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ABSTRACT

In this article we propose a novel algorithm for lossless image compression based on 8 x 8 px block division and
vector quantization. Each block is assigned to one of 4 classes and encoded using linear predictor assigned to a
class (calculated using the Iterative Reweighted Least Squares (IRLS) algorithm). Several methods for initializing
classes based on binary division of a set are proposed. Their advantages and disadvantages are shown, and the best
performing ones are selected in order to develop an original dictionary initialization algorithm, which is used in
the vector quantization method adapted to the lossless image compression. The hierarchical, binary tree-based ini-
tialization method is a combination of these algorithms, in which class initialization procedure follows the pattern
of a complete binary tree with & leaves. The proposed initialization method significantly reduced time required for
the main vector quantization process. Proposed codec belongs to the time-asymmetric compression methods with
a short decoding time and is characterized by high compression efficiency, offering on average a 7.22% lower bit

average compared to JPEG-LS.

Keywords: lossless image compression, vector quantization, image block division, binary tree.

INTRODUCTION

Every year, more and more data is being gen-
erated worldwide. Its rapid growth is driven by
both the development of technology and by wide-
spread access to it. Data can be represented in
the form of text documents, audio files, videos,
image files, etc., making data compression appli-
cable in a wide variety of areas. Despite decreas-
ing cost of memory, there is still a need to effi-
ciently store data and transfer it between devices
while minimizing bandwidth consumption. Data
compression methods allow to reduce the size of
a message and are divided into two main catego-
ries: lossy and lossless compression [1, 2]. Lossy
compression enables higher compression rates,
but it involves irreversible loss of some data. It
finds its use where the loss of less important ele-
ments from a perception point of view is accept-
able. Lossless compression can be found in the
archiving of medical images [3, 4] or satellite
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imagery compression [5]. In these cases, partial
loss of data can cause errors in interpretation,
conclusions, and decisions. There is also a third
category of compression methods, namely, near-
lossless compression, in which users are allowed
to define a level of accepted data loss [6].
Depending on the criteria, lossless image
compression methods can be divided into differ-
ent categories. Taking the redundancy removal
method as an example, in most cases, linear and
nonlinear predictions are used, and the pixels
are encoded sequentially, row by row, from left
to right [7]. Other approaches include combin-
ing lossy prediction with lossless compression of
prediction errors (an idea known from [8]). In [9],
it was proposed to combine lossy BPG encoding
(as a mechanism for determining approximate
pixel values), which has a high degree of com-
pression, with an additional stage of lossless com-
pression of prediction errors. Meanwhile, in [10]
a division into subimages (with lower resolution),
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where one subset is encoded using JPEG-XL, and
then remaining subimages are encoded through
deep neural networks (LC-FDNet).

Implementation complexity is another crite-
rion used to classify compression methods. There
are two main categories to consider: time-sym-
metric and time-asymmetric. The first group of
codecs is characterized by a short time of both
encoding and decoding (when encoding an image
with a resolution of 512 x 512 px it is usually
counted in milliseconds). The codecs in this cat-
egory are: JPEG-LS [11], CALIC [12] or more
modern WebP [13].

The second group can also be included in the
time-symmetric methods. However, they are char-
acterized by long encoding and decoding time due
to prediction methods using backward adaptation
(codec parameters are tuned based on previously
encoded/decoded data, and this adaptation usually
occurs after each subsequently encoded pixel).
The advantage of this solution is that there is no
need to pass these parameters in the header sec-
tion of the output file (which gives more flexibil-
ity e.g. in choosing the order of prediction), and
the disadvantage is a low efficiency in the initial
phase of encoding (due to small amount of learn-
ing data). This category includes methods such as
OLS [14, 15], WLS [16], Vanilc WLS-D [17] and
many methods that utilize neural networks.

