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Abstract 

Denoising-based CT reconstruction methods can suppress high-frequency textures that are relevant 
for subtle lesion visibility. Motivated by hybrid convolution–attention designs such as CTLformer, 
this paper proposes a frequency-constrained denoising framework that preserves diagnostically 
relevant textures while reducing noise. The method introduces a dual-domain loss combining 
spatial fidelity with frequency-band constraints computed using discrete cosine transform 
representations. Evaluations on 52,000 paired slices from two low-dose CT datasets show that, 
relative to CNN-only and attention-only baselines, the proposed approach increases PSNR by 0.7–
1.1 dB while maintaining higher high-frequency energy consistency. Reader-oriented texture 
metrics also improve by 8%–14% in regions with fine structural patterns. 

Keywords: CT denoising; frequency constraint; texture preservation; convolution–attention 
networks; low-dose CT 

 

1. Introduction 

Reducing radiation dose in computed tomography (CT) is an effective strategy to limit patient 
exposure, but it inevitably increases image noise and degrades image quality. In low-dose CT, 
elevated noise levels can obscure weak lesions, blur fine anatomical structures, and alter texture 
appearance. In clinical practice, the main challenge is therefore not only suppressing noise, but also 
preserving diagnostically relevant texture patterns that support visual interpretation and 
quantitative assessment. Recent evaluation studies under standardized testing conditions indicate 
that performance improvements reported by many deep denoising methods become less pronounced 
when assessed across diverse datasets and protocols, suggesting that commonly used metrics do not 
fully reflect clinically meaningful image quality [1]. Over the past five years, a wide range of learning-
based denoising methods has been developed for low-dose CT. Convolutional neural networks 
remain widely adopted due to their stability, efficiency, and strong local feature extraction capability 
[2]. However, when optimized with pixel-wise loss functions, these models tend to attenuate high-
frequency components together with noise, leading to overly smooth images. Attention-based and 
transformer-based models extend the receptive field and improve the handling of structured noise 
and long-range dependencies [3]. Hybrid convolution–attention designs further combine local 
filtering with global context modeling, enabling improved noise suppression while maintaining 
structural coherence. A representative hybrid denoising framework integrates self-attention modules 
within a convolutional architecture to enhance low-dose CT reconstruction quality, demonstrating 
improved balance between noise reduction and detail preservation compared with convolution-only 
designs [4]. Despite these advances, texture distortion and frequency imbalance remain persistent 
issues. 

Texture degradation in low-dose CT is closely linked to frequency-domain behavior. Noise 
energy in low-dose acquisitions is primarily distributed across middle and high frequency bands. At 
the same time, many diagnostically important textures, such as parenchymal patterns and subtle 
tissue variations, also reside in these frequency ranges [5]. This overlap makes it inherently difficult 
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to separate noise from useful detail using purely spatial-domain optimization. To address this 
challenge, several studies have explored frequency-aware learning strategies, including frequency 
decomposition, band-specific constraints, and frequency-guided loss functions. Discrete cosine 
transform representations have been employed to regulate high-frequency components and reduce 
domain discrepancies across scanners and acquisition protocols [6]. Other approaches introduce 
auxiliary branches or multi-stream designs to limit excessive attenuation of fine structures [7,8]. 
Beyond numerical accuracy, perceptual texture quality plays a critical role in clinical acceptance of 
denoised CT images [9]. Images with similar PSNR or SSIM values may exhibit substantially different 
noise textures and visual characteristics. Such differences can influence reader confidence and 
diagnostic decisions, particularly in regions with subtle contrast variations. Observer studies indicate 
that texture inconsistency and unnatural smoothness negatively affect image interpretability, even 
when conventional metrics suggest comparable quality [10]. To mitigate this issue, texture-oriented 
objectives have been introduced to complement spatial fidelity losses. Divergence-based and 
distribution-matching losses have been reported to better preserve realistic texture patterns than 
mean-squared-error or adversarial objectives alone [11]. These findings highlight the need for explicit 
control over texture characteristics during network training. Architecture design alone, however, is 
insufficient to fully resolve texture loss. Although hybrid convolution–attention networks improve 
global context modeling, they still tend to suppress high-frequency energy when optimization 
emphasizes spatial similarity. To stabilize fine details, recent denoising methods incorporate gradient 
constraints, frequency mixing strategies, or auxiliary supervision mechanisms [12,13]. In addition, 
practical deployment is affected by domain variation across scanners, reconstruction kernels, and 
dose levels. Cross-domain learning and frequency-based modeling have therefore been explored to 
improve robustness under realistic clinical variability [14]. Nevertheless, many existing denoising 
frameworks still rely on loss formulations that implicitly favor smoothness and do not directly 
regulate frequency-band behavior. Despite substantial progress, several limitations remain in current 
low-dose CT denoising research. Experimental evaluations are often restricted to limited datasets or 
single dose settings, making it difficult to assess generalization. More importantly, changes in texture 
statistics are poorly captured by commonly used image quality metrics, even when attention-based 
models achieve higher PSNR values [15]. Explicit, band-targeted frequency constraints within 
convolution–attention denoising frameworks are therefore still underexplored, particularly in a 
unified optimization setting that jointly considers spatial accuracy and frequency consistency. 

