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A B S T R A C T

This paper describes and compares two neural network (NN) based noise filters developed for planar bone
scintigraphy.

Images taken with a gamma camera typically have a low signal-to-noise ratio and are subject to significant
Poisson noise. In our work, we have designed a neural network based noise filter that can be used with planar
bone scintigraphy recordings at multiple noise levels, instead of developing a separate network for each noise
level.

The proposed denoising solution is a convolutional neural network (CNN) inspired by U-NET architecture. A
total of 1215 pairs of anterior and posterior patient images were available for training and evaluation during
the analysis. The noise-filtering network was trained using bone scintigraphy recordings with real statistics
according to the standard protocol, without noise-free recordings. The resulting solution proved to be robust
to the noise level of the images within the examined limits.

During the evaluation, we compared the performance of the networks to Gaussian and median filters and
to the Block-matching and 3D filtering (BM3D) filter. Our presented evaluation method in this article does
not require noiseless images and we measured the performance and robustness of our solution on specialized
validation sets.

We showed that particularly high signal-to-noise ratios can be achieved using noise-filtering neural
networks (NNs), which are more robust than the traditional methods and can help diagnosis, especially for
images with high noise content.
. Introduction

Medical imaging devices (e.g. gamma camera, CT, SPECT, PET,
RI) are now routinely used in the clinical practice to aid diagnosis,

ecause without them, we would not be able to see both the anatomy
nd the functional processes inside the body in a non-invasive way.

An important component of computer aided diagnosis (CAD) algo-
ithms is noise filtering, as these medical images typically have a high
oise content. Improving the signal-to-noise ratio makes it possible to
btain an image of sufficient quality with considerably less adminis-
ered activity (e.g. SPECT, PET) or X-ray dose (CT), which reduces the
adiation exposure of both the physician and the patient and thus the
isk of the examination. A particularly high signal-to-noise ratio can
e achieved by using noise-filtering neural networks (NNs), which can
e configured and trained to act as specialized edge preserving noise
ilters. The training image database implicitly contains both image

∗ Corresponding author at: Mediso Ltd., Laborc utca 3., Budapest, 1037, Hungary.
E-mail address: akos.kovacs@mediso.com (A. Kovacs).

structures and a characteristic noise spectrum, from which the neural
network can synthesize a filtered, noise-free image [1].

An important characteristic of modern NN-based noise filters is that,
in addition to the noisy data used as input to the network, the reference
(‘‘ground truth’’) images also contain considerable noise during the
training phase. Nevertheless, it has been demonstrated that a properly
constructed NN filter trained in this way can synthesize filtered images
with a better signal-to-noise ratio than the reference images and outper-
forms conventional noise filters, e.g. BM3D method, for either Gaussian
or Poisson noise [2]. Considering that the image database used for
filter training usually consists of a highly limited number of images,
we consider it especially important to investigate the robustness of
the trained NN-based image processing algorithm, i.e. its sensitivity to
the noise content and distribution of the images according to different
aspects, including patient age, gender, body mass index value (BMI),
ttps://doi.org/10.1016/j.nima.2022.167003
eceived 7 March 2022; Received in revised form 19 May 2022; Accepted 31 May
vailable online 20 June 2022
168-9002/© 2022 The Author(s). Published by Elsevier B.V. This is an open acce
http://creativecommons.org/licenses/by-nc-nd/4.0/).
2022

ss article under the CC BY-NC-ND license

https://doi.org/10.1016/j.nima.2022.167003
http://www.elsevier.com/locate/nima
http://www.elsevier.com/locate/nima
http://crossmark.crossref.org/dialog/?doi=10.1016/j.nima.2022.167003&domain=pdf
mailto:akos.kovacs@mediso.com
https://doi.org/10.1016/j.nima.2022.167003
http://creativecommons.org/licenses/by-nc-nd/4.0/


A. Kovacs, T. Bukki, G. Legradi et al. Nuclear Inst. and Methods in Physics Research, A 1039 (2022) 167003
and the nature and distribution of characteristic pathological structures
in the images. This analysis can reveal the robustness of such an image
processing algorithm, either on its own or as part of a larger CAD
system deployed in clinics around the world.

In the following, we investigate the performance and robustness
of our NN-based noise filter on bone scintigraphy images. However,
the methodology presented here can be generalized to investigate the
robustness of other ML algorithms used in medical image processing.

1.1. Characteristics of gamma camera bone scintigraphy

The diagnostic procedure of bone scintigraphy involves the in-
travenous injection of Tc-99m-labeled diphosphonate molecules (e.g.
MDP, HMDP) into the patient. The source distribution in the body is
recorded with a gamma camera in a so-called whole-body scan. The
signal-to-noise ratio of the resulting images can be attributed to several
different factors. The most important of these are the amount of activity
injected, the duration of the measurement, the time of the accumu-
lation of the radiopharmaceutical, the degree of radiopharmaceutical
coupling and the sensitivity and other properties of the gamma camera
hardware. Also, the absorption of photons by the patient’s body, which
greatly reduces the signal-to-noise ratio, should not be neglected [3].

The development of robust noise filters is a particularly important
task because the contrast and visibility of lesions is highly dependent
on the signal-to-noise ratio of the image. However, this task is a
huge challenge because noise suppression and contrast preservation or
enhancement usually work against each other.