In the first attempts to use neural networks for
lossless image compression, an adaptive method
was used, where the weights of network were
modified on the fly after encoding each subse-
quent pixel (methods with backward adaptation).
This is a real-time network learning without prior
training using image training databases. In works
[18, 19], an adaptive neural network (AdNN) was
used, whose architecture is based on the multi-
layer perceptron layer (MLP), while in [20] a
cellular neural network (CNN) was employed.
Other, more recent approaches with deep learn-
ing have been discussed in more detail, among
others, in the works [21, 22]. In [23] an com-
parison of several neural network solutions for
image compression can be found, with a conclu-
sion, that methods like PixelCNN (e.g. [24]) are
generally computationally expensive. Moreover,
the disadvantage of these methods is their strong
dependence on the training datasets (which can
casily suffer from overfitting, especially in case
of very small images such as 32 x 32 or 64 x 64,
resulting in insufficient efficiency for broader
applications compared to conventional solutions),

which was criticized in [25]. Confirmation of this
uncomfortable conclusion can also be found in
[26], where the authors explicitly stated that for
high-resolution images, conventional codecs still
have an advantage (offering a lower bit average)
over learning-based methods. Another group of
researchers, after a thorough analysis of the lit-
erature on deep neural networks (DNNs), also
agreed that existing methods of lossless image
encoding based on learning usually suffer from
slow encoding speed. It is difficult to apply them
to practical full-resolution image compression
tasks, especially when one cannot rely on highly
efficient multiprocessor GPU units.

Unlike methods with backward adaptation in
conventional methods with forward adaptation,
we can “tune” the prediction model more precise-
ly owing to the complete knowledge of all image
pixels. However, this introduces an additional
cost of storing header data filled with information
necessary for decoder to correctly decompress an
image. Tuning parameters to the characteristics of
given images usually requires many encodings,
placing forward adaptation methods into a third
category of codecs which are characterized by
long encoding time and short decoding time (time
asymmetric). The most efficient solutions in this
group include, among others, MRP 0.5 [28] and
7-ctx MMAE [29].

Due to the constantly increasing performance
of computers, implementations of algorithms
with high complexity may be considered time
acceptable in the upcoming years. An example is
the use of vector quantization adapted for loss-
less image compression. Although this approach
allows for high compression efficiency, it has
been presented in only a small number of studies
so far, among which [28, 30] is worth mention-
ing. In this approach, the initial stage of defining
a dictionary consisting of k vectors is crucial. In
the referenced works, the k-means algorithm was
used, and the discussion of the initialization stage
was either omitted or limited to a single sentence
of commentary. For example, in [31], it was stat-
ed that the k-means algorithm is not very sensi-
tive to the dictionary initialization method. In our
opinion, this is not an accurate statement, espe-
cially regarding computation time (the number of
k-means algorithm iterations). Therefore, in this
study, a novel algorithm for a heuristic approach
to dictionary initialization is proposed.

This study focuses on time-asymmetric meth-
ods (with forward adaptation) with fast decoding
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mechanism, as the encoding operation is most
often performed once, whereas the decoding
operation is performed multiple times.

The basics of image modeling, which allows
for efficient compression by redundancy remov-
al, are presented in section Vector Quantization
— From Lossy to Lossless Compression. Section
Methods of Dictionary Initialization presents the
basic principles of both lossy and lossless image
compression based on vector quantization and
a proposal of original initialization method that
offers a significant reduction in the time required
for main vector quantization process. In sec-
tion Methods For Improving Compression Effi-
ciency additional redundancy reduction methods
are discussed, together with a comparison of the
efficiency of the proposed solution against other
popular codecs.

VECTOR QUANTIZATION - FROM LOSSY
TO LOSSLESS COMPRESSION

Basics of lossless compression

Data modeling (also known as data decorre-
lation) is the process of removing as much mutu-
al information as possible from an input stream.
As a result, the entropy of the data decreases,
and it can be compressed more efficiently. To
achieve this, a pixel value can be predicted using
linear prediction

where: r denotes prediction order, b, is the pre-
diction coefficient from vector B=[b , b,,
..., b ] and P(j) is the value of the nearest
j-th neighboring pixel of currently encod-
ed pixel x .

