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ABSTRACT

Background. We analyze the compression coefficient S associated with the two
versions of a Lempel—Ziv algorithm (LZA) as a quantitative characteristic of structural order
in noisy or corrupted data, using a natural-language text and a digital image. To model a
stochastically perturbed text or image, we randomize the linguistic elements of the former
and add uncorrelated Gaussian noise to the latter or randomize its pixels.

Materials and Methods. A fiction text “Moby Dick” by H. Melville was randomized at the
linguistic levels of sentences, words, and characters. The number of randomization cycles
N varied in the range from 0 to 10°. We also analyzed the red channel of an 8-bit image
“Peppers” with the size M = 512x512. The Gaussian noise with the standard deviations o
changing in the range from 0 to 400 was added to the image. On the whole, 50 randomized
and 50 noisy image versions were generated. To apply the LZA compression to the image,
we unfolded it into a one-dimensional sequence of pixel intensities and processed the
appropriate textual representation of the image as usual text.

Results and Discussion. The sentence-level randomization almost does not change
the S value, because it remains intact the internal structures of words and sentences, while
the LZA has a local character. The word-level randomization decreases S, whereas the
character-level randomization leads to the largest S decrease and produces almost
incompressible text files at the largest N. The results obtained with the two LZA-type
versions differ slightly in the effect of sentence randomization on the compressibility. For the
randomized images, the S value sharply decreases when N approaches the total pixel
number M, and then reaches saturation. The strongest changes in S for the noisy images
occur in the range of ¢ € [10,100].

Conclusion. Our results demonstrate that the LZA compression coefficient is sensitive
to the loss of local order in the noisy data of different types, either randomized texts or
randomized and noisy images. Since the LZA is based on repetitions and local regularities
in a symbolic sequence, a decrease in S indicates partial destruction of order caused by
randomization or noise. Hence, the compression coefficient can, in principle, serve as a
measure of disorder in both symbolic sequences and pixel grids and so can help in detecting
noisy data.

Keywords: data compression, noisy data analysis, noise detection, randomization,
natural language processing, image processing.

1. INTRODUCTION

There are many practical situations when the data of interested for information
retrieval is noisy or partly corrupted. Among diverse examples, one can recall, in this
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respect, mangled or damaged textual documents, visual or compression artifacts of digital
images, grainy images, corrupted footage, or damaged frames. As a limiting case, the data
can become so corrupted that its information content cannot be retrieved against the
background of dominating noise. Then the problem is to recognize this noisy data from the
neat information-carrying one, using no human intervention or visual inspection.

The main point of interest in the present work is the possibilities for detection of ‘noise’
in textual documents. This can be done, e.g., using different complexity measures and
some other approaches [1-6]. Technically, a text represents a sequence — or time series —
of linguistic symbols. Our auxiliary point is therefore to find such statistical properties or
characteristics that can help in differentiating between the informative and (partly) noisy
symbolic time series. One of the possible characteristics is the compressibility of a text file
[7-11]. Here the motivation is simple: ordered and information-bearing sequences are
usually more compressible than noisy or randomized ones [1, 3, 12-14]. Indeed, any
lossless compression algorithm finds repeated fragments and regularities in the input data.
If the noise destroys these regularities, the size of the compressed file increases and the
compression coefficient decreases.

In other words, it is important that the compression coefficient reacts not only to the
frequencies of linguistic elements given by Zipf's or Heaps’ laws (see Ref. [15]), but also to
their order. The other point of our interest is automatic detection of noisy images [16—20].
It is important that the compression-based approach can, in principle, be applied to images,
since the latter can be viewed as grids of pixel values [20, 21].

The aim of this study is to analyze the compression coefficient for disordered or
corrupted natural-language texts and noisy images. As a model of stochastically perturbed
text, we choose the simplest mechanism of partial randomization (or shuffling) of its
linguistic elements such as sentences, words, and characters. To model a partially
corrupted image, we add uncorrelated Gaussian noise to it and, moreover, randomize its
pixels. To analyze the changes occurring with a text or image under noising, we examine
a gradual evolution of its compression coefficient during the noising process.

