boundaries.

The frequency-domain analysis further supported these

observations. The noisy image showed elevated high-

frequency magnitudes, reflecting increased noise compo-

nents. In contrast, the single-level output showed attenuation

below the reference profile in the mid- and high-

frequency ranges, indicating a greater loss of frequency

information. The multi-level output remained closer to the

reference profile over a broader frequency range, sug-

gesting a better balance between noise suppression and

preservation of structural frequency components.

Taken together, these results indicate that multi-level

wavelet processing influences not only pixel-wise restoration

accuracy but also the spatial distribution of residual errors

and the preservation of frequency information. Therefore,

PSNR and SSIM alone may not fully characterize

restoration performance, and their interpretation should be

complemented by spatial error analysis and frequency-

domain evaluation when assessing LDCT image restoration

models.

This study has several limitations. First, the limited CT

dataset and the use of simulated Gaussian noise may not

fully represent the complex noise characteristics of clinical

LDCT images. Second, the training and validation images

were obtained from the same dataset, and no independent

external test dataset was included. Third, the input-

sampling strategies differed between the two models: the

SL-WC-U-Net was trained using full images, whereas the

ML-WE-U-Net was trained using 500 patches extracted

from 100 CT images. This difference may have partially

influenced the computational cost and restoration per-

formance in addition to the difference in wavelet decom-

position depth. Fourth, only the db4 wavelet and two

decomposition configurations were evaluated, limiting the

assessment of other wavelet bases and decomposition

depths. Finally, no subjective image quality assessment by

radiologic technologists or radiologists was performed.

Future studies should therefore evaluate additional

wavelet bases and decomposition depths, incorporate

more realistic LDCT noise conditions and patient-level

independent datasets, report variability and statistical

significance, and include task-based or expert image

quality assessments.

5. Conclusion

This study investigated the effect of wavelet decom-

position depth on deep learning-based medical image

restoration by comparing the SL-WC-U-Net and ML-

WE-U-Net under simulated low-dose CT conditions. The

multi-level model consistently achieved higher PSNR and

SSIM values across all evaluated noise levels, with PSNR

improvements ranging from 4.08 to 6.88 dB compared

with the single-level model.

Visual comparisons and absolute difference maps showed

that the multi-level model more effectively suppressed

diffuse noise while preserving structural information. In

addition, frequency-domain analysis demonstrated that

the radial frequency profile of the multi-level model

remained closer to that of the reference image, indicating

improved preservation of frequency components.

Overall, these findings suggest that multi-level wavelet

decomposition can improve the balance between noise

suppression and preservation of structural and frequency

information in deep learning-based medical image

restoration. However, localized errors remained near fine

structural boundaries. Further validation using independent

clinical LDCT datasets, additional wavelet bases and

decomposition depths, statistical analysis, and expert

image quality assessment is required to establish the

robustness and clinical applicability of this approach.
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