In the case of images, to use this formula, a
transformation of image into one-dimensional
data is needed which is done by numbering the
pixels of the neighborhood according to the

increase in Euclidean distance / (Ax))? + (Ay))?

between them. The numbering of equally distant
pixels is determined clockwise. Pixel number-
ing scheme of the neighborhood of the currently
encoded pixel x is shown in Figure 1. Theoreti-
cally, the farther away the pixel is from the pixel
x , the smaller the relationship between the two
(less impact on prediction).

The value of X, rounded to the nearest inte-
ger is subtracted from the actual value of the
pixel, giving a prediction error e , which is the
subject of encoding

2)

For 8-bit data, the predicted values are in
the range <0; 255>, prediction errors are usually
small values close to zero and their probability
distribution is approximately geometric, allowing
for efficient compression.

em = Xm — [Z]

Basics of lossy compression based on vector
quantization

X = z bj-P()) M Vector quantization is commonly used in data
J=1 processing, and the methods for constructing
46 |42 | 38| 43| 47
37132 (26|24 | 27|33 ]| 39
36 (29(20(16 |14 17| 21| 30| 40
451 31(19|11 | 8 | 6 | 9 |12 (22| 34|48
41| 25|115| 7 3 214 (10|18 | 28|44
35123 (13| 5 1 | xn

Figure 1. Neighborhood pixel numbering
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a dictionary are among NP-hard problems. In
case of lossy image compression, the image is
most commonly divided into square blocks with
a side length of e.g. B = 4. To simplify, we
will consider only luminance component and
use grayscale images, where a pixel value is an
8-bit number between 0 and 255. In such case,
each block of 4 x 4 px can be saved as a vec-
tor x, = [xj’], Xip oees xj’m] consisting of 16 ele-
ments (consecutive pixels read line by line). As
a result, the entire image can be represented as
a set of vectors (x, X,, ..., X ), where n = height
- width/B . For example, an image with a reso-
lution 256 x 256 px and a block size of B = 4
will give n = 4096 vectors. These vectors can be
quantized by introducing a dictionary of k cen-
troids (¢, ¢,, ..., ¢,). To provide compression,
the number of centroids should be significantly
lower than n. Centroids ¢, = [cm, Cip > Ciig
are determined using, for example, the k-means
algorithm, which aims to minimize the mean
squared error (MSE). By design, centroid ¢,
represents the i-th class, that is, a certain set of
vectors X, with similar characteristics, which is
why in the k-means algorithm ¢, is calculated as
the arithmetic mean of these vectors.

In lossy compression, the compression ratio
is usually predefined, with the goal of achieving
the lowest possible mean square error, the value
of which is embedded in the PSNR formula used
for the objective assessment of lossy compression
quality (similarly to other metrics such as SSIM).
Equation for 8-bit data is as follows:

| 2552 3
PSNR =10 - log,, MSE 3)

In the simplest case of lossy compression,
a fixed number of & centroids is set, making the
degree of compression easy to define. In addition
to the entire dictionary of & centroids, the output
file contains a set of » indices to the dictionary.
In place of each square represented by the vector
X, the decoder inserts the best-matched centroid
¢. The cost of a single index is only log,k, which
is significantly less than the information about all
the B * pixels of a given square X.

The length of the encoded file, expressed
in bits, can be calculated using the formula (4),
which is the sum of two components. The first
part is the size of the dictionary, and the second
part is the cost of saving indices to the dictionary:

Ly =8k -BZ+n-log, k 4)

For example, for an image with a resolution
of 256 x 256 px, block size B, = 4 and dictionary

consisting of k£ = 256 centroids, the file size is:
L,=8:256 4+ 252C - log 256 = 32768 = 2'°
bits, which gives bit average L, = L /(height
-width) = 1 bit/pixel (compression ratio of 8:1).
In this case, the size of dictionary takes 50% of
the output file size. For images with higher reso-
lutions, this aspect ratio will decrease unless the
size of the dictionary itself is increased.

