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o reduce the noise level (denoising) of low-dose CT medical images using Non-Local Means 

(NLM) and Convolutional Neural Networks (CNN) and then compare the performance of both 

quantitatively and qualitatively. 

Materials and Methods. A total of 856 image pairs (low-dose and full-dose) of DICOM im-

ages from patients with code L219, image size 512 × 512 pixels, and slice thickness of 1 mm, were 

downloaded from the American Association of Physicists in Medicine (AAPM) open dataset. The de-

noising methods used were NLM and CNN. The quantitative evaluation metrics used were Root Mean 

Square Error (RMSE), Peak-Signal to Noise Ratio (PSNR), Structural Similarity Index (SSIM), and 

Mahalanobis Distance. Qualitative evaluation is done by visual observation using IndoQCT software. 

Results. The image quality resulting from the denoising process using CNN is better than NLM 

based on the results of calculating RMSE, PSNR, SSIM, and Mahalanobis Distance values. 

Discussion. The denoising process using CNN provides better results. CNN is one of the deep 

learning models widely used for the denoising process. This model learns clear image patterns as 

ground truth and then applies the denoising process to noisy images. In carrying out the denoising 

process, patch-based NLM does not read the clear image pattern but replaces the pixel value with a 

weighted average of other pixels throughout the image itself. This weight is determined by the simi-

larity of the patches so that detail and texture are still well maintained. 

Conclusion. The CNN model successfully performed better on the denoising process, demon-

strating the superiority of deep learning over classical denoising methods such as NLM. The simple 

CNN model proposed in this study also ran well on a standard-spec computer, opening up significant 

opportunities for researchers or students interested in pursuing this research topic. 
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елью данного исследования является снижение уровня шума (шумоподавление) на ме-

дицинских КТ-изображениях с низкой дозой облучения с использованием нелокаль-

ных средних (NLM) и сверточных нейронных сетей (CNN), а затем сравнение произво-

дительности обоих методов в количественном и качественном плане. 

Материалы и методы. Всего из открытого набора данных Американской ассоциации фи-

зиков-медиков (AAPM) было загружено 856 пар (с низкой и полной дозой) DICOM-изображений 

пациентов с кодом L219, размером изображения 512 × 512 пикселей и толщиной среза 1 мм. В 

качестве методов шумоподавления использовались нелокальные средние (NLM) и свёрточные 

нейронные сети (CNN). В качестве количественных метрик оценки использовались: среднеквад-

ратическая ошибка (RMSE), отношение пикового сигнала к шуму (PSNR), индекс структурного 

сходства (SSIM) и расстояние Махаланобиса. Качественная оценка проводилась путем визуаль-

ного наблюдения с использованием программного обеспечения IndoQCT. 

Результаты. Качество изображения, полученное в результате шумоподавления с использо-

ванием CNN, лучше, чем в случае NLM, судя по результатам расчета значений RMSE, PSNR, 

SSIM и расстояния Махаланобиса. 

Обсуждение. Процесс шумоподавления с использованием CNN обеспечивает лучшие ре-

зультаты. CNN – одна из моделей глубокого обучения, широко используемых для шумоподавле-

ния. Эта модель распознает четкие паттерны изображения как истинные данные, а затем при-

меняет процесс шумоподавления к зашумленным изображениям. При выполнении процесса 

шумоподавления NLM на основе патчей не считывает четкий паттерн изображения, а заменяет 

значение пикселя средневзвешенным значением других пикселей по всему изображению. Этот 

вес определяется сходством участков, что позволяет сохранить детализацию и текстуру. 

