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Abstract. The effect of uniform blurring of images on their (statistical)
radiomic features of the first order is studied. Two sets each consisting of
100 images with sizes of 100 by 100 and 700 by 700 are chosen as a dataset.
Tables showing the effect of blurs on seventeen selected radiomic properties
are given. The mean, variation and coefficient of variation of changes in the
considered properties for various degrees of blurring are estimated. It is
concluded that the most representative radiomic properties characterizing
blurs are the mean, RMS and energy.
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1 Introduction

The analysis of transformed images is an important problem in the field of image
processing and computer vision. Image blur is a common image transformation that can occur
due to various effects such as subject or camera movement during shooting, incorrect focus,
noise from the camera matrix, as well as other effects. Thus, blurring of images is a kind of
“parasitic” process that makes the image less clear and reduces the level of detail [1].

Restoring a blurred image is a way to remove negative effects or, ideally, to restore the
original noise-free image. This is a complex and time-consuming task, and for its
implementation, it is required to understand what characteristics change when the image is
blurred [2]. The most commonly used approach for blur removal is the minimization of a
functional, which takes into account the characteristics that change during blurring.

To control and quantify the effect of image blurring, various blur metrics have been
proposed. One of the first blur estimates [3] was developed in 1997 to improve image super-
resolution algorithms, and then the blur estimate was used as a quality metric. In 1999,
blurring was estimated using a histogram of Discrete Cosine Transform (DCT) coefficients
[4]. Later, several metrics based on edge detection were proposed. Among them, in [5], the
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blur index was presented without reference to images. This blur measure is based on an
analysis of the spread of the edges of the image. In [6], a content-independent metric was
developed, and the sharpness (inverse of blurring) was estimated by calculating the kurtosis
of the DCT on blocks containing boundaries.

Various measures can be used to evaluate images such as blur measure, sharpness
measure, etc [8]. For example, the blur measure proposed in [9] uses a low-pass filter and is
based on the principle that the gray level of neighboring pixels in a less blurred image changes
with more variation than its blurred copy.

To date, radiomic features are often used for image analysis to extract a large number of
features in both medical images and images used in other fields. Radiomics is also frequently
used in the detection of various visually detectable diseases and abnormalities [10, 11]. In
addition, these features can be used in the study of their changes with various image
transformations [12]. In practice, the pyRadiomics python package is often used for
calculations of the features [13].

The Radiomics values not only indicate the quantitative histogram and texture
characteristics of a medical image, but are also used as input data for machine learning [14-
16]. Therefore, it is important to evaluate these parameters in blurred images in order to
assess the degree of change of the original image.

In the present paper, 17 significant first-order statistical descriptors are selected from the
total number of Radiomics, which are statistical features. The characteristic features of the
change in the radiomic statistical parameters of images during blurring are revealed. The
dependences of these parameters on the degree of blurring of the original images are
determined. Tables are given showing the effect of blurring on the selected radiomic
properties. Conclusions are drawn about the most revealing properties that characterize the
degree of blurring.

2 Blurring of Images

Blurring of images (convolution from a mathematical point of view) is an image processing
operation that allows applying a filter to an image by moving the filter (convolution matrix)
over the entire image area [9].

Mathematically, convolution can be expressed through the following formula [1]:

a

b
gy =wsfey) = Y D wldadf(x—dxy - dy),

dx=—a dy=-b

where g(x,y) is image after applying convolution; w is convolution kernel; f(x,y) is
original image; a, b are specified convolution boundaries.

In the present paper, the convolution kernel is a 9x9 matrix, the main and secondary
diagonals of which are filled with one, while the remaining elements of the matrix are zero
(Figure 1).
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Fig. 1. The blur matrix

We will apply this matrix to images as a convolution, achieving the Motion Blur effect.

3 First Order Features of Radiomics

The first order statistic of radiomic features describes the distribution of pixel intensities in
the region of the image defined by the mask using commonly used metrics. Let us list all
these features.

Energy (E) is a measure of the magnitude of squares of the brightness values of pixels in
an image. Brighter images provide greater energy. Energy is calculated using the following
formula:

Np )
E= zmxo), ¢))

where N, is total number of pixels; X(i) i-th pixel intensity. One can also use such a
characteristic as the total energy, which takes into account the area of the pixel. Since the
total energy and energy are proportional to each other, we will not consider the total energy,
limiting ourselves to energy only.

Entropy (Ent) defines the uncertainty of image values. It measures the average amount of
information needed to encode image values and is calculated by the formula:

Ng
Ent = —Z_zlp(i)logz(p(i) +8), 2

where ¢ is small positive number (= 2.2 X 10716); N, is quantity of non-zero pixel intensity
intervals. N, can take a value of 256 (maximum) or smaller, depending on the selected
histogram. In the present work, we will assume that N; = 256. The p(i) value is found as
the number of points of a given intensity divided by the total number of pixels N, and
represents a normalized first-order histogram.