Long measurement times are an everlasting problem in diagnos-
tics and by enabling shorter measurements and maintaining the same
diagnostic quality, we can perform patient measurements more effi-
ciently, providing greater throughput with a given device. And as well
as allowing more patients to be diagnosed, the patient’s comfort is
also improved as they have to lie still for a shorter period of time.
In addition, the risk of movement would be reduced, which would
mean better images overall, as fewer scans would need to be repeated.
However, in terms of image quality, the injected activity also plays
an important role. By reducing the administered activity, the radiation
exposure to the patient and assistant is reduced and so the risk of the
procedure can be significantly reduced.

1.2. Mathematical formulation of noise filtering

To formulate noise filtering mathematically, we introduce the fol-
lowing notations. Let 𝒙 be the input data with significant noise content,
which may result for example from lower administered activity or
shorter measurement time compared to the normal recording protocol,
and let 𝒚 be the recording made with the normal protocol. For noise
filtering in this case, our goal is to find a mapping 𝑓 () where:

𝑦 ≈ 𝑓 (𝒙) (1)

The 𝑓 used to cover traditional noise filtering algorithms such as
Gaussian or median filtering, or possibly more complicated methods
such as BM3D [4]. In this paper, we have trained a neural network for
the role of 𝑓 , which can synthesize filtered images with a better signal-
to-noise ratio and better diagnostic image quality than the previous
ones.

1.3. Traditional noise filtering solutions for bone scintigraphy

In addition to the commonly used Gaussian and median filtering in
the literature [5], currently Block-matching and 3D filtering (BM3D)
algorithm is considered as one of the best noise-filtering algorithm.
The BM3D filter works by dividing the image into patches of equal
size, finding the patches that are most similar to each reference patch,
and then filtering them in a grid over the resulting 3D domain. The

construction of the 3D domain itself is called block matching.

2

It then considers that the similar patches are correlated and the
noise sitting on them can be removed by decorrelation. The reference
patch is slid through the entire image pixel by pixel, performing the
above operation at each step, and thus obtaining a denoised patch
around each pixel. Then, the overlapping patches are added together
with weights decreasing by the distance from the center pixel to obtain
the final filtered image [4].

In contrast to noise-filtering solutions based on neural networks, in
order to use the BM3D filter with adequate performance, an Anscombe
transformation had to be performed on the input data. This is a variance
stabilizing method that can transform a probability variable with a
Poisson distribution into a variable with an approximately standard
Gaussian distribution [6]. The BM3D implementation used in our paper
is available at [7].

The parameters of the algorithm were set based on grid-search
optimization, optimizing for the highest possible score according to our
evaluation method presented in our paper. Instead of pure Anscombe
transformation, we achieved better image quality by using the gen-
eralized Anscombe transformation [8], see Eq. (2). After the BM3D
filtering, the final result is inverted back to the original domain using
the closed-form approximation of this exact unbiased inverse [8], see
Eqs. (3) and (4).
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Closed form approximation of unbiased inverse Anscombe transfor-
mation [8]:
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Closed form approximation of unbiased generalized inverse Ans-
combe transformation [8], where 𝐴−1 comes from Eq. (3):

𝐴−1 ∶ 𝑥 ↦

{

𝐴−1(𝑥)𝛼 + 𝜇, 𝐴−1(𝑥) > 0
𝜇, 𝐴−1(𝑥) < 0

(4)

In Eqs. (2), (3) and (4)
∗
𝑧 is the observed pixel value obtained

through an image acquisition device. In Ref. [8] they model each
∗
𝑧 as

an independent random Poisson variable 𝑝 with and underlying mean
value 𝑦, scaled by 𝛼 > 0 and corrupted by additive Gaussian noise

∗
𝑛 of

mean 𝜇 and standard deviation
∗
𝜎.

2. Noise filtering of high-noise planar bone scintigraphy images
using deep learning

2.1. Dataset creation process

In deep learning, one of the most important steps is the compilation
of the training data set and feature engineering, which determines
what information will be the input to the neural networks and in
what format. In order to ideally prepare the data and select the set of
augmentations that can be used, it is necessary to take into account the
characteristics associated with the bone scintigraphy imaging method.

Our measurement statistics follow a Poisson distribution and the
noise and signal in the gamma camera images are comparable in
magnitude. Our goal in noise filtering is to estimate the expected value
of the signal based on the values measured by the detector.

Autoencoder-based convolutional neural networks are particularly
suitable for noise filtering solutions. [9]. A common solution for this
type of method is to generate the input image by degrading the noise-
free image and preserving the noise-free version as expected output. A
recent study has shown that neural networks can be trained without
noise-free images, using a method called Noise2Noise [2]. When we
put the same recording on both sides of a neural network, we risk
that our network will fall into learning the identity function, so it does
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not do any useful work for us. However, we can guarantee that the
two sides are different by using an augmentation technique. We put an
image with high noise content (with artificially reduced quality) on the
input and a less noisy version of it on the output. If we generate this
noise in a properly randomized way, we end up with a very powerful
augmentation technique, whereby we change not only the input side,
but also the output side [10].

According to the article [11], one possible strategy is to put an
artificially degraded, noisy image on the input side and keep the
full statistics on the expected side. The authors found that putting
(statistically independent) recordings with half statistics on opposite
sides gives a more accurate result, at least in the sense that it better
approximates the hypothetical case where we have a noise-free, perfect
recording. For planar bone scintigraphy, this phenomenon is more
pronounced, since we have a much noisier image on normal statistics
than on normal CT. The planar bone scintigraphy image is very similar
to a CT measurement, which can be modeled by the sum of a Poisson
distribution and a Gaussian distribution [12].