2. MATERIALS AND METHODS

2.1. Data under study and noising procedures

The objects of our study are a natural-language text “Moby Dick” by H. Melville and a
digital image “Peppers” which is often analyzed in the field of image processing (see Fig. 1
and Fig. 2). Notice that the text under test includes approximately 1.24x108 characters,
2.12x105 words and 1.01x10* sentences. The 8-bit color image «Peppers» stored in the
JPEG format has the size M = 512x512 pixels.

(a) (b) (c)
Fig. 1. Examples of randomization results obtained for the red channel of the image “Peppers” at the
randomization cycle numbers N = 0 (original image) (a), N = 73114 (b), and N = 108 (c)
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k- N
(a) (b) (c)
Fig. 2. Examples of Gaussian noise results obtained for the red channel of the image “Peppers” at the noise
parameters o = 0 (original image) (a), o = 35.6 (b), and o = 402.4 (c)

As already mentioned above, we modeled corruption of texts in the simplest manner,
as partial randomization of their linguistic elements. The starting point of our experimental
procedures was the assumption that the compressibility of a text as a symbolic sequence
should reflect the amount of order preserved in it. Randomization was treated as a multiply
repeated pairwise exchange of randomly selected linguistic elements of a text. The degree
of randomization was measured by the number N of elementary randomization cycles,
where one cycle corresponded to a single mutual exchange of two elements. The number
of cycles was varied in the range from N =0 (the original text) up to N = 109. This was
performed in 50 discrete steps. Note that the maximal cycle number Nna.x was far larger
than the total number L of its linguistic elements (either characters or words, or sentences)
in our text (see the figures mentioned above).

The text was randomized separately at the linguistic levels of sentences, words, and
characters. As a result, three randomized datasets were obtained for the initial text. The
type of element being exchanged depended on the selected linguistic level of
randomization. During the sentence-, word-, and character-level randomizations, whole
sentences, individual words, and separate characters were permuted, respectively.

In the same way, the pixels of our image were randomized such that, during each of
the elementary randomization cycles, the pixel values were left unchanged, but the spatial
locations of the pixels were swapped. The quantitative parameter governing image
corruption was again the number N of randomization cycles, which was changed from 0 to
108. Here the relation Nmax >> M held true. Besides, Gaussian noise with a zero mean was
added to the image. It was dosed by the appropriate standard deviation o, which was
increased exponentially from 0 to 400 in order to cover the regions of both weak and strong
image perturbations. Notice that the standard deviation characterizing the pixel-value
variation in the unnoised image was equal to g ® 66.1, so that the maximal o applied was
surely much larger than the oo value. As a consequence, we obtained 50 noisy and 50
randomized image versions. Some examples of the randomized and noisy images
generated as explained above are shown respectively in Fig. 1 and Fig. 2.

2.2. Lempel-Ziv compressibility

The text file was compressed using a freely available Lempel-Ziv algorithm (LZA).
The LZA family comprises lossless compression methods that exploit repetitions in the
input data and require no predefined statistical model for the data [7]. Instead of assigning
short codes only to frequent individual symbols, these methods identify recurring
sequences in the data and replace later occurrences with the references that a decoder
can interpret. This principle allows the compressor to adapt to the structure of the
processed data and capture regularities at different scales, including recurring symbol
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sequences or appropriate bit or byte patterns which correspond to characters, words, or
still longer textual elements.

The present work employs two specific realizations of the LZA family. The first uses a
dictionary-coding strategy intended primarily for symbolic strings, while the second
operates with a byte-oriented format. Although both methods are lossless, they should not
be treated as interchangeable implementations of a single algorithm, because they
discover and encode redundancy using different internal structures and are designed for
different operational purposes.

In the frame of the first compression method, the input data is viewed as a sequence
of symbols. During a left-to-right scan, the encoder searches for the longest sequence
already represented in its current dictionary. The code of that sequence is emitted, and a
longer sequence formed by appending the next input symbol is inserted into the dictionary
whenever it has not occurred before. On the contrary, the second method operates on byte
sequences. Its smallest input unit is a complete byte rather than an individual bit or a
linguistic token. At each position, the encoder searches for previously processed bytes for
a sufficiently long sequence matching the bytes beginning at the current position. When a
match is found, the repeated bytes are replaced by a back-reference that consists of an
offset and a match length. The offset specifies how many bytes backward the previous
occurrence begins, while the length specifies how many bytes the decoder must copy.
Notice that still different LZA-type compression techniques are known from the literature,
e.g. that operating on the bit level of symbolic sequences (see, e.g., Ref. [14]).