Lossless compression based on vector
quantization

In order to switch from lossy to lossless com-
pression, the output file besides L fbit long header,
must also include appropriately encoded errors.
Errors are the differences between pixel values
contained in the X, vectors and their representatives
which are part of the corresponding centroid ¢. The
number of errors equals the number of pixels in
the image, and they shall be efficiently compressed
using, for example, Huffman coding or arithmetic
coding [6]. For such codes, the lower bound of
the bit average Lavg is the entropy value H(S) of
the prediction errors, and entropy can be used as a
helpful metric for the minimization of L,

In practice, instead of using a set of fixed
centroids (for a given image) obtained through
k-means, in case of lossless compression, a lin-
ear prediction can be used. It enables calcula-
tion of the predicted value X; ,, for each encoded
pixel X, based on r nearest neighboring pixels
(see Figure 1). This implies that current cen-
troid ¢, = [cm, Cip s €y o] takes temporary form
Ci=[X;1,%X2,...,%X;16]. Since predicted values
are calculated on an ongoing basis, there is no
need to store the dictionary in its current form (as
in the case of lossy compression). However, fol-
lowing the principles of compression using vec-
tor quantization, we still deal with £ classes. Each
of the k classes is assigned an individual linear
predictor b, = [bl.’l, bl.!z, - bi,r] of order r, and the
values of vector ¢, = [%;1,%;2,...,%;16] are cal-
culated consecutively using (1). It is assumed that
coefficients b, are in range <-1.999; 1.999>, and
their sum equals 1. In the output file they are saved
on (n, + 2) bits. Usually, an accuracy of n, =9 or
10 bits for the fractional part is sufficient. In addi-
tion, one bit is allocated for the sign of the num-
ber and one bit for the integer part. Experiments
proved that, in contrast to lossy compression, for

521



Advances in Science and Technology Research Journal 2026, 20(4), 518-537

lossless compression the preferable block size is
8 x 8 px (or larger), and the number of classes is
significantly smaller and depends on the size of
the image. For example, for images with a resolu-
tion of 512 x 512 px, a number of classes k = 16
works well. For this reason, the dictionary size of
k:(r—1)-(n, + 2) bits is relatively small compared
with the amount of data required to encode pre-
diction errors. For example, when k£ = 16, r = 36,
and n, = 10, the dictionary consists of only 6720
bits. There are also fewer indices for the diction-
ary than in the case of lossy compression because
of the significantly larger block size. Furthermore,
with a considerably smaller number of centroids,
the cost of saving each index equal to log k& is also
smaller. For 512 x 512 px images the total cost
required for indices (when B = 8, k = 16) equals
n-log,k=4096-4 = 16384 bits. Therefore, the sum
of two components making the header section is
only L = 23104 bits, which translates to 0.08813

Table 1. Coding parameters dependent on the image
resolution

Resolution r n, k
Up to 256 x 256 36 9
Up to 512 x 512 36 10 16
Larger than 720 x 576 35 10 32
4.1061
4.105r
4.104r
4.103r
4.102r
°
[
& 4.101F L]
~
4.1¢ *
°
4.099" .
4.0981
4.0971
4.096 1 1 1 1 1

bit/pixel. It is approximately 2% of encoded data,
whereas the remaining 98% is a cost of efficiently
compressed prediction errors. The simplified for-
mula for the bit average is as follows:

k-r—1) -(ny+2)
width - height

log, k

Layg = H(S) + 52
s

)

The higher the prediction order and the larger
the number of classes, the lower the entropy H(S)
becomes, but the header section size increases —
parameter k affects the last two parts of formula
(5). Hence, there is a need to search for compro-
mise sets of three settings {k, r, n,} which will
enable to simplify the process of minimizing the
bit average by reducing it to entropy minimiza-
tion at the vector quantization stage. Table 1 pres-
ents the experimentally chosen parameters that
depend on the size of the image selected based on
the training image dataset (distinct from the test
images mentioned in section Compression effi-
ciency). The Figure 2 presents relation between
prediction order and bit average which was mea-
sured on a subset of images with resolution 512 x
512 px using proposed codec.