According to Ref. [13], if we neglect the Gaussian component, we
can use binomial sampling to split the record into two independent
records with worse statistics. Let 𝑍 be an N0-valued random variable
and let 𝑍1, 𝑍2 … be a sequence of independent random variables that
have a Bernoulli distribution with parameter 𝑝 ∈ [0, 1]. If 𝑍 and
(𝑍𝑛)𝑛>=1 are independent, then the random variable

𝑋 ∶=
𝑍
∑

𝑗=1
𝑍𝑗 (5)

is called a p-thinning of Z, where we set 𝑋 ∶= 0 if 𝑍 = 0. This means
that the conditional distribution of 𝑋 given 𝑍 = 𝑛 is binomial with
parameters 𝑛 and 𝑝. Let 𝑝 ∈ [0, 1]. Let 𝑍 have a Poisson distribution
with parameter 𝛾 > 0 and let 𝑋 be a p-thinning of 𝑍. Then 𝑋 and
𝑍−𝑋 are independent and Poisson distributed with parameters 𝑝𝛾 and
(1 − 𝑝)𝛾, respectively.

2.2. Training strategy

From a single recording, one can produce countless different record-
ings with different statistics, or for a given statistic, an infinite versions
of it. The question arises as to whether it is worth training separate
neural networks for each statistic, or whether it is sufficient or more
appropriate to train a general network.

For planar bone scintigraphy, it can be said that since many factors
influence the measured image quality, it is difficult to estimate the
image statistics that is the actual noise content of the image. It may vary
depending on the amount of radiopharmaceutical administered, the
waiting time, the factors determining the enrichment in the patient’s
body or the time of imaging. Thus, it is difficult to determine the
statistics of an image, so it is more useful to train a general neural
network that can handle any statistics.

This was implemented as follows:
All recordings were resampled based on a binomial distribution,

artificially generating realistically degraded recordings as if they had
been taken at one-third, one-quarter, one-eighth, etc. recording times.

If we subtract this degraded image from the original measurement,
we get an independent record with better statistics than the data on
the input side. The task of the neural network is to estimate the
transformation between the two generated recordings. To avoid the
network having to learn a multiplicative factor between the input
and the expected side, we scale (normalize) the training data on the
expected side.

We used Mean Absolute Error (MAE) as a function of the learning
loss between the actual filtered and reference image, as was done in
the [11] article. Although there are advantages to using the Mean
Squared Error (MSE) error function, because compared to MAE no
local background erasing occurred at extremely low statistics (Fig. 1),
but it was less effective at filtering noise in several regions of the
3

image (Fig. 2). In our final model, we used MAE as error function and
used hyperparameter optimization (rate of Poisson thinning, learning
rate) to eliminate problems in low statistics regions. However, only
for localization purposes (taking a quick measurement to plan a long
measurement), at very high noise levels, we recommend using the MSE
loss function.

We used the commonly applied methodology: the backpropaga-
tion algorithm and gradient based optimization to train the neural
networks [14].

Our trained neural network acts as a noise filter, producing a 2D
noise-filtered image. The input is a low-quality, noisy measurement,
and the output is a smoothed, contrasty image, similar to what would
be expected if the input had been recorded over a very long time with
good statistics.

2.3. Neural network architecture

The authors of Ref. [15] have shown that these autoencoder-based
systems are particularly robust for feature extraction even in the pres-
ence of severe noise. In the field of image processing, meanwhile,
convolutional neural networks have become extremely widespread.
These networks have been used mainly for classification, and their
rapid spread and reputation is due to AlexNet [16], which has achieved
outstanding results on ImageNet.

For the sake of simplicity, this article is limited to introducing a
solution based on the famous U-NET architecture [17].

Autoencoder-type networks are among the so-called image-to-image
transformation networks. The U-NET type, an evolution of these net-
works, was a major advance in segmentation, but was later successfully
applied in other areas [17].

This artificial neural network combines different layers of convo-
lution [14] and max-pooling [14] see Fig. 3. The peculiarity of this
network lies in its skip-connections, whereby lower layers receive
textural information from higher layers. The skip connections also
facilitate the propagation of the gradient. The resource requirements
(GPU memory, computational need) of the network are relatively low
compared to its complexity [17].

3. Materials and methods

3.1. Characteristics of the clinical data used

The selection of data suitable for training the neural networks
was done with the Q-Bot software [18]. For the development, 2430
anonymized recordings (from 1215 patients, anterior and posterior)
were used, acquired by AnyScan® DUO/TRIO SPECT/CT (Mediso Ltd.)
and InterView™ processing SW (Mediso Ltd.). All patients were given
5–600MBq Tc-99 m methylene diphosphonate (MDP) (Isotope Institute
LTD, Budapest, Hungary) intravenously with 2–5 h accumulation time.
The matrix size was 256*1024 with 130 mm/min scanning speed. No
additional filters were used.

From the 2430 measurements we used 1886 acquisitions as training
data for optimization of the network’s weights and we set aside 544 for
evaluation purposes.

3.2. Detailed description of neural network architectures

In this article, we present the results of two neural networks with
U-NET architecture [17], referred to as S-NN and L-NN.

Both neural networks start by concatenating the root of the input to
the input and all of the activation functions were ReLU (Eq. (6)) in the
networks [19].

ReLU(𝑥) = 𝑚𝑎𝑥(0, 𝑥), 𝑥 ∈ (R) (6)

The network builds from an encoder branch, which compresses the
information, and a decoder branch, which reconstructs the image. The
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Fig. 1. With greatly reduced statistics (1/32) compared to normal, the network trained with the MAE loss function tends to cut out or zero out low-impact regions during filtering.
The figure shows a very strong version of this phenomenon.