For every original and randomized text version, the compression coefficient S was
calculated as the relative decrease in the file size occurring after compression:

S =1=Sout/Sin,

where s;, and s,,; are the sizes of the original and compressed text files, respectively.
Notice that the results obtained with both algorithms depend on the repeatability of text
fragments and local regularities in the input symbolic sequence. Then large S values
correspond to well-compressible ordered sequences, whereas the S values close to zero
imply that the compressed file is almost as large as the input one.

Notice that the LZA is directly fit for the one-dimensional symbolic sequences. Of
course, there is a great number of compression techniques aimed at two-dimensional
images [16]. However, in order to adhere to the same experimental compressibility
measure in the case of two-dimensional digital images and compare the appropriate results
with those obtained for the texts, one can conventionally reduce the images to linear chains
of pixel values. Simple methods for this aim have been suggested in the earlier works [20,
21]. The main idea of those works was to transform a two-dimensional image into a one-
dimensional sequence of pixel values, using a horizontal or vertical scan, and then analyze
this sequence by the methods of computational linguistics applied to texts.

In practice, an image can be converted to a linear chain of pixel values by a row-by-
row or column-by-column scanning. In this representation, the figures corresponding to
pixel intensities play the role of ‘words’ in a text. Although failing to reflect all the two-
dimensional neighborhoods in an input image correctly, the image-to-text transformation
makes it possible to consider the image properties within the same framework based upon
the analysis of one-dimensional symbolic sequences. To be specific, our image was
unfolded into a text along the horizontal direction. For this purpose, we used the data of the
red channel of the color image.

Finally, an additional check-up compression-related analysis was performed
immediately with the JPEG files of the input image and its noised and randomized versions.
Here we directly compared the sizes of the files, with no intermediate conversion of image
files into text files and with no LZA analysis. The compression parameter K was defined as
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K = s4/s,

where sy and s denote the JPEG-file sizes of respectively the input and noised (perturbed)
images. The K coefficient was calculated for both noisy and randomized image datasets.
This analysis is not identical to the calculation of S, because a lossy JPEG format includes

its own compression procedures. Nevertheless, it provides an additional check of how
noising and randomization affect the practical compressibility of the image file.

3. RESULTS AND DISCUSSION

3.1. Randomized texts

Fig. 3 shows the dependence of the compression coefficient S on the randomization
parameter N for the three linguistic levels of randomization. The panels (a) and (b)
correspond respectively to the first and second LZA-type compression methods (see
Subsection 2.1). Here the randomization versions that correspond to the sentence, word,

and character linguistic levels are denoted by the curves of different colors (see the legend
in Fig. 3).

0.4 4
ke, —— 1 LTS
%] ® ® .5 .| - om m
‘AAA 03 - B L2 .2
0.3+ 3 & | ‘%
A A
i 0.2 4
0.24 4 4
A A
A A
0.1- X 0.14 i
A A
L A M A3 il h AL AL A 3
0.0 T i o—rrr—rrry ey 0.0-
2 $ 8
10 10 10° N (a) 102 10° 100 N (b)

Fig. 3. Dependences of compression coefficient S on the randomization parameter N obtained for the text “Moby
Dick”. Panels (a) and (b) correspond to different versions of LZA-type libraries (respectively, character-
level and byte-level compressions — see the text). Data points denoted by black squares (curves 1), red
circles (curves 2), and blue triangles correspond, respectively, to randomization performed at the levels
of sentences, words, and characters. For visualization on the logarithmic scale, the initial data points
corresponding to N = 0 are conventionally represented by N = 1