Заключение. Модель CNN успешно справилась с шумоподавлением, продемонстрировав 

превосходство глубокого обучения над такими классическими методами шумоподавления, как 

NLM. Простая модель CNN, предложенная в данном исследовании, также хорошо работала на 

стандартном компьютере, открывая значительные возможности для исследователей и студен-

тов, заинтересованных в изучении данной темы. 
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esearch on low-dose CT medical im-

age denoising and reconstruction us-

ing deep learning has emerged as a 

critical area of inquiry due to the in-

creasing demand for reducing radia-

tion exposure while maintaining diagnostic im-

age quality [1]. Since the inception of computed 

tomography, advancements have evolved from 

traditional filtered back-projection and iterative 

reconstruction methods to sophisticated deep-

learning based approaches. These develop-

ments are significant given that CT scans con-

tribute substantially to medical radiation expo-

sure, with low-dose CT (LDCT) techniques re-

ducing radiation by up to 25% but introducing 

noise and artifacts that degrade image quality 

[2, 3]. The practical implications include lower-

ing cancer risk and improving patient safety 

without compromising diagnostic accuracy. 

  The specific problem addressed is the 

challenge of effectively denoising LDCT images 

and reconstructing high-quality images despite 

the complex noise patterns and artifacts intro-

duced by dose reduction. Existing methods, 

including sinogram filtering, iterative recon-

struction, and image-domain post-processing, 

have limitations such as computational cost, 

proprietary data dependency, and loss of fine 

structural details [4]. Deep learning methods 

have shown promise but face knowledge gaps 

related to generalizability across different dose 

levels, interpretability, and the preservation of 

subtle anatomical features. Controversies exist 

regarding the balance between noise suppres-

sion and detail preservation, with some ap-

proaches leading to over-smoothing or artificial 

artefacts [5, 6]. The consequences of these gaps 

include potential misdiagnosis and limited clin-

ical adoption of deep learning denoising tech-

niques. 

 The conceptual framework integrates 

key concepts of low-dose CT imaging, noise and 

artifact characteristics, and deep learning-

based denoising and reconstruction models. 

LDCT imaging reduces radiation dose but in-

crease noise, necessitating advanced denoising 

algorithm. Deep learning model, including 

CNN, Generative Adversarial Network (GAN), 

and hybrid architectures, learn mappings from 

noisy to clean images, aiming to suppress noise 

while preserving structural integrity [7]. 

 In this study, we aim to perform the de-

noising process using the NLM method as a 

conventional image processor and CNN as a 

deep-learning-based image processor, and 

compare the performance of both in performing 

the denoising process based on quantitative 

calculations through evaluation metrics: 

RMSE, PSNR, SSIM, and Mahalanobis Distance 

[8]. Meanwhile, qualitative image quality as-

sessment is carried out by observation using 

IndoQCT [9]. 

 Purpose. 

This study aims to reduce the noise level (de-

noising) of low-dose CT medical images using 

Non-Local Means (NLM) and Convolutional 

Neural Networks (CNN) and then compare the 

performance of both quantitatively and qualita-

tively. 

 Materials and Methods.  

A total of 856 image pairs (low dose and 

full dose) of DICOM image with a slice thick-

ness of 1 mm and a size of 512 × 512 pixels 

were downloaded from the American Associa-

tion of Physicists in Medicine (AAPM) open da-

taset [10]. The denoising methods used were 

NLM and CNN.  

Mathematically, the NLM filter can be 

described aswhere the vector u ̂ represents the 

noisy image to be smoothed, k denoted the pix-

el index within the neighbouring window area 

of a target pixel for computational efficiency of 

pixel j,  is the weighting coefficient and 

satisfies the condition 0    1 and 

, and  denotes 

the intensity of pixel j after the NLM denoising. 

 In this case,  calculated as 

 

where   and   are patches around 

the pixel j and k, with is the 

distance between two patches with a Gaussian 

kernel to weight the contribution to each di-

mension. Where h is the filtering parameter 

that controls the exponential decay and the 

weighting coefficient. When h is small, the im-

age tends to be weakly smoothed; when h is 

large, the image tends to be strongly smoothed 

[11]. This research has applied two parameters 

in NLM denoising, h = 1.15 and 2.3 to control 

the smoothing level, patch size (ps) of 5 and 7, 

and patch distance (pd) of 6 and 15. 

