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OPUT'MHAJIBHAA CTATHA

LOW-DOSE CT MEDICAL IMAGE DENOISING: NLM AND SIMPLE CNN PERFORMANCE
COMPARISON

Ismail2, Susilo Widodo!, Brazovskiy K.S.2
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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 x 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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YCTPAHEHME LUYMA HA KT-U3OBPAXEHUAX C HU3KOU AO30N OBAYYEHUS:
CPABHEHMUE NPOU3BOAUTEABHOCTU HEAOKAABHbIX CPEAHUX (NLM) U
CBEPTOYHbIX (CNN) HEMPOHHbIX CETEN

Nemanal2, Cycnao Buaoao!, bpasosckuin K.C.2

1 — Hay4HO-HCCAEIOBATEABCKIIE IIEHTP O€30I1aCHOCTH, METPOAOTHI M TEXHOAOTHE KadeCTBa SIEPHOM sHepruy, HayuHo-1ccae1oBaTeALCKas
OopraHu3aIwys I10 aTOMHOY SHepreTrke, HarpioHaabHOe areHTCTBO UCCASIOBaHMH 1 MHHOBarwi. FOxkubii Tanrepanr, MHnoHe3ws.
2 — Tomckuii HarmoHaABHBI UCCAEIOBATEABCKIH TTIOAUTEXHITYECKHH YHIUBepCHTeT. I. ToMcK, Poccrs.

€ABIO JAaHHOT'O MCCAEIOBAHUS SIBASIETCSI CHHXKEHHE YPOBHS IlIyMa (IIyMOIIOAaBAE€HHUE) Ha Me-
ouiHCKUX KT-n300paskeHusax ¢ HU3KOHM 0308 O0AYYEHHS C HCIIOAB30BAaHHEM HEAOKAaAb-
HbIX cpeaHux (NLM) u cBeprouHbIx HedipoHHBIX cetTedl (CNN), a 3aTeM cpaBHEHHE IPOU3BO-
OUTEABHOCTH OOOHMX METOMOB B KOAMYECTBEHHOM H KAUeCTBEHHOM IIAQHE.

Marepuasnsr u metonsl. Becero n3 oTkpeIToro Habopa mJaHHBIX AMEPHUKAHCKOH accoluanuu hu-
3UKOB-MeauKOB (AAPM) Ob1ao 3arpyzkeHo 856 map (C HM3KOM M IOAHOH mo30ii) DICOM-u306pazkeHuH
IalyeHToB ¢ kKonoMm L219, pasmepoM m3obOpakeHud 512 x 512 nukceaedt u ToaumHON cpe3a 1 mMm. B
KadecTBE METOOB IIIYMOIIOAaBAEHUS HCIIOAB30BaAWCH HeAOoKaabHBIe cpenHue (NLM) m cB€pTouHBIE
HeliporHnsble cetu (CNN). B kauecTBe KOAMYECTBEHHBIX METPUK OLIEHKH HCIIOAB30BaAUCH: CPeIHEKBaJl-
patudeckaa omubka (RMSE), orHomeHne THKOBOTO curHasa K mymy (PSNR), mHaekc cTpyKTypHOro
cxoactBa (SSIM) u paccrogHue Maxasranobuca. KauecTBeHHas OIleHKA ITPOBOAUAACH IIyT€M BH3yaAb-
HOTO HabOAIOZEHUS C UCIIOAB30BaHUEM IIporpaMMHoro obecrnedenus: IndoQCT.

Pesynbrarel. KauecTBo n306paskeHus1, IOAy4Y€HHOE B PE3yABTATE IIIYMOIIOAABACHHS C UCIIOAB30-
BaHueM CNN, ayuinie, yem B caydae NLM, cyasa mo pesyabraTaM pacuera 3HaueHuit RMSE, PSNR,
SSIM u paccrosHusa MaxaaaHobuca.