The first important result is the almost complete absence of changes in the
compressibility observed under the sentence-level randomization (see curve 1 in Fig. 3
and data in Table 1). Note that the notation L in Table 1 implies the text length, Si, is the
compressibility S measured at N =0, S, is the S value averaged over the last 10 data
points for strongly randomized texts, and AS is defined as AS = §;;, — Sqyg. TO be exact,
the changes mentioned above are negligible in the case of character-level compression
and amount to only 10% of the changes observed under character-level randomization in
the case of byte-level compression. This means that changing the order of sentences does
not have a significant effect on the file compressibility. The reason is that the LZA algorithm
applied by us has an essentially short-range character: its result depends on the order of
linguistic elements (or their binary representations) located close to each other. In other
words, the sentence-level permutations change the global structure of the text radically,
but most of the local structures inside separate sentences remain invariable. Notice that
the reasons for different results of the two alternative LZA realizations associated with the
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Table 1. Some data related to the compression coefficient obtained for the original
and randomized texts, using the character-level LZA compression

Ay . Sentence-level Word-level Character-level
QUERMIENNYS CIEIEEEIIE randomization  randomization = randomization
Text length L 10,076 212,288 1,239,464

Compressibility values Si» and Savg 0.381 — 0.379 0.381 — 0.355 0.381 — 0.039
before and after randomization ' ' ' ’ ’ '
Compressibility change AS

R 0.002 0.026 0.342
under randomization

Note: The data in the third row of the table imply S;;, = Sqyg-

character and byte levels deserve further study. Since the second LZA realization
manifested notably higher data point scattering in case of image-mapping compression,
we will consider only the first LZA realization for images.

A notably different behavior is observed for the word-level and, especially, character-
level randomization (see curves 2 and 3 in Fig. 3a and Fig. 3b). In both cases, the
compression coefficient decreases notably with increasing N. This decrease reflects the
gradual destruction of local regularities in the symbolic sequences. In particular, the word-
level randomization destroys the order of words, though the internal structure of each word
remains intact. Therefore, the limiting S value at the largest N remains relatively high.
Finally, the character-level randomization produces the strongest effect because it destroys
not only the word order but also the internal structure of words.

The other important fact is that an expressed drop in the S parameter is observed
whenever the cycle number N becomes N = L or somewhat larger, with L denoting the total
number of sentences, words, or characters in the text. This can be seen both in Fig. 3a and,
especially, in Fig. 3b where the effect of the sentence-level randomization is not negligible.
Indeed, the S values referred to the sentence-, word-, and character-level randomization are
stabilized after dropping at approximately N = 104, 2x105, and 1.2x10¢, respectively. A
comparison with the L data indicated in Table 1 confirms that N = L really represents the
condition for stabilization of the S parameter. At N >> L, the symbolic sequence is practically
fully randomized, and any further increase in N produces no noticeable changes. In this
limiting case, the S parameter approaches zero in the most radical regime of character-level
randomization, so that we have S;;, = Sg,,4 (s€€ the Sg,4 value in the last column of Table 1),
which means that the text file becomes almost incompressible.

Thus, the total difference AS between the S values found for the original text and its
strongly randomized versions depends strongly on the randomization level. It is maximal
for the character-level randomization, smaller for the word-level randomization, and almost
absent for the sentence-level randomization. This confirms that the compression coefficient
is much more sensitive to the local order than to the global one.

It would be convenient if the difference AS = S, — S5 between the compression
coefficients of unnoised and strongly noised texts were a function of only randomization
type. Then a large AS parameter would have served as a criterion of strong text-data
corruption. However, this hypothesis needs examining if AS does not depend on the text
size. To clarify whether the limiting compressibility S,,,4 of strongly randomized texts
depends on the text size L, we have measured the S(N) dependences for the four additional
natural texts of English-language fiction with essentially different lengths L and then
calculated the averaged parameters Savg. The results are shown in Fig. 4 for the three
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Fig. 4. Dependence of the limiting compression coefficient value Sq;,4 of strongly randomized texts, which is
averaged over the last 10 points of the appropriate S(N) curves, on the text size L expressed in terms of

character number. Panels (a), (b) and (c) correspond respectively to the S data obtained at the sentence,
word and character randomization levels. The data refers to the character-level version of LZA

linguistic levels of randomization. Note that the first data point S,,,4 < 0 in Fig. 4c obtained
for the shortest text is merely an experimental artifact that reflects nothing but extremely
small S values typical for the short random symbol sequences.