 The CNN algorithm consists of an input 

layer, an output layer and several hidden lay-

ers of neurons, which perform an alternating 

sequence of linear and non-linear transfor-

mations. The output of each hidden layer is 

called a feature map. Each convolution layer is 

multiplied by the output of the previous layer. 

The activation function further processes the 

input multiplied by the weights of the convolu-

tion layer. The l-th input is given by 
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Fig. 1 a (Рис. 1 a) 

 

Fig. 1 b (Рис. 1 б) 

 

Fig. 1 с (Рис. 1 в) 

 

Fig. 1 d (Рис. 1 г) 

 

Fig. 1 е (Рис. 1 д) 

Fig. 1.        CT scan image, abdomibal area, number 315 observed using IndoQCT software. 

a – Low-dose irradiation result, 

b – Full-dose irradiation result, 

c – Denoising result using simple CNN, 

d – Denoising result using NLM A, h = 1.15, patch size = 5, patch distance = 6, 

e – Denoising result using NLM B, h = 2.30, patch size = 7, patch distance = 15. 

Рис. 1.     КТ, органы брюшной полости, изображение номер 315, полученное с помощью про-

граммного обеспечения IndoQCT.        

a – Результат облучения низкой дозой, 

b – Результат облучения полной дозой, 

c – Результат шумоподавления с использованием простой сверточной нейронной сети, 

d – Результат шумоподавления с использованием NLM: h = 1,15, размер области = 5, расстояние между 

областями = 6, 

e – Результат шумоподавления с использованием NLM: h = 2,3, размер области = 7, расстояние между об-

ластями = 15. 
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with M_j represents the selection of the input 

feature map, x_i^(l-1) is the output of the pre-

vious feature map, w_ij^l is the weight of the 

convolutional kernel of the l-th layer, f is the 

activation function which in this research used 

the leaky rectified linear unit (LeakyReLU), and 

b_j^l is the bias of the l-th layer [12]. In this 

research, simple CNN algorithm is built with an 

encoder section of two convolution layers, 16 

and 32 filters, each followed by a LeakyReLU  

activation function, a bottleneck section that 

acts as a narrowing of the representation to 

extract the main features of the image, with 

Conv2D measuring 64 filters, and a decoder 

section that uses two Conv2DTranspose decon-

volution layers with 32 and 16 filters to restore 

the image size. The model is trained using 

training data for 5 epochs and a batch size of 

1, to adapting the computing capabilities of the 

available computer devices. We split the 80% 

dataset as training data and 20% as testing 

data, a random state of 42, using Adaptive 

Moment Estimation (Adam) optimizer, and 

Mean Square Error (MSE) as loss function. To 

build this model, we used Python 3.12 and 

TensorFlow 2.17 as the framework. 

  

The quantitative evaluation metrics used were 

RMSE, PSNR, SSIM, and Mahalanobis Dis-

tance. Qualitative evaluation is done by visual 

observation using IndoQCT software. RMSE is 

a common image quality evaluation metric, 

used to measure the degree of difference be-

tween the output image and the original image. 

The smaller RMSE value indicates the smaller 

difference between the output image and the 

original image, showing the better the pro-

cessing effect. PSNR is an objective measure of 

the error between image pixels and is typically 

used for error-sensitive images. The higher the 

PSNR value, the smaller the distortion and the 

better the image effect. Structural Similarity 

Index (SSIM) stands for structural similarity. It 

is an index used to measure the similarity be-

tween the full-dose and the denoised image, 

which lies in the range 0 to 1. It is better in line 

with human visual perception. A higher SSIM 

value close to 1 indicates better reconstruction 

quality, the more similar to the original [13].  

This research also used quantitative 

analysis using Mahalanobis Distance. This dis-

tance indicates the difference between the two 

images being analysed. the smaller the dis-

tance value indicates that the two images are 

more similar [14].  

Results and discussion. 

A representative visual comparison of 

CT images for low dose, full dose, simple CNN 

denoised, and NLM denoised are shown in Fig-

ure 1. Visually, differences in noise levels were 

observed in the images. The low-dose irradia-

tion images showed higher noise levels than 

the full-dose irradiation images. The denoising 

results using NLM and CNN also showed differ-

ences in noise levels. Compared to the low-dose 

irradiation images, a visual decrease in noise 

levels was observed, indicating successful de-

noising. 