In addition, attention should also be paid to
the problem of complexity of the k-means algo-
rithm after it is adapted to lossless image com-
pression. Although the procedure of checking the

24 26 28 30 32 34 36 38 40 42 44 46 48

r

Figure 2. Results of bit averages for different values of prediction order
r measured on images with resolution 512 x 512 px using proposed codec (VQ-MMAE))
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best matching i-th centroid to the given vector X,
is linearly dependent on the number of pixels in
image, from the k£ number of centroids and the lin-
ear prediction order, the total computational cost
is proportional to the product of width - height
- k - r. Due to that, in one of the earliest solu-
tions of this kind, a fixed dictionary with only 8
centroids was used, where each block of 8 x 8
px was assigned one of 8 fixed models that pro-
duced the smallest absolute error [32]. Header
information associated with this block required 3
bits, thanks to which an index of prediction model
(centroid) was identified. Later solutions intro-
duced the minimization of mean square error as
a method for calculating the best set of prediction
coefficients, with grouping blocks into clusters
with similar features, which used single shared
prediction model [30]. Using vector quantization
techniques (and fuzzy quantization [33]), an opti-
mized sets of e.g. 16 prediction models were cre-
ated. Thus, even with a high prediction order, the
header section size did not increase significantly.
A similar approach is used in this paper.

In [33], various block sizes were analyzed,
and the best results were obtained with dimen-
sions of 8 x 8 pixels. Therefore, both in our solu-
tion and in studies [30], [33], and [35], this size
was also used (B, = 8). In contrast, [35] consid-
ered different numbers of centroids (k = {16, 32,

4.1161

4.114

4.112

4.11

4.108

60
% 4.106
~

4.104r

4.102 o

4.1

4.098

64}), attempting to select a single compromise
value. The authors of [28] approached this issue
somewhat more precisely, proposing for the MRP
codec a different number of classes depending on
image size. Following the same guidelines, we
also specified in Table 1 a set of parameters {k, r,
n,} for three image resolutions (based on a com-
prehensive series of experiments, using a training
image set selected to cover a fairly wide range of
image features).

METHODS OF DICTIONARY
INITIALIZATION

Target function definition

Unlike lossy compression, our vector quan-
tization solution used for lossless image com-
pression uses significantly fewer centroids, while
using centroids with more r elements (the k/n ratio
is much smaller). This makes it more difficult to
select k centroids that offer the most efficient data
compression. Therefore, appropriate initialization
of the dictionary is an important task, as it affects
the final set of centroids representing a certain
local minimum of the target function.

Equation 5 can be used as the target func-
tion, which uses the global entropy H(S) of the

4.096 1 I 1 I
0.5 0.7 0.9 1.1

Figure 3. Results of bit averages for different values of « measured on images with resolution 512 x 512 px
using proposed codec (VQ-MMAE),)
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prediction errors of the entire image. Although
in the literature it is generally accepted that mini-
mization of the mean square error tends to mini-
mize the entropy of the set of prediction errors, it
cannot be said that achieving the minimal mean
square error guarantees a global minimum of
H(S). The results depend largely on the degree
of fitting to the local data and the entire data pro-
cessing flow. The experimental analysis of this
subject can be found in [16]. In our solution,
instead of MMSE, we proposed minimization of
the minimum mean absolute error (MMAE) as
a more advantageous approach for determining
linear prediction coefficients. To achieve this, we
used our own method to calculate the approxi-
mate value of the minimum mean absolute error.
The aim is to better align the probability distri-
bution of prediction errors with the geometric
distribution required by the Golomb code, which
is used for the initial compression of prediction
errors. The output bits of Golomb coder are then
encoded using context adaptive binary arithmetic
coder (details in [34]).