Uniformity is a measure of the sum of squares of each intensity value. It is a measure of
the uniformity of an image array, where a high value of uniformity implies a greater
uniformity or a smaller range of discrete intensity values:

Np
Uni = Zizlp(i)z. 3

Minimum (Min) and maximum (Max) are defined in a standard way. The range of values
(R) that depends on the latter is defined as

R = Max — Min. (€))
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Despite the similarity of the formula with a formula for energy and due to the importance
of this characteristic, we also define the average intensity (X)

_ 1 Ny
X = N_,, i=1X(l). (5)

Median (Mdn) is the median value of all data arranged sequentially in ascending order.

Variance (Var) is the average of squares of distances of each intensity value from the
mean value. It is a measure of the dispersion of a distribution about the mean and is
determined through the following formula:

1 Np . -
Var = N_,,Z,-zl(x(‘) —X)2 )

The standard deviation, like the variance, measures the amount of deviation from the
mean and is calculated as the square root of the variance. We will not consider this value.

Mean Absolute Deviation (MAD) is the average distance of all intensity values from the
mean value of the image array.

1 Np . _
MAD = N—pzi:1|x(1) — . )

Root mean square (RMS) is the square root of the average of all squared intensity values:

1 Ny .
RMS = }N—pzmxza). ()

Values such as percentiles are also evaluated. These are values that indicate the boundary
of the division of a data set in such a way that a given percentage of all data has values less
than a specified one. That is, the Nth percentile is a number such that N% of the array
elements are less than or equal to this number. The 90th percentile (Pgg) and the 10th
percentile (P1¢) are considered. The interquartile range (Int) is estimated as follows:

Int = P75—P25. (9)

Here, P75 and P,5 are the 75th and 25th percentiles of the pixel intensity sequence,
respectively.

Robust mean absolute deviation (rMAD) is the average distance of all intensity values
from the mean, calculated for a subset of the array of intensities with levels between the 10th
and 90th percentiles:

N1o-90 ) _
Z [X10-90(1) — X10-90l- (10)

i=1

TMAD =

N 10-90

Skewness (Skew) measures the skewness of a distribution of values relative to the mean.

Depending on where the tail is lengthened and the mass of the distribution is concentrated,
this value can be positive or negative:
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Kurtosis (Kurt) is a measure of the “peakiness” of the distribution of values in the
histogram of image intensities. Higher kurtosis implies that the mass of the distribution is
concentrated in the tail rather than in the mean. Smaller kurtosis implies the opposite, i.e. that
the mass of the distribution is concentrated in the direction of the spike close to the mean:

Nipzﬁvjl(xa) — %)
Kurt = T — (12)
(w2 oo -52)

Thus, in what follows, we will consider 17 statistical radiomic features.

4 Results

4.1 Dataset

To analyze the effect of blurs on the properties of radiomics, we use a set of 100 grayscale
photographs of 100 X 100 pixels resolution from the site kaggle.com
(https://storage.googleapis.com/kaggle-datasets/34662/46346/bundle/archive.zip?). These
photos are then scaled up to a resolution of 700 X 700 pixels using the python resize()
function from the PIL library. Thus, we obtain two sets of data. The same results were
obtained for both data sets. In the present paper, we present the results for large images.

To study the effect of blurring, we apply the blur operation to the original images several
times. An example of the original image and images with three and five blurs are shown in
Figure 2.

Fig. 2. Photos with different degrees of blurring: no blur (left), 3 blurs (center), 5 blurs (right)

4.2 Changes in radiomics properties due to blurring

Let us apply the blur operation with the matrix shown in Figure 1 one, two, three, five, and
ten times. Let us calculate the values of changes in the estimated radiomic parameters for all
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100 images. For the obtained sets of blurred images, we calculate the mean, variation and
coefficient of variation, which are presented in Tables 1-3, respectively.

Table 1. Changing the average depending on the degree of blurring.

Characteristics 1 blur 2 blurs 3 blurs 5 blurs 10 blurs

E -0.061 -0.089 -0.108 -0.137 -0.194
Max -0.018 -0.033 -0.042 -0.055 -0.08
R -0.018 -0.033 -0.042 -0.055 -0.079
MAD -0.049 -0.077 -0.092 -0.111 -0.137
RMS -0.031 -0.046 -0.055 -0.071 -0.102
Var -0.081 -0.129 -0.155 -0.188 -0.231
rMAD -0.050 -0.079 -0.096 -0.116 -0.142
Ent -0.012 -0.016 -0.017 -0.019 -0.022
Uni 0.074 0.102 0.1083 0.113 0.139
X -0.026 -0.036 -0.045 -0.06 -0.093
Mdn -0.018 -0.028 -0.035 -0.051 -0.086
Int -0.059 -0.091 -0.107 -0.129 -0.156
Py 0.071 0.134 0.163 0.167 0.097
Pyq -0.038 -0.057 -0.069 -0.087 -0.117
Skew -0.109 -0.181 -0.214 -0.246 -0.271
Kurt 0.037 0.057 0.067 0.077 0.087

Table 1 shows that the values for all properties except for uniformity, the 10th percentile
and kurtosis are negative and decrease with the number of blurs. The increasing of blurring
also causes all properties to increase in absolute value, except for the 10th percentile. Thus,
all radiomics, except for the 10th percentile, can be used as comparative characteristics for
assessing image blurring.