OO0cy:xnenue. [Iporecc mymornonaBaeHus ¢ ucnoabzoBaHreM CNN obecrieynBaeT AydIllne pe-
3yaprathl. CNN — omHa 13 Mozeaelt rAyOOKOTO OOyYeHHSs, IIIMPOKO HCIIOAB3YEMBIX IAS IIIYMOIIOAABAE-
HUSA. 9Ta MOZEAb PacCIO3HaeT YeTKHE ITaTTEePHbI N300pakeHNUd KaK UCTHHHBIE JAaHHBIE, a 3aTeM IIPHU-
MEHSEeT IIPOIIeCC IIYMOIIOJAABAEHHS K 3alllyMAE€HHBIM H300pakeHusaM. IIpH BBIIOAHEHHH IIpoliecca
mrymorniogaBaeHuss NLM Ha ocHOBe ItaTdell He CUMTBIBAET YeTKHH ITaTTEePH HM300pasKeHUs, a 3aMeHIeT
3HaAYEeHHE ITHKCEAS CpeIHEB3BELICHHBIM 3HAYEeHHEM OPYTUX ITHKCEAEH IO BCeMy HM300paskeHUI0. ITOT
BEC OIIPENEATETCHd CXOACTBOM yYaCTKOB, UTO ITI03BOASIET COXPAHUTDH NEeTaAU3AIIUI0 U TEKCTYPY.

3arxmouenne. Mogear CNN ycrmemrHo cnpaBHAAChk C IIYMOIOAABACHUEM, IIPOAEMOHCTPUPOBAB
IIPEBOCXOLCTBO TAyOOKOTO 00ydeHHd Hall TaKUMH KAACCHUYECKHMH METOMaMH HIYMOIIONaBA€HHS, KakK
NLM. IIpocras momeab CNN, mpensoxkKeHHass B JaHHOM HCCAEIOBAHUH, TAKXKE XOPOIIIO paboTasa Ha
CTaHAAPTHOM KOMIIBIOTEPE, OTKpPbIBAasd 3HAUHTEABHbIE BO3MOXKHOCTH A MCCAENOBATEAEH W CTydeH-
TOB, 3aHHTEPECOBAHHBIX B U3yYE€HUH NAaHHON TEMEI.

KaroueBbie caoBa: HU3Kad 032 ODAyUeHUsI, KOMITBIOTEpHAsS TOMOrpadud, MEIUIIMHCKOEe H300-
paxenue, urymononanaeHue, NLM, CNN.
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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

[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 x 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, Wy (i) is the weighting coefficient and
satisfies the condition 0 < wy (fi) = 1 and
Xk esw; Wik (i) =1, and NLM (ﬂ,) denotes
the intensity of pixel j after the NLM denoising.
In this case, Wj;, (it) calculated as
exp(—lP(a;) — PCaIl; /0

T esw, exp(—IP(a,) — PG, /h2

where P[ﬂ,-) and P(ii,) are patches around
the pixel j and k, with ||P(@;) — P(fi,)|fis 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 1-th input is given by

. i —_—
1""_;'?{ ut =

calculations through evaluation metrics: Xy =TF x;tew by
RMSE, PSNR, SSIM, and Mahalanobis Distance ieMy
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Fig. 1 b (Puc. 1 6)

Fig. 1d (Puc.1r) Fig. 1 e (Puc. 1 a)

Fig. 1. CT scan image, abdomibal area, number 315 observed using IndoQCT software.
a — Low-dose irradiation result,

b — Full-dose irradiation result,

¢ — 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.

Puc. 1. KT, opraHbl 6piOLLHOM NOAOCTH, U30BpaxXeHne Homep 315, NOAy4eHHOEe C MOMOLLLbIO NPO-
rpammHoro o6ecneveHus IndoQCT.

a — PesyapTaT 00AyYeHUA HU3KOM 030,
b — Pe3yabTaT 00AydIEeHHS IOAHOM 0301,
¢ — Pe3yabTaT nIiymMoOnogaBA€HHI C UCIIOAB30BAHHEM IIPOCTOM CBEPTOYHOM HEMPOHHOM CETH,

d — PesyabTaT LIyMOIIOZABAEHHS C HCIIOoAb3oBaHueM NLM: h = 1,15, pasmep o6aacTu = 5, pacCTOSHHE MEXKIY
obaacTamMu = 6,

e — PesyabTaT myMonogaBAeHUd ¢ UcIioAb3oBaHueM NLM: h = 2,3, pasMmep obractu = 7, pacCTogHUE MeXAy 00-
aactamu = 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 1-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 1-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.

which lies in the range O 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-

Table Nel. The results of the average evaluation metrics calculation of 856 images.
RMSE PSNR
Noisy | NLM A | NLMB | 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 | NLMB | 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

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,
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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
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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
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