To efficiently assign the i-th centroid to a spe-
cific block, a local target function is required in
which the value H(S) is not used. Therefore, at the
step of choosing best centroid for given square 8
x 8 px (vector x;) we use Equation 6 which is a
measure based on Minkowsky distance with an
experimentally chosen power o = 1.2 (instead of
2, as in classical solutions). Influence of a on bit
average is presented in the Figure 3.

z
1 a
d; = ;Z|ej| (6)
i=1
where: z = B denotes numer of pixels of each
square.

Predictor coefficient calculation

In the proposed solution, each of the £ classes
(a set of squares with similar features) is assigned
an individually tailored linear predictor of order
r. In [35], it was demonstrated that minimizing
the mean absolute error (MMAE) allowed for
better results compared to MMSE, particularly
when dividing the image into squares of size 8§ %
8 px. Therefore, the proposed solution also uses
the calculation of predictors based on MMAE.
However, unlike in [35], in which an improved
simplex algorithm was used, in our solution, we
use an iterative reweighted least squares (IRLS)
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algorithm with lower computational complexity,
which is based on classic WLS minimization:

1 2
lells = D roomp lenl” = ) leml (7

meQ meQ

The algorithm is iterative and requires several
MMSE minimizations. In the first iteration, the
weights w 2= e °“are set to 1, and in subsequent
iterations, they represent the prediction error val-
ues obtained after encoding with the predictor
from the given i-th iteration.

To calculate coefficients vector B for A-th
class, in each iteration it is necessary to solve
matrix equation (with Cholesky decomposition):

B=R1!.pP (8)

where: R is a square matrix of dimensions » X r
with elements R(j,7) such that

R(j,i) = z Wi, - Ym (D) - Y () 9)

meQ

andi={1,2,..,r},j=1{1,2,..,r},and P is vec-
tor » X 1 of elements

PO = ) wh-wm m) )

meQ

where: Q denotes a set of all pixels of all squares
belonging to a given A-th class, x = deter-
mines the value of the next m-th encoded
pixel, and y (j) is the element of the vector

Y, =, 1,,2), ... y,0]

In proposed solution, a prediction model is
using r closest pixels to the x (see Figure 1); there-
fore, the vector Y, =[P (1), P (2), ..., P (7)].

Vector quantization algorithm

The step preceding quantization is the initial-
ization of a dictionary. It requires assigning an
individual predictor to each image block (an 8 x
8 px square) using MMAE method (10 iterations
of IRLS). These predictors form the basis for cre-
ating the initial set of k£ centroids, which adapt
to the characteristics of the encoded blocks dur-
ing the reclassification stage. The initialization is
described in section Simple approaches to vector
quantization.

The quantization algorithm (Algorithm 1)
requires several cycles of image encoding with
each of k centroids (predictor of a class). Blocks
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Repeat steps 1-2 for ¢ times:

1. Reclassification of blocks to the closest class according to the criterion (6).
2. Calculating centroids based on the current assignment of blocks to classes using MMAE (3 IRLS iterations).

Algorithm 1. Quantization algorithm

are assigned to the most matching class based on
formula (6) — the lower the value, the better the
fitting. After reclassification of all of the blocks,
centroids are recalculated (using Equation 8), and
the process is repeated ¢ times.

Simple approaches to vector quantization

In the classic k-means method, it is nec-
essary to define a set of k centroids that serve
as the initial form of the dictionary. There are
many different approaches, although the most
common is to randomly select £ vectors X, from
an n-element set. Usually, it is assumed that
after running k-means algorithm for a relative-
ly large number of iterations, results are quite
similar regardless of a randomly chosen set
of initial centroids. Although there are special
approaches to efficient dictionary initialization,
for example, the k-means++ algorithm, which
requires the use of & preliminary iterations to
construct the initial form of the dictionary con-
sisting of k£ centroids. For instance, for £ = 32,
the initialization time may be comparable to the
time required by the actual quantization proce-
dure, while in k-means codec designed by us we
use only 20 iterations. Additionally, if we con-
sider that due to the randomness present in the
k-means++ algorithm, it is recommended to run
such initialization multiple times, which further
significantly increases its overall computational
complexity. For this reason, there is a need to
design a dictionary initialization method with
the lowest possible computational complexity.
However, considering the high computational
complexity, it is suggested to apply heuristic
approaches for dictionary initialization because
the required number of k-means iterations
should decrease significantly.