For all the linguistic levels of randomization, we observe an almost monotonous,
increasing dependence S,,4(L) that tends to become saturated at the largest L. In other
words, the noised texts of larger sizes usually have larger compression coefficients. This
indicates that the limiting compressibility of strongly randomized texts is determined, first
of all, by the number of their linguistic elements. The appropriate reason is natural: the gain
in the file size due to compression becomes larger for larger files. Besides, the data point
scattering observed in Fig. 4 testifies that some other properties of texts also influence the
Savg Vvalue. Since no internal local order or the corresponding regularities of repetitions are
peculiar to the totally randomized texts, the properties mentioned above can be the
alphabet and vocabulary sizes of the original text, as well as the frequency distributions of
its linguistic elements (characters or words).

It is seen from Fig. 4 that, unfortunately, the S, ;, parameter is indeed affected by the
text size, so that the absolute AS value cannot be directly used to judge if an unknown text is
strongly noised. Nevertheless, one witnesses a gradual saturation of the Sg,,4(L) functions
with increasing L around some limiting values. The remaining shortcoming of this situation is
that the corresponding lengths L are relatively large, thus preventing one from any categorical
AS-based conclusions about the noising degree for short textual documents.

3.2. Randomized and noisy images

The dependences of the compression coefficient of the image “Peppers” on the
randomization and noise parameters are shown in Fig. 5. For the randomized images,
the compression coefficient sharply decreases when the number of randomization cycles
approaches the value M =512x512 = 2.6x105 (see Fig. 5a). Further increase in N has
almost no influence on S. This behavior is analogous to the case of texts: the
characteristic number of random permutations needed to destroy the order in the
symbolic sequence is of the same order of magnitude as the number of elements in this
sequence.

On the other hand, the dependence for the noisy images (see Fig. 5b) is controlled by
the standard deviation o of the Gaussian noise. The strongest S change occurs
approximately in the interval o € [10; 100]. This interval is close to the standard deviation
oo of the pixel values in the original image (00 * 66 — see Subsection 2.1). Therefore, the
main loss of compressibility occurs whenever the external noise becomes comparable with
the ‘internal’ pixel-level variations in the original image.
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Fig. 5. Dependence of compression coefficient S on the randomization parameter N (a) and the Gaussian noise
parameter o (b), as obtained for the image “Peppers”. The data refers to the character-level version of
LZA. For visualization on the logarithmic scale, the initial data point in panel (a) correspondingto N =0 is
conventionally represented by N = 1

The minimal compression coefficients for our image are far from zero and notably
higher than the S;,, values obtained for the word-randomized, not to say character-
randomized texts. This is seen from Table 2. Here S;,, denotes the compressibility S
measured at N = 0 or 0 = 0, Sgy,4 the S value averaged over the last 10 data points, and
AS is defined as AS = S, — S4y4- This is explained by a specific structure of textual
representations of images. Even a strongly randomized or noised image preserves
significant local regularities associated with the ‘internal structure’ of the numbers
corresponding to pixel levels, the limited ‘vocabulary’ of 256 possible pixel values (0 to
255), frequent random repetitions of these values, and additional restrictions imposed by
the intensity histograms.

Table 2. Details of the compression coefficient obtained for the original,
randomized, and noised images, using the character-level LZA compression

Quantitative characteristic Pixel randomization Gaussian noising

Compressibility value_s Sf-,, and Sav_g 'before and 0.589 — 0.528 0589 — 0.485
after randomization or noising

Compressibility change AS under 0.061 0.104
randomization or noising | )

Note: The data in the second row of the table imply Sin = Savg.

The image “Peppers” has been additionally analyzed without intermediate conversion
into a one-dimensional text file. Then the characteristic parameter K is calculated simply
from the sizes of JPEG files (see Subsection 2.2). The corresponding dependences are
shown in Fig. 6 (see also Table 3). Note that the notation K;,, in Table 3 refers to N = 0 or
o =0, K44 is the K value averaged over the last 10 data points, and AK is defined as
AK = K — Kqpg- The dependence K (N) in Fig. 6a for the randomized images looks as
expected: as the randomization degree increases, the spatial structure of the image is
destroyed and the JPEG representation becomes less efficient. Consequently, the file sizes
of the randomized images increase and the corresponding size ratio K decreases. In
general, the characters of the K(N) and K (o) functions are similar: after a transition
region, both functions approach the limiting values that correspond to strongly disordered
images.
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Fig. 6. Dependence of the compression parameter K associated with JPEG file sizes of the image “Peppers” on
the randomization parameter N (a) and the Gaussian noise parameter o (b). For visualization on the
logarithmic scale, the initial data point in panel (a) corresponding to N = 0 is conventionally represented
by N=1