Fig. 2. Choosing MSE as the optimization cost function, (a) the network tended to be less effective at filtering, while the usage of MAE (b) results in a smoother image.

Fig. 3. The network architectures used for noise filtering were all U-NET based. The differences between the architectures were in the number of convolutional layers per level,
and the number of convolutional filters. The network, named L-NN, contained 4 levels and always had 5 convolutional layers following each other. The filter numbers of the
convolutional blocks used at each level were 64, 128, 256 and 512. The neural network named S-NN also contained 4 levels, always with 3 convolutional layers following each
other and the number of filters used at each level were 16, 32, 64 and 128.

4
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Table 1
Architecture details. The differences between the architectures were in the number of convolutional layers per level, and the number of convolutional filters. Both neural networks
contained 3 downscaling operations, so they were U-NET architecture networks with 4 levels.

Layer Feature size Channels Kernel size Layer repetition Block repetition

S-NN L-NN S-NN L-NN

Sqrt 128 × 128 2 2 – – –

Encoding
block

Convolution 128
2𝑛−1

× 128
2𝑛−1

16 ∗ 2𝑛−1 64 ∗ 2𝑛−1 3 × 3 3 5
𝑛 = 1, 2, 3

Average
Pooling

128
2𝑛

× 128
2𝑛

16 ∗ 2𝑛−1 64 ∗ 2𝑛−1 3 × 3 –

Convolution 16 × 16 128 512 3 × 3 3 5 –

Decoding
block

Transpose
Convolution

128
2𝑛−1

× 128
2𝑛−1

16 ∗ 2𝑛−1 64 ∗ 2𝑛−1 2 × 2 –
𝑛 = 3, 2, 1

Concatenation 128
2𝑛−1

× 128
2𝑛−1

16 ∗ 2𝑛 64 ∗ 2𝑛 – –

Convolution 128
2𝑛−1

× 128
2𝑛−1

16 ∗ 2𝑛−1 64 ∗ 2𝑛−1 3 × 3 3 5

Convolution 128 × 128 1 1 1 × 1 – –
Fig. 4. The training performance of a neural network called S-NN. It can be seen that the error function is noisy due to the augmentation of the training data. Our validation
ata is static, where we can observe a slow improvement in performance.
ncoder branch has encoding blocks consisting of convolutional layers
nd an average pooling layer. These convolutional layers contain a set
f filters (kernels), which are learned through the training process. Each
ernel convolves with the image and creates a feature map which will
erve as input for the next layer [19]. After each level on the encoder
ranch, we decrease the resolution of the feature map with average
ooling by a factor of 2.

The decoder branch has decoder blocks, which consist of transpose
onvolution layers [17], concatenation layer, and convolutional layers.
n these blocks, the transpose convolution layers double the resolution,
he concatenation layer concatenates the results of the corresponding
ncoding blocks before the convolution.

The network, named L-NN, contains 4 levels and always had 5
convolutional layers following each other. The filter numbers of the
convolutional blocks used at each level were 64, 128, 256 and 512.
The neural network named S-NN also contained 4 levels, always with
3 convolutional layers following each other and the number of filters
used at each level were 16, 32, 64 and 128.

The reason for including two networks of different sizes in the paper
is to show that our learning strategy is stable and does not depend
heavily on the exact network architecture and the fine-tuning of its
hyperparameters. The differences between S-NN and L-NN are only the
number of convolutional layers and the number of filters in them. S-NN
is a smaller network, which requires fewer computing resources and
generally less prone to over-fitting than larger neural networks [19].

A detailed summary of the architectures can be found in Table 1.
For training, we used NVIDIA GTX 1080 GPUs and relied on
Keras [20] as ML software, with TensorFlow 2.4.1 backend library [21].

5

As optimizer we chose Adam [22] optimizer and we trained the
networks with a learning rate of 0.001 for 1200 epochs. We did the
training on 128 × 128 cropped patches instead of using the whole
images for larger possible batch size [23], and also considered this
method as an augmentation. In practical use, we run the neural network
on the full image during prediction, taking advantage of the fact that
it is a fully convolutional network, so the network is invariant to the
size of the input image.

It is important to note that if the same method is used to produce the
data in the validation set as in the case of the training data set, then we
cannot determine whether the current state of the network is actually
better than the previous state based on the loss function alone. We can
see the evolution of the training loss (MAE) as a function of the training
epoch in Fig. 4. The main reason is that both our input and expected
data are noisy, so we can easily choose a suboptimal network as the
best model. What is worth doing, however, is that we do not apply
augmentation on the validation dataset, i.e. we evaluate the network
on the same set of images at each epoch.

The evaluation method used in the evaluation section of this paper
provides a solution to qualify the trained networks.

The process of choosing the best model is the following:

• Training of multiple neural networks with our training strategy
based on binomial sampling

• Best model selection based on validation loss
• Creation of the evaluation framework

• Evaluation of the models with the framework
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Fig. 5. Evaluation pipeline: We start from the real measurements acquired by the scanner (1). The second step is to create a noise-free image (2) with a reference enhancement
solution (a), which was a neural network based denoiser in our case [10]. The ideal image will be then examined by physicians to see if there was any unusual structure,
accumulation or artifact in the image. From this noiseless ideal image we generate synthetic measurement (3) with adding Poisson noise (b), which will be verified (c) by statistical
tests. The next step is to construct the records with worse statistics (4) using Poisson thinning (d). Finally these images will be the inputs to the various filtering tools (e), which
results’ (5) will be compared (f) to the ideal images (2).
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Once the evaluation framework is established, it is recommended to
use the scores of our evaluation method instead of calculating the
validation loss when training new neural networks.