Let us consider the simplest case of lossless
image compression with data segmentation, for
which we will propose several methods for initial
division of the set of pixels of encoded image into
k=2 classes.

Method |

We can create first 2 centroids based on the
characteristics of individual pixels (instead of
whole squares 8 repeat steps 1-2 for ¢ times —
reclassification of blocks to the closest class
according to the criterion (6) — calculating
centroids based on the current assignment of
blocks to classes using MMAE (3 IRLS itera-
tions)'8 px (instead of whole squares 8x8 px).
To achieve this, a global linear predictor B of
order » = 36 is calculated (Equations 8-10,
where area Q consists of all pixels of image).
Next, using vector B we determine the predic-
tion errors and divide the pixel membership
into two classes according to the sign of the
value: negative and non-negative prediction
errors. For each class an individual predictor is
calculated (also using IRLS algorithm) giving
two individual prediction coefficient vectors B,
and B,, which become the initial centroids for
the k-means method.

Method Il

Surprisingly good results can be achieved by
dividing image into two equally wide columns.
Then, similarly to Method I, an individual predic-
tion coefficient vectors B, and B, are calculated,
and are used as a starting centroids for k-means
algorithm. This initialization considers the indi-
vidual features of large areas of the image. Much
worse results will be achieved, if the image will
be divided into 8 x 8 px squares, and then divided
into two sets following a chessboard pattern (the
white and black squares on the chessboard). It
is a simulation of pseudo-random assignment of
individual squares to classes, which confirms that
random selection as initialization in the k-means
algorithm is not a good solution.

Method Ill

Another approach to dictionary initialization is
to treat data from the beginning as a set of § x 8
px squares. Using Equations 11, 12, 13 and a rule
used for division (defined by Equation 14), the
squares are divided into two groups and predic-
tors of two classes are calculated.
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E:%-Zn:Ai (11)

i=1
T
710 45|
Aizzdj-|bj +5| (12)
=1
] 1
4= (13)
2 2
J@x) + (o)

where: n —number of squares in image, i — square
index, b — average predictor calculated
from all n individual predictors, b® —
individual predictor of i-th square.

Equation 13 is the inverse of the Euclidean
distance between pixel x and its j-th neighbors
shown in Figure 1.

{class — ¢, ifA>B-A (14)
class « c, if < B A

Value of f was chosen experimentally from
tested range {0.5, ..., 1.3} and set to 0.7 after test-
ing behavior of a binary division using Method 111
only (using proposed codec, which after initial-
ization stage performs ¢ = 20 iterations of vector
quantization). Results of these experiments are
shown in Figure 4.

4.141

4.1395

4.139

4.1385

4.138

20
& 4.1375
~

4.137

4.1365 *
4.136

4.1355
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Method IV

In this proposition, the binary quantization
method for dividing a set of squares into 2 cen-
troids is based on the threshold value b;, which
is an average value of i-th prediction coefficient
(from all » individual predictors). The A-means
quantization is performed in two iterations (this
is a case of binary scalar quantization), where the
threshold initialization is based on the mean of
the given i-th coefficient, and then the following
steps are performed iteratively:

a) centroid calculation in each class,

b) reclassification of squares according to the Eu-
clidean distance (where it is closer to each in-
dividual i-th coefficient).

During this process centroids are calculated
as the arithmetic mean of individual predictors of
squares assigned to given class. This algorithm
continuously works on two sets in which reclassi-
fication and centroid recalculation are performed.