Table 2. Changing the variance depending on the degree of blurring.

Characteristics 1 blur 2 blurs 3 blurs 5 blurs 10 blurs
E 0.0003 0.00063 0.00085 0.00120 0.00189
Max 0.0012 0.00204 0.00254 0.00344 0.00477
R 0.0012 0.00205 0.00255 0.00345 0.00478
MAD 0.0010 0.00173 0.00226 0.00302 0.00427
RMS 0.00009 0.00018 0.00024 0.00036 0.00061
Var 0.0034 0.00535 0.00666 0.00850 0.01139
rMAD 0.0013 0.00215 0.00276 0.00367 0.00538
Ent 0.00006 0.00011 0.00016 0.00024 0.00043
Uni 0.0144 0.02124 0.02950 0.03384 0.05525
X 0.00002 0.00003 0.00005 0.00008 0.00023
Mdn 0.0004 0.00090 0.00107 0.00132 0.00199
Int 0.0024 0.00484 0.00654 0.00899 0.01237
Pio 0.0242 0.05214 0.08106 0.10937 0.13710
Py, 0.0008 0.00158 0.00202 0.00270 0.00375
Skew 1.1461 1.61679 2.06683 2.64040 3.25457
Kurt 0.0036 0.00628 0.00860 0.01251 0.02023
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Dispersion as an indicator characterizes how much the changes in the values of radiomic
properties differ for different images. Namely, a large dispersion indicates that the behavior
of the values for different images can quantitatively differ. For all characteristics, an increase
in dispersion with an increase in blurring is clearly visible. However, a quantitative
comparison of the dispersion values between different properties does not make sense, since
the values themselves can differ significantly. To compare different values, we use the
coefficient of variation (Table 3).

Table 3. Changing the coefficient of variation depending on the degree of blurring.

Characteristics 1 blur 2 blurs 3 blurs 5 blurs 10 blurs

E 0.301 0.281 0.268 0.25 0.224
Max 1.917 1.361 1.182 1.052 0.86
R 1.970 1.381 1.195 1.06 0.865
MAD 0.649 0.541 0.513 0.491 0.474
RMS 0.308 0.289 0.278 0.263 0.24
Var 0.725 0.565 0.523 0.49 0.46
rMAD 0.718 0.584 0.546 0.521 0.514
Ent 0.639 0.679 0.722 0.79 0.909
Uni 1.623 1.435 1.585 1.618 1.684
X 0.157 0.151 0.149 0.152 0.163
Mdn 1.149 1.058 0.909 0.702 0.512
Int 0.833 0.768 0.751 0.729 0.71
Pio 2.199 1.708 1.742 1.974 3.803
Py 0.749 0.693 0.651 0.595 0.52
Skew 9.829 7.041 6.716 6.589 6.647
Kurt 1.624 1.392 1.38 1.437 1.619

The values presented in Table 3 can be compared with each other. It can be seen that the
following characteristics have the smallest relative changes: £, RMS and X. Their values do
not exceed 0.5. However, only the average pixel intensity has an average spread. Almost all
quantities with coefficients of variation less than unity decrease with an increase in blurring,
thus characterizing stable behavior for strong blurs. Only the entropy values increase.

Thus, the properties of radiomics £, RMS and X can be considered the most indicative for
characterizing the degree of blur. Let us draw plots of dependence of these properties on the
degree of blurring (Figure 3).
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Fig. 3. Dependence of energy (blue), mean (black) and root mean square (orange) on the amount
of blurring.

5 Conclusion

To analyze the effect of blurs on images, we selected two sets each containing 100 images with
sizes of 100 by 100 and 700 by 700. Characteristic features of the change in the radiomic statistical
parameters of images during blurring are shown. The dependences of these parameters on the degree
of image blurring are determined. It is concluded that the most indicative properties characterizing the
degree of blurring are the average, RMS and energy.

The results obtained in the work can be used to estimate the degree of blurring of images and to
restore blurred images when building objective functions or controlling image quality.

The work was funded by the subsidy allocated to Kazan Federal University for the state assignment in
the sphere of scientific activities under the project no. FZSM — 2023 — 0017 "The economy of import
substitution of the region in the conditions of transformation of logistics chains and deglobalization".
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