4. Evaluation and results

A common problem with emission imaging is that we do not have
a true, noise-free, high-quality image of a patient to use as a reference.
This is usually avoided by measuring physical phantoms, in which
the amount and distribution of activity loaded is known, so that the
quality of the image produced by imaging can be determined. How-
ever, for deep learning based noise filtering solutions, we cannot use
phantoms. On the one hand, if the solution is trained on patient data,
the performance of the neural network is suboptimal in the presence of
phantoms. On the other hand, if the neural networks have been trained
on phantoms, we can easily over-train them. In other words, we can
obtain a filter that performs outstandingly on phantom measurements.
However, the variability of physical phantoms is not significant enough,
and the deceptively good performance measured in this way would
not give us useful information about the real-life performance of the
system.

Therefore, the following solution was used as an evaluation method:
At a late stage of the development, we selected a neural network that
we judged to have sufficiently good performance on measurements
with low noise content. With this neural network, we created noise-
filtered images from the evaluation dataset (544 measurements), which
were then examined by physicians to see if there was any unusual
structure, accumulation or artifact in the image, compared to the
original unfiltered image. In our evaluation process, we considered
these images as noise-free, expected ideal images, from which we gen-
erated images with normal statistics using Poisson noise. These normal
statistics images were used as input to our solutions and we also used
them to produce lower quality images by binomial sampling. The whole
pipeline and the examples of the images produced by the pipeline are
shown in Figs. 5 and 6. Using this process, we can also measure the
peak signal-to-noise ratio (PSNR) [24] of the filtered images, which is
shown in the figure examples. Given a reference image 𝑦 and a test
mage 𝑥, both of size 𝑀x𝑁 , PSNR in 2D is defined as Eq. (7).

SNR(𝑥, 𝑦) = 10 log10
(max𝑛𝑗=1 𝑦𝑗 )

2

1
𝑛
∑𝑛

𝑖=1(𝑦𝑖 − 𝑥𝑖)2
(7)
o

6

The filtered images were compared to the ideal images using Root
ean Square Error (RMSE) Eq. (8), and Structural Similarity Index
easure (SSIM) [25] Eq. (10) and MAE Eq. (9) metrics. The value
as calculated only for those pixels where the intensity was greater

han zero in the ideal image. This was necessary because the different
mount of foreground-to-background ratio in the scintigraphy images
istorted the per-image metrics.

MSE(𝑥, 𝑦) =

√

√

√

√

1
𝑛

𝑛
∑

𝑖=1
(𝑦𝑖 − 𝑥𝑖)2 (8)

MAE(𝑥, 𝑦) = 1
𝑛

𝑛
∑

𝑖=1
|𝑦𝑖 − 𝑥𝑖| (9)

SSIM(𝑥, 𝑦) = 1
𝑛

𝑛
∑

𝑖=1

(2𝜇𝑥𝑖𝜇𝑦𝑖 + 𝐶1) + (2𝜎𝑥𝑖𝑦𝑖 + 𝐶2)

(𝜇2
𝑥𝑖
+ 𝜇2

𝑦𝑖
+ 𝐶1)(𝜎2𝑥𝑖 + 𝜎2𝑦𝑖 + 𝐶2)

(10)

In Eq. (10) 𝜇𝑥𝑖 and 𝜇𝑦𝑖 are the local mean intensity of 𝑥𝑖 and 𝑦𝑖
espectively. Let 𝑅 be the data range of the image (distance between
inimum and maximum possible values), then 𝐶1 = (𝐾1𝑅)2 and 𝐶1 =

(𝐾2𝑅)2, where 𝐾1 and 𝐾2 are constants. 𝜎𝑥𝑖𝑦𝑖 is the correlation of 𝑥𝑖 and
𝑖; 𝜎𝑥𝑖 , 𝜎𝑦𝑖 are the local standard deviation at 𝑥𝑖 and 𝑦𝑖.

For calculating the SSIM index we used
kimage.metrics.structural_similarity function from the scikit-image li-
rary (version 0.17.2) [26]. We used the default parameters of skim-
ge.metrics.structural_similarity, so we used 7 × 7 window size for calcu-
ating local mean intensity, 𝐾1 = 0.01 and 𝐾2 = 0.03 constants.

The maximum intensity of the images was saturated at 255 because
e did not want the differences in the injection point, bladder and other
igh-intensity areas – irrelevant for diagnostics – to overly determine
he judgment of the performance of the filters.

.1. Comparing the performance of different neural networks and conven-
ional noise-filtering solutions

Methods based on neural networks were first compared with con-
entional noise-filtering solutions for normal, 1/3 and 1/9, 1/16, 1/32
tatistics.

The BM3D implementation used in our paper is available at [7]. We
btained the parameters by running hyperparameter optimizations on
few selected images to get the best results according to our evaluation
ethod, and then we checked the results by eye. Due to the complexity
f the BM3D algorithm, many parameters can be configured. The
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Fig. 6. Evaluation pipeline: We start from Measurement (a), from which we create a noise-free image with a reference filter (b). This will be then reviewed by doctors and
taken as a benchmark. From this we generate an artificial degraded noisy image (c). Images (d), (e), (f), (g), (h) show the results of different filters. Since we have the noise-free
reference image, we can correctly compute the errors of each method using the metrics.
authors of Ref. [7] have created several well-configured configurations,
from which we have selected the vn_old profile using grid search
based optimization. Although the ’vn’ profile was proposed [27] as a
better alternative to the profile originally proposed in [28] (which is
currently the vn_old profile in the library), we still got better results
with the previous preset. For the Generalized Anscombe transformation
parameters (see Eq. (2), (3) and (4)) we used 𝜇 = 0, 𝜎 = 8 and 𝛼 = 1
and for BM3D the sigma_psd (which is the noise power spectral density)
0.8 proved to be the best.