Table 3. Details of the JPEG size-based compression parameter K obtained for the
randomized and noised images

Quantitative characteristic Pixel randomization Gaussian noising
Compressibility parameters Kgn a.nd Kavg 1.00 — 0.30 1.00 — 0.26
before and after randomization
Change AK in the compressibility parameter K 0.70 0.74

under randomization or noising

Note: The data in the second row of the table imply K;, = Kgyg-

3.3. General data interpretation

The results obtained by us for both a sample text and a sample image are consistent
with each other. In particular, the compression coefficient decreases when the structural
order in the symbolic time series is destroyed. The clearest analogy is observed between
the word-level text randomization and the pixel-intensity randomization in an image. In both
cases, the elementary ‘semantics-carrying’ elements (respectively words and pixel values)
are permuted, and a sharp change appears when the number of permutations becomes
comparable with the total number of the elements.

A weak influence of the sentence-level randomization on the text compressibility
should not be interpreted as evidencing that the sentence order is unimportant. Rather, this
demonstrates that the compression-based method is mainly sensitive to the local regularities.
In this respect, our method is close to other short-range characteristics, like the network ones
[21], and should be used for quantifying local order but not global semantic coherence.

In order to better understand the behavior of compressibility depending on N and o, it
would be convenient to study some alternative characteristics of the structural disorder in
digital images, statistical or other measures of complexity, and compare them with those
described above. For this aim, we have calculated the information Shannon entropy SE and
the peak signal-to-noise ratio PSNR for the image “Peppers” (see Fig. 7) [16].

As already noticed above, the SE parameter H = —2X, pilog,p;, calculated from the
pixel-value probability distribution p,, (i.e., the image histogram) is an invariant of the pixel
randomization procedure and reveals no changes (Fig. 7a). In other words, the LZA
compression for images in this respect is superior if compared to the histogram-based
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Fig. 7. Dependence of Shannon entropy SE (a, b) and PSNR parameter (c, d) of the image “Peppers” on the
randomization parameter N (a, c) and the Gaussian noise parameter o (b, d)

parameters, which are insensitive to the disorder induced by pixel shuffling. The
dependence SE(o) shown in Fig. 7b can easily be explained: the uncertainty of the py
distribution increases with increasing noise parameter o.

Finally, the dependences PSNR(N) and PSNR(o) in Fig. 7c, d are much smoother in
comparison with SE(c). They are qualitatively similar to the dependences S(o) (Fig. 5b)
and, especially, K(o) (Fig. 6b). In particular, the PSNR(N) function reveals no initial
plateau at the smallest N, unlike the dependences S(N) and K(N). The corresponding
reasons for so different behaviors need further analysis.

Overall, the main patterns observed by us agree well with the general considerations
about the compressibility of nonrandom data [1, 3, 12, 13]. They also indicate a possible
practical direction: the compression-based parameters can be used as simple indicators of
disorder — due to either randomization or noise — which is present in the symbolic
sequences of different natures.

4. CONCLUSIONS

We have modeled stochastically perturbed or corrupted textual documents and
images from a unified position, by means of their partial randomization and metered adding
of uncorrelated Gaussian noise. The changes occurring in a text or image under
progressive disordering have been studied for the first time via analyzing a gradual
evolution of their LZA-based compression coefficients S during the randomization or
noising processes. The S parameter has been measured for the randomized natural-
language texts and for the noisy or randomized images. We have demonstrated for the first
time that the dependences S(N) for both sample text and image behave in the same
manner: first we observe the upper plateau S = const at relatively small randomization
parameters N, where the structural order and the information contents of a text or image
persist (see also Fig. 1); then the S(N) function changes abruptly in the intermediate region
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given approximately by the equality N = L (or N = M) and, finally it attains the lower
plateau S = const at N > L (N > M), which corresponds to a completely disordered and
so uninformative text or image.