In this work, a frequency-constrained denoising framework based on a convolution–attention 
network is proposed to address these challenges. A dual-domain loss function is designed to jointly 
optimize spatial reconstruction accuracy and frequency-band consistency using discrete cosine 
transform representations. The frequency constraint explicitly focuses on preserving high-frequency 
energy associated with fine anatomical textures while suppressing noise-dominated components. 
The proposed method is evaluated on 52,000 paired slices from two low-dose CT datasets. 
Comparative experiments against convolution-only and attention-only baselines assess both 
standard image quality metrics and texture-related measures. The overall objective is to improve 
noise suppression while maintaining texture characteristics that are critical for reliable clinical 
interpretation. 

2. Materials and Methods 

2.1. Sample and Study Description 

Two low-dose CT datasets were used in this study. The datasets contained a total of 52,000 
paired image slices, including low-dose scans and corresponding normal-dose references. All data 
were collected from adult patients undergoing routine thoracic and abdominal CT examinations. 
Scans were acquired using multi-detector CT scanners under standard clinical settings. Low-dose 
images were obtained by reducing tube current while keeping tube voltage and reconstruction 
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parameters unchanged. Slice thickness ranged from 0.75 to 1.0 mm. Slices affected by strong motion 
artifacts or incomplete anatomical coverage were excluded from analysis. 

2.2. Experimental Design and Control Experiments 

A supervised experimental setting was used to evaluate the proposed frequency-constrained 
denoising method. The experimental group applied the convolution–attention network trained with 
both spatial and frequency-domain constraints. Three comparison methods were included. These 
consisted of a convolution-based denoising network trained with spatial loss only, an attention-based 
network without frequency constraints, and a hybrid network trained using spatial-domain loss 
alone. All models were designed with similar depth and parameter size. Training, validation, and 
test splits were identical for all methods. This setup enables a direct comparison of the effect of 
frequency constraints. 

2.3. Measurement Procedures and Quality Control 

All CT images were reconstructed using the same filtered backprojection settings before 
denoising. Intensity values were limited to a fixed Hounsfield unit range and normalized prior to 
network input. Frequency representations were computed using block-wise discrete cosine transform 
applied to reconstructed slices. During training, slices were sampled to maintain a balanced 
distribution of anatomical regions. Quality control steps included checking alignment between low-
dose and reference images, inspecting frequency spectra for abnormal values, and tracking loss 
curves on a validation set. Samples with registration errors or abnormal intensity distributions were 
removed. 

2.4. Data Processing and Model Formulation 

The denoising task was treated as a regression problem. Let ILD  denote the low-dose input 
image and IND the normal-dose reference. The network output I is given by 

I=f(ILD), 
where f(⋅) denotes the convolution–attention mapping. Spatial accuracy was measured using mean 
squared error, 

ℒspatial=ǁI−INDǁ2
2. 

To control texture behavior, a frequency-based loss was applied. Let D(⋅) represent the discrete 
cosine transform. The frequency loss was defined as 

ℒfreq= D(I)k−D(IND)k
k�Ωh

, 

where Ωh denotes selected high-frequency bands. The final loss was computed as a weighted sum 
of the spatial and frequency terms. 