In addition to the BM3D filter, we have included 6 different Gaus-
sian filters with full widths at half maximum (FWHM) of 3, 5, 7, 9, 11,
and 13 mm, respectively, based on the Ref. [29]. In addition, we also
measured four median filters with quadratic kernels of 9, 25, 49, and
81 pixels.

From Table 2 showing the results by RMSE metric, it can be seen
that for all statistics, the neural network based solutions achieved the
best results. Note that under normal and 1/3 statistics, at this metric,
the performance of the BM3D and Gaussian filters is comparable to
the neural network, but with worse statistics, the performance of these
solutions degrades to unusable levels. The performance of the filters
calculated using the SSIM is shown in Table 3. This measure is not sensi-
tive enough in case of good statistics, for which the score of the images
is nearly equivalent. It can be seen, however, that with low statistics,
BM3D performance is exceptionally bad when measured by SSIM, as
well as when MAE is calculated, see Table 4. This is presumably because
7

of this filter is designed to minimize the squared error. Neural networks
have the best performance in case of all examined statistics.

A Fig. 7 shows that the performance of the neural network is not
only the best, but also has a low variance. Even for images with very
low statistics, the scores of the different measures are close, unlike, for
example, the median filter. Fig. 8 with normal statistics and Fig. 9 with
1/3 statistic show the performance evaluations of the best performing
filters for different measures. It can be seen that SSIM and MAE move
together, so the trend is different between the filters in terms of RMSE.
In particular, for 1/3 statistics, the poor performance of BM3D using
these metrics is evident.

4.2. Testing the robustness of the best performing neural network on
specialized validation sets

In addition to the tests presented above, we were interested in the
robustness of the neural network under different homogeneous, biased
validation sets. We created groups based on commonly known criteria
that can be reliably computed or accessed from information contained
in DICOM files: women–men, elderly–young, low–high body mass index
(BMI) and created a mixed set as a reference benchmark dataset.

Based on the results shown in Tables 5 and 6, it can be said that
the performance of the L-NN, measured by both RMSE and MAE on
different validation sets, is better than the results of S-NN for all sets
and statistics. The trends in performance measured on the different sets
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Table 2
Performance of different filters calculated by RMSE. From the table, it can be seen that for all statistics, the neural network based solutions achieved the best results (smallest
Mean and SD). Note that under normal and 1/3 statistics, at this metric, the performance of the BM3D and Gaussian filters is comparable to the neural network, but with worse
statistics, the performance of these solutions degrades to unusable levels.

Statistics

Normal 1/3 1/9 1/16 1/32

RMSE: Mean SD Mean SD Mean SD Mean SD Mean SD

BM3D 1.29 0.36 2.07 0.33 4.50 0.36 7.34 0.46 13.76 0.72
Gaussian 11 mm 1.99 0.93 2.21 0.91 2.76 0.83 3.27 0.82 4.21 0.81
Gaussian 13 mm 2.34 1.21 2.48 1.19 2.85 1.12 3.23 1.10 3.94 1.05
Gaussian 3 mm 2.81 0.33 4.85 0.57 8.38 0.97 11.16 1.31 15.80 1.85
Gaussian 5 mm 1.69 0.31 2.66 0.37 4.44 0.53 5.87 0.70 8.26 0.97
Gaussian 7 mm 1.56 0.47 2.15 0.45 3.33 0.48 4.30 0.57 5.97 0.73
Gaussian 9 mm 1.71 0.68 2.07 0.65 2.87 0.60 3.58 0.63 4.82 0.69
L-NN 1.15 0.40 1.38 0.41 1.80 0.47 2.09 0.54 2.54 0.63
Median 3 px 1.79 0.47 2.48 0.45 4.36 0.42 6.81 0.37 11.70 0.82
Median 5 px 2.64 0.91 3.06 0.87 4.50 0.72 6.71 0.55 11.51 0.82
Median 7 px 3.57 1.30 3.91 1.26 5.15 1.08 7.17 0.83 11.82 0.93
Median 9 px 4.57 1.67 4.90 1.63 6.01 1.45 7.85 1.17 12.32 1.13
S-NN 1.21 0.35 1.56 0.38 2.09 0.48 2.45 0.56 3.00 0.67
Table 3
The performance of the filters is calculated using the SSIM. This measure is not sensitive enough for good statistics, for which the score of the images is nearly equivalent. However,
it can be concluded that with low statistics, BM3D generates exceptionally bad images when measured by SSIM.