For the text, the sentence-level randomization almost does not change the
compressibility, whereas the word-level and, especially, the character-level types of
randomization lead to a pronounced decrease in the S parameter. In all cases, the strongest
changes occur in the vicinity of N = L. This shows that the typical number N of
randomization cycles needed to destroy the order completely in a symbolic sequence is
comparable with the total number L of its elements. For the image represented as a one-
dimensional sequence of red-channel pixel values, the compression coefficient decreases
significantly when the number N of pixel-randomization cycles reaches the total number M
of pixels (N = M), quite similar to the case of our randomized text (N = L). Under
Gaussian noise, the main decrease in S occurs at the o values that correspond
approximately to the standard deviation oy of pixel intensities in the original image.

Unlike the case of texts, the limiting compression values for the strongly noised or
randomized images remain essentially nonzero. This is explained mainly by a limited set
of possible intensity values and the additional restrictions imposed on the pixel-value
distribution by the image histogram. The additional JPEG-size analysis has led to
qualitatively similar conclusions about the influence of randomization and noise on file
compressibility. Finally, the dependences S(N) and K(N) for the image are qualitatively
different from S(o) and K (o): the former reveal a clear initial plateau, contrary to the latter.
This emphasizes different effects of randomization and noising on the structural order in
the image. However, the dependences PSNR(N) and PSNR(c) are much more similar to
each other. Finally, it is worthwhile that the SE(o) dependence also reveals the initial
plateau at the smallest o, unlike the PSNR(c) dependence. In a sense, the S and K
parameters are closer to SE than to PSNR in this respect.

The compression measure applied to images should be distinguished from purely
histogram-based characteristics. In principle, a corrupted image can have exactly the same
intensity histogram as the original image, while its spatial organization can be at least partly
lost. This holds true, e.g., for an original image and its randomized versions. One can see
that their compressibilities are radically different (see Fig. 5a), i.e. the compression
parameter can detect the loss of spatial organization which is invisible in the histogram
alone (see Fig. 7a). In other words, our LZA-based compression parameter for images has
an important advantage over histogram-based parameters. Note in this respect that the
computational complexity of compressibility is higher than that of SE but lower than that of
PSNR.

Of course, modeling of stochastically perturbed textual and graphical data by
randomization and Gaussian noising is restricted enough. The other factors hindering us
from too categorical conclusions are a limited set of experimental samples and prematurity
of any S-based detection-accuracy estimates. Nonetheless, our experimental
dependences S(N) and S(o) testify that the compression parameters can be, in principle,
used for quantifying the loss of structural order in the data and detecting noised natural-
language texts or images.

We perceive that further promising work can be related to broadening of the
experimental objects under test, comparing different compression algorithms, as well as
different methods of image unfolding and combinations of compression parameters with
other descriptors of order and noise. This would aid in formulating the practical criteria of
noise detection based upon compressibility.
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KOE®ILUIEHT CTUCHEHHA B AHATNI3I TEKCTIB | 30BPAXEHD 13
LWYMAMMU

Onekciti Kpasuyk, Onee KywHip

KagheOpa onmoenekmpoHiku ma iHgbopmauiliHux mexHosoait,
JIbsiecbkull HayioHanbHUl yHieepcumem iMeHi lIeaHa ®paHka,
gyn. leH. TapHascekozo, 107, m. Jlbeis, 79017, YKPAIHA

AHOTALIA

BcTyn. lMpoaHanizoBaHo koedilieHT CTUCHEHHs S, MOoB'A3aHWiA 3 OBOMa BepCiMU
anroputmy Jlemnens—3isa (AJ13, aHrn. LZA), siK KiNbKiCHY XapakTepucTUKy CTPYKTYPHOro
NopsiAKy B 3allyMMeHNX abo NOLUKOAXEHUX AaHUX Ha NPUKNazi TEKCTY NPUPOOHOI MOBOIO
Ta undpoBoro 300paxkeHHs. [nsa MOAEentoBaHHSA 4YaCTKOBO MOLUKOMKEHUX TEKCTy abo
300paXeHHss MW paHOoMi3yBanyM  MIHMBICTUYHI  €NeMeHTM nepuworo Ta AofdaBanu
HEeKopenbOBaHUN rayciBCbKMiA WyM 0 Apyroro abo paHgomidyBanu 1oro nikceni.
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Oleksii Kravchuk & Oleh Kushnir