The NLM denoising images showed that 

the parameter values used significantly influ-

enced the denoised images.  Further  quantita- 

 

tive analysis will be conducted using evaluation 

metrics such as RMSE, PSNR, SSIM, and Ma-

halanobis Distance. The results of the average 

evaluation metrics calculation of 856 images 

are shown in Table 1.  

The results of the evaluation metrics 

calculation indicate a decrease in the noise lev-

el in the denoised image. The parameter set-

tings in the denoising method using NLM sig-

nificantly affect the noise level. Larger parame-

ters such as h, patch size, and patch distance 

result in better denoising. This is indicated by a 

smaller RMSE value, an increased PSNR value, 

an SSIM value closer to 1, and a smaller Ma-

halanobis Distance value. This supports the 

results of visual observations. But, tuning pa-

rameter values in NLM requires trial and error. 

Setting a larger h value improves smoothing 

Table №1.    The results of the average evaluation metrics calculation of 856 images.  

RMSE PSNR 

Noisy NLM A NLM B CNN Noisy NLM A NLM B CNN 

40.757 38.398 29.288 26.412 35.676 36.204 38.551 39.381 

 

SSIM Mahalanobis Distance 

Noisy NLM A NLM B CNN Noisy NLM A NLM B CNN 

0.845 0.868 0.917 0.931 247871.414 214600.146 130803.035 103544.510 

NLM A = using parameters h = 1.15, patch size = 5, patch distance = 6 

NLM B = using parameters h = 2.30, patch size = 7, patch distance = 15 
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but risks losing detail, while larger patch sizes 

and search windows improve robustness to 

noise but increase computational costs. This 

makes it impractical to perform the denoising 

process automatically. 

However, the best results from image 

denoising using NLM are not better than those 

from CNN. This is because the image denoising 

process of NLM and CNN is different. NLM per-

forms patch-based denoising that replaces pix-

el values with a weighted average of other pix-

els across the image, where the weights are de-

termined by the similarity of the patches so 

that detail and texture are better preserved. 

NLM takes advantage of pattern repetition in 

the image: similar patches may appear far from 

the target location, so averaging the values 

from similar patches will suppress random 

noise while preserving the actual structure. 

CNN-based image denoising, on the 

other hand, learns an end-to-end mapping 

from a noisy image to a clean one using convo-

lutional layers, often in a residual framework, 

to predict noise and then subtract it from the 

input. This approach preserves structural de-

tails better than classical techniques when 

trained with sufficient data, although it re-

quires high computational effort and careful 

training setup. With low-dose-full-dose image 

pairs available, CNNs are able to predict better 

by learning patterns from the clean (full-dose) 

image as ground truth. Therefore, CNNs are 

able to provide better denoising results than 

classical denoising methods, despite using a 

simpler architecture. Table 1 clearly shows the 

best denoising results using CNN. The RMSE 

value is the smallest, indicating a small differ-

ence between the denoised image and the full-

dose image. An increase in the PSNR value in-

dicates small image distortion. The SSIM value 

is closer to 1, indicating similarity to the 

ground truth image. Finally, the Mahalanobis 

Distance value is the smallest, indicating the 

closeness between the denoised image and the 

clean image. 

Conclusions. 

The CNN model successfully performed 

better on the denoising process, demonstrating 

the superiority of deep learning over classical 

denoising methods such as NLM. This is in ac-

cordance with the results of the evaluation 

metrics calculation, the image denoised using 

the simple CNN model shows the smallest 

RMSE value, the highest increase in PSNR val-

ue, the SSIM value closest to 1, and the small-

est Mahalanobis Distance value. The simple 

CNN model proposed in this study also ran well 

on a standard-spec computer, opening up sig-

nificant opportunities for researchers or stu-

dents interested in pursuing this research top-

ic.  
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