Statistics

Normal 1/3 1/9 1/16 1/32

SSIM: Mean SD Mean SD Mean SD Mean SD Mean SD

BM3D 9.88E−01 3.02E−03 9.34E−01 4.25E−03 6.75E−01 1.26E−02 4.85E−01 1.88E−02 3.33E−01 2.24E−02
Gaussian 11 mm 9.92E−01 3.58E−03 9.89E−01 3.56E−03 9.82E−01 3.71E−03 9.73E−01 4.14E−03 9.57E−01 5.41E−03
Gaussian 13 mm 9.90E−01 4.18E−03 9.88E−01 4.16E−03 9.83E−01 4.20E−03 9.78E−01 4.35E−03 9.66E−01 4.90E−03
Gaussian 3 mm 9.70E−01 4.37E−03 9.27E−01 9.64E−03 8.54E−01 1.60E−02 8.09E−01 1.88E−02 7.57E−01 2.13E−02
Gaussian 5 mm 9.90E−01 2.16E−03 9.75E−01 3.66E−03 9.39E−01 7.67E−03 9.08E−01 1.08E−02 8.60E−01 1.48E−02
Gaussian 7 mm 9.93E−01 2.63E−03 9.85E−01 2.90E−03 9.65E−01 4.61E−03 9.46E−01 6.70E−03 9.11E−01 1.02E−02
Gaussian 9 mm 9.93E−01 3.08E−03 9.88E−01 3.10E−03 9.77E−01 3.66E−03 9.64E−01 4.71E−03 9.40E−01 7.06E−03
L-NN 9.96E−01 3.02E−03 9.94E−01 3.34E−03 9.92E−01 3.59E−03 9.90E−01 3.82E−03 9.86E−01 4.19E−03
Median 5 px 9.86E−01 4.97E−03 9.78E−01 4.96E−03 9.37E−01 9.44E−03 8.63E−01 2.56E−02 7.54E−01 3.02E−02
Median 7 px 9.81E−01 6.93E−03 9.72E−01 6.98E−03 9.32E−01 9.99E−03 8.59E−01 2.57E−02 7.52E−01 2.97E−02
Median 9 px 9.75E−01 8.77E−03 9.66E−01 8.73E−03 9.24E−01 1.04E−02 8.54E−01 2.53E−02 7.49E−01 2.87E−02
S-NN 9.95E−01 2.73E−03 9.93E−01 3.00E−03 9.89E−01 3.52E−03 9.86E−01 3.97E−03 9.80E−01 4.70E−03
Table 4
Performance of different filters calculated as MAE. The performance of neural networks is the best for all statistics. For this metric, the performance of BM3D is much lower than
for RMSE.

Statistics

Normal 1/3 1/9 1/16 1/32

MAE: Mean SD Mean SD Mean SD Mean SD Mean SD

BM3D 1.31 0.31 2.67 0.36 6.75 0.68 11.42 1.10 21.87 2.07
Gaussian 11 mm 1.12 0.35 1.32 0.33 1.78 0.33 2.18 0.34 2.88 0.39
Gaussian 13 mm 1.24 0.40 1.39 0.38 1.73 0.37 2.04 0.38 2.60 0.40
Gaussian 3 mm 2.00 0.22 3.43 0.37 5.87 0.63 7.81 0.84 10.94 1.25
Gaussian 5 mm 1.18 0.20 1.88 0.24 3.14 0.35 4.14 0.46 5.78 0.64
Gaussian 7 mm 1.03 0.25 1.47 0.25 2.33 0.30 3.03 0.36 4.20 0.48
Gaussian 9 mm 1.03 0.30 1.33 0.28 1.95 0.30 2.47 0.33 3.36 0.41
L-NN 0.76 0.31 0.92 0.32 1.17 0.33 1.34 0.35 1.62 0.37
Median 3 px 1.16 0.28 1.74 0.26 3.22 0.27 5.26 0.36 9.40 0.81
Median 5 px 1.42 0.40 1.85 0.38 3.14 0.36 5.09 0.40 9.23 0.79
Median 7 px 1.77 0.52 2.17 0.52 3.39 0.47 5.27 0.45 9.38 0.81
Median 9 px 2.19 0.65 2.59 0.65 3.76 0.60 5.58 0.53 9.63 0.85
S-NN 0.83 0.28 1.05 0.29 1.37 0.32 1.60 0.35 1.95 0.39
as a function of the deterioration of the statistics are the same as those
observed on the mixed set.

The performance of the L-NN filter can be seen in the box-plot type
graph [30,31] computing MAE on different validation sets in Fig. 10.
Median values are nearly the same for all data sets, the number of
outliers is small, and the size of the interquartile intervals is comparable
for all sets.
8

5. Discussion

After the robustness test, a study of clinical pre-testing had been ac-
complished involving physicians (ScanoMed Ltd., Debrecen, Hungary).
The aim of this study was to allow doctors who have worked with
many similar images to point out possible defects, artificial products
and to give their opinion on the usability of the device. The images of
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Fig. 7. Performance of different filters for RMSE. The graph shows that the performance of the neural network, in addition to having the best values, also has a low standard
deviation. Even for images with very low statistics, the scores of the different measures are close, unlike for example the median filter. For detailed description of the box plots
see [30,31].
Fig. 8. This graph shows the performance of the best performing filters at different metrics. It can be seen that SSIM and MAE move together, so the trend is different between
filters in terms of RMSE.
Fig. 9. This graph shows the performance of the best performing filters at different metrics. It can be seen that SSIM and MAE move together, so the trend in RMSE is different
between the filters and the difference is much larger than for normal statistics.
412 routine bone scintigraphy whole-body examinations at ScanoMed
were denoised using the AI-based application presented here. Patients
routinely received 550–600 MBq of 99mTc-MDP intravenously, and
whole-body images were acquired after 2 h of accumulation time. Once
the planar image was acquired, the filtered image was obtained within
1–2 min and helped physicians to decide on additional investigations
such that if any image showed a lesion suspicious for metastasis,
SPECT/CT was indicated. As we reported in the Ref. [10], the doctors
looked at the original unmodified image with normal statistics and
the noise-filtered version of the image in parallel, and evaluated the
images in this way. The physicians found that the neural network based
9

filter did not delete or generate new lesions, and they do not identified
artifacts on the pictures. They concluded, that it was easier to localize
the abnormalities (count ribs, vertebrae), decide whether additional
examinations (SPECT/CT) was needed, and all this accelerated the
diagnosis itself.