MaTtepianu Ta MmeToau. XynoxHin tekct «Mob6i Lik» . Mensinna 6yB paHgomisoBaHui
Ha MIHMBICTMYHUX PIBHSAX peyeHb, cniB i cumBoniB. KinbkicTb umkniB paHgomizauii N
3miHoBanu B gianasoHi Big 0 o 10°. MNpoaHanizoBaHo TakoX YepBOHWUI KaHan 8-6iTHoro
306paxeHHst «Peppers» i3 poamipamn M =512x512, go akoro 6yno gofAaHo rayciBcbkuii
Wym 3i CTaHAapTHUMKU BigxuneHHamu o y Aianasodi Big 0 go 400. 3aranom 6yno
3reHepoBaHo 50 paHgomizoBaHux i 50 3alymMneHnx Bepcivi 306paxkeHHs. [Ins 3acTocyBaHHs
cTucHeHHs AJ13 306paxeHHst po3ropTanu B OOHOBUMIPHY MOCMIOOBHICTb iHTEHCMBHOCTEN
nikcenie i o6pobnsnu BignNOBiAHE TEKCTOBE NMpPeACTaBfeHHS 300paXXeHHs SK 3BUYaNHUIN
TEKCT.

PesynbTatn Ta o6roBopeHHs. PaHoomisauis Ha piBHI peveHb mavxe He 3MiHKe
3HayYeHHs1 S, OCKINbKM BOHA He 3MiHIOE BHYTPIWHLOI 6yaoBu cniB i peyeHb, a All3 mae
rnokanbHWI xapaktep. PaHgomisauisi Ha piBHI criB MOMIpPHO 3MeHLye S, a paHgomisauis Ha
piBHi CMMBONIB NPMBOAMTL A0 HAWGINbLIMX 3MiH S | Make HECTUCIMBUX TEKCTOBKX chaiinis
3a Hanbinbwux N. Pesynbtati, ogepxaHi ans asox Bepcin AJ13, cnabko Bigpi3HsOTLCA 3a
BMSMBOM paHAoMi3aLii pevyeHb Ha CTUCNUBICTb. [Insa paHAoMi30BaHMX 300paXkeHb 3HaYeHHSI
S pi3ko 3meHLwwyeTbes, konu N HabnuxaeTbcs A0 3aranbHoi KinbkocTi nikcenis M, a notim
carae HacudeHHs. Hanbinbwi 3miHm S ans 3obpaxeHb i3 wymamu Maemo B obnacTi

o € [10;100].
BucHoBku. MeTpukn Ha oCHOBI CTUCHEHHSA AJ13 4yTnuBi 4O BTpaTV NoKanbHOro NOpsAKy
B OyAb-AkuxX AaHux i3 wWymamu — i B paHAOMI30BaHMX TeKCTax, i B paHAOMi30BaHMX Ta

3awwymneHnx 3obpaxeHHsix. Ockinbkn AJl3 6a3yeTbCcsi Ha MOBTOPEHHAX | NOKarbHUX
3aKOHOMIPHOCTSIX Y MOCNIAOBHOCTI CUMBOMIB, 3MEHLUEHHA S BKasdye Ha 4acTKOBe
PpyWHYBaHHS MOpSAOKY, CNpudnHeHe paHgomisauieto abo wymom. OTxe, koediuieHT
CTUCHEHHA MOXe OyTn MipunoM HeBnopsAKOBaHOCTI B MOCMIAOBHOCTAX MiHMBICTUYHUX
CMMBOIIB i B Mepexax nikcenis, i, 0TXe, MOXe AOMOMOITY Y BUSBMEHHI 3allyMAeHUX JaHUX.

Knrouyoei crioga: CTUCHEHHS AaHUX, aHani3 AaHuX i3 WyMamu, po3nisHaBaHHSA LUYMIB,
paHaoMi3aLlisi, onpauoBaHHsS NPMPOAHOT MOBK, OnpautoBaHHsI 306paXeHb.
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