2.5. Evaluation Protocol and Statistical Analysis 

Model performance was assessed on an independent test set. Quantitative evaluation included 
PSNR, SSIM, and frequency energy consistency metrics. Metrics were calculated for full images and 
for regions with fine texture patterns. Results are reported as mean values with standard deviations. 
Paired statistical tests were applied to compare the proposed method with each baseline. A 
significance level of 0.05 was used. Visual inspection was also performed to verify that noise 
reduction did not remove fine anatomical details. 

3. Results and Discussion 

3.1. Denoising Accuracy and Frequency Behavior 

On both low-dose CT test sets, the proposed frequency-constrained method achieved higher 
image quality than the comparison models. PSNR increased by 0.7–1.1 dB, and SSIM showed a 
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modest but consistent rise. In addition to these global measures, the high-frequency energy of the 
denoised images remained closer to the normal-dose reference. This result indicates that noise 
reduction was not achieved by removing high-frequency content alone [16]. In contrast, models 
trained only with spatial loss improved PSNR mainly by suppressing mid- and high-frequency 
components [17]. The overall performance trend is summarized in Figure 1, which shows that the 
proposed method maintains a better balance between noise reduction and frequency preservation 
than recent transformer-based denoisers trained without explicit frequency control. 

 

Figure 1. Quantitative comparison of low-dose CT denoising methods using PSNR, SSIM, and high-frequency 
energy measures. 

3.2. Visual Evaluation in Texture-Rich Regions 

Visual inspection focused on regions containing fine anatomical patterns and weak edges. CNN-
based methods reduced visible noise but also weakened small texture variations, leading to a flatter 
appearance. Attention-only models produced more uniform noise suppression, yet local texture 
statistics were sometimes altered in low-contrast areas. With the proposed frequency constraint, 
denoised images preserved small oscillatory patterns that were closer to the reference while still 
reducing background noise [18,19]. This behavior is illustrated in Figure 2, where local zoomed views 
show clearer micro-texture and fewer artificial smooth regions than those produced by the 
comparison models. 

3.3. Relation to Existing Denoising Studies 

Recent studies on transformer-based denoising report strong gains in PSNR and SSIM, but also 
note changes in texture appearance when training is dominated by spatial objectives. The present 
results follow this observation. The attention-only baseline improved smoothness but showed less 
stable frequency behavior. By contrast, the proposed method constrains selected frequency bands 
during training. This constraint reduces the tendency to remove texture together with noise [20,21]. 
Since useful texture and noise overlap in similar frequency ranges in low-dose CT, explicit band 
control helps separate these components more effectively than architecture changes alone. As shown 
in Figure 1, this strategy mainly improves regions where texture information is important, rather than 
applying uniform smoothing across the image. 

3.4. Limitations and Practical Implications 

Two main limitations were identified. First, when the noise pattern differs strongly from the 
training data, some high-frequency noise may remain because it overlaps with preserved texture 
bands. Second, in very smooth regions, strict frequency matching can limit noise removal if band 
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selection is too broad. These effects suggest that frequency band selection and weighting require 
careful tuning. Despite these limits, the proposed method provides a practical advantage by 
improving noise reduction while keeping texture cues that are often reduced by aggressive denoising. 
This balance is relevant for low-dose CT applications where diagnostic assessment relies on subtle 
texture differences rather than sharp edges alone [22]. 

 

Figure 2. Visual comparison of low-dose CT denoising results, showing differences in noise reduction and 
texture retention among methods. 

4. Conclusions 

This study examines low-dose CT denoising with explicit control of frequency content to 
preserve clinically relevant texture. The proposed method combines a convolution–attention network 
with a dual-domain loss that constrains selected frequency bands. This design reduces image noise 
while limiting the loss of fine structural details. Experiments on two low-dose CT datasets show 
higher PSNR and SSIM than convolution-only and attention-only methods, together with improved 
agreement in high-frequency energy. These results suggest that the observed gains are not mainly 
due to texture suppression, but to a more balanced separation of noise and useful detail. From a 
methodological perspective, the study shows that frequency-based constraints provide effective 
guidance beyond network architecture alone. In practical use, the method is suitable for low-dose CT 
scenarios where subtle texture contributes to lesion assessment. Limitations include sensitivity to 
domain shift and the need to adjust frequency band selection to avoid retaining noise in very smooth 
regions. Future work will focus on adaptive frequency weighting and validation across a wider range 
of scanners and acquisition settings. 
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