This experiment suggests that the use of a noise filter is useful for
images with normal statistics, but further studies are needed to see how
much it is possible to reduce the measurement time or the activity
administered preserving the original, reliable diagnostic capability.
Therefore we have been working on the complex clinical evaluation of
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Table 5
Performance of neural network-based filters computed by RMSE on different validation sets. The performance of the larger neural network is better than the smaller neural network
for all sets and statistics. The trends in performance on different sets as a function of the degradation of the statistics are the same as those on the mixed set.

Statistics

Normal 1/3 1/9 1/16 1/32

RMSE: Mean SD Mean SD Mean SD Mean SD Mean SD

L-NN

Age High 1.28 0.48 1.54 0.49 2.00 0.54 2.32 0.58 2.82 0.67
Age Low 1.05 0.41 1.28 0.41 1.68 0.47 1.96 0.54 2.41 0.64
BMI High 1.09 0.43 1.31 0.44 1.68 0.47 1.94 0.50 2.33 0.57
BMI Low 1.28 0.48 1.54 0.48 2.02 0.54 2.35 0.61 2.89 0.72
Female 1.20 0.43 1.43 0.44 1.83 0.48 2.12 0.53 2.55 0.61
Male 1.20 0.45 1.46 0.46 1.91 0.54 2.23 0.61 2.71 0.73
Mixed 1.15 0.40 1.38 0.41 1.80 0.47 2.09 0.54 2.54 0.63

S-NN

Age High 1.35 0.43 1.74 0.46 2.31 0.54 2.70 0.60 3.29 0.71
Age Low 1.12 0.35 1.47 0.38 1.99 0.46 2.34 0.54 2.88 0.65
BMI High 1.16 0.39 1.47 0.41 1.93 0.48 2.26 0.53 2.73 0.61
BMI Low 1.34 0.42 1.76 0.45 2.36 0.55 2.78 0.62 3.42 0.74
Female 1.27 0.38 1.62 0.41 2.14 0.48 2.50 0.55 3.02 0.64
Male 1.27 0.41 1.65 0.44 2.21 0.56 2.59 0.63 3.17 0.77
Mixed 1.21 0.35 1.56 0.38 2.09 0.48 2.45 0.56 3.00 0.67
Table 6
Performance of neural network-based filters computing MAE on different validation sets. The performance of the larger neural network is better than the smaller neural network
for all sets and statistics. The trends in performance on different sets as a function of the degradation of the statistics are the same as those on the mixed set.

Statistics

Normal 1/3 1/9 1/16 1/32

MAE: Mean SD Mean SD Mean SD Mean SD Mean SD

L-NN

Age High 0.86 0.38 1.04 0.39 1.31 0.40 1.50 0.42 1.80 0.45
Age Low 0.68 0.30 0.83 0.30 1.06 0.31 1.23 0.33 1.51 0.36
BMI High 0.76 0.35 0.92 0.35 1.14 0.36 1.30 0.37 1.55 0.39
BMI Low 0.82 0.35 0.99 0.36 1.27 0.38 1.46 0.39 1.77 0.43
Female 0.81 0.34 0.97 0.34 1.21 0.35 1.38 0.36 1.65 0.39
Male 0.78 0.35 0.96 0.35 1.23 0.37 1.41 0.39 1.70 0.42
Mixed 0.76 0.31 0.92 0.32 1.17 0.33 1.34 0.35 1.62 0.37

S-NN

Age High 0.93 0.35 1.17 0.36 1.52 0.40 1.77 0.42 2.15 0.46
Age Low 0.75 0.26 0.96 0.27 1.27 0.29 1.49 0.32 1.83 0.36
BMI High 0.83 0.32 1.03 0.33 1.32 0.35 1.53 0.38 1.85 0.41
BMI Low 0.89 0.32 1.13 0.33 1.49 0.37 1.75 0.39 2.14 0.44
Female 0.88 0.30 1.10 0.31 1.41 0.34 1.64 0.36 1.99 0.40
Male 0.86 0.31 1.09 0.33 1.43 0.37 1.67 0.39 2.04 0.45
Mixed 0.83 0.28 1.05 0.29 1.37 0.32 1.60 0.35 1.95 0.39
Fig. 10. The performance of the L-NN filter computing MAE on different validation sets. The box-plot type graph shows the measured performance for each data set. It can be
seen that the median values are nearly the same for all data sets, with a small number of outliers. For detailed description of the box plots see [30,31].
the given denoising algorithm integrated with lesion detection and clas-
sification software components in order to optimize the performance
regarding ROC (receiver operation curve) analysis. Our future aim is
10
to ensure clinical diagnostic value regarding sensitivity and specificity
even at significantly lower administered activities or measurement time
using the presented denoising solution.
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6. Conclusion

We have demonstrated that it is possible to train a neural network
that performs well under a wide range of noise levels and outperforms
previous non-neural network based tools such as Gaussian filter, me-
dian filter and BM3D. Noise-filtered images may allow to reduce the
amount of injected activity and the measurement time, and may also
improve the accuracy, speed and reliability of diagnosis, but this must
be supported by clinical trials. Such a noise-filtering solution can also
be used to improve the image quality of fast, localization preview scans.
The evaluation method presented here can be applied and generalized
in all cases where noise-free measurements are not available.
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