Method V

The coefficients b, and b, of all individual
predictors are plotted on a plane as points with
coordinates (b,, b,), forming a cloud that is divid-
ed into two groups by:

e linear regression line,

4.135— : : :

05 06 0.7 0.8

09 1 1.1 1.2 13
B

Figure 4. Results of bit averages for different values of § obtained during tests of Method 111
as a binary division method
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e line perpendicular to the linear regression line
that passes through the point Cy(by, b,).

The linear regression f{x) = ax + b is calculat-
ed using Least Squares method, where the coef-
ficients a and b are calculated with:

. M Yie1 XiYi — Nie1Xi Lieq Vi
- 2
myit, x* — (Z;in)
CXE xR Y — Rk XY Xy
- 2
myR 2 — (T2 ;)

where: m denotes number of points, x, and y, denote
values of coefficients of given point.

(15)

b

Xi
(16)

An example of a cloud created for the Len-
nagrey image is shown in Figure 5. The solid
line represents the linear regression line and the
dashed line is perpendicular to it. Depending on
the algorithm variant, the cloud is divided into
two classes according to one of two lines, and
the axes in the coordinate system can be switched
fromX=b,Y=b,toX=0b,,Y=0b,.

Method VI

Initially, all squares forming the image belong
to a single class encoded by predictor C,, which
is a global predictor (for the entire image). The

image is encoded using predictor C, and indi-
vidual predictors of the squares. Then, for each
square, the following value is calculated:

— im:1|eih

T IS (47

where: the numerator contains prediction errors
obtained by encoding with predictor of
class to which the block belongs, and
the denominator contains the prediction
errors obtained by encoding with the indi-
vidual predictor. The values of ¢ are then
sorted and divided into two classes based
on the median value.

Table 2 shows the results for each method
collected for a set of 26 test images with a reso-
lution of 512 x 512 px from the image database
[36]. These are the results of the initialization itself
(because the full compression algorithm after the
centroid initialization stage is completed performs
a clearing of block assignments to classes, one iter-
ation of reclassification is run based on Equation 6
to reassign blocks to classes).

Figure 6 shows the convergence of bit average
to the best result measured over 20 quantization
iterations. The vector quantization algorithm using
initialization Method I converges to the best result

_1 -
e point ¢,
-1.5¢ linear regression b, =0.817 * b, + 0.312
— — —perpendicular to linear regression
_2 L 1 1 L 1l 1 1
-2 -1.5 -1 -0.5

0 05 1 15 2
b,

Figure 5. Cloud of points and its division using Method V based on coefficients b, and b,
on the example of a Lennagrey image
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Table 2. Results of proposed initialization methods for

set of 26 images with resolution 512 x 512 px

more slowly, and although both methods yield
quite similar results in later iterations, choosing

4.135— :

Inirtri]a:alitﬁitcijon Entropy [bits/pixel] Eigi ta;\//eirf\:}]e Method 1V as t.he 1n1t1al¥zat101n method produ.ce.s
| e " P " better results with fewer iterations. Therefore, it is
. 1766487
03098 0648 the more advantageous method because of the pos-
Il = columns 4.3819838 41563932 sibility of reducing the number of iterations, which
Il - chessboard 44065037 4.1768435 leads to time optimization of designed solution.
|.|| 4.3835328 4.1574766 The summary of advantages and disadvantages
Vi=1 4.3677179 4.1460818 of described initialization methods is provided in
IVi=2 4.3658215 4.1444784 Table 3
Va 4.3672637 41457003 The final initialization algorithm proposed in
Vb) 4.3674585 41457743 this work combines all the discussed binary par-
vi 4.3711289 4.1498566 titioning methods into a single solution, in which
4,181
a O Method I
4.175F ® Method 1V i=2
4.17r
4.165f
4.16f
g
=)
4.155r
4,151
4.145 o ?
[u]
4.14r . . o
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Figure 6. Convergence of bit average L,to the minimum for vector quantization using initialization Method 1

and Method IV measured over 20 iterations

Table 3. Advantages and disadvantages of initialization Method I-VI

Method Advantages and disadvantages
| — Simple criteria for class division.
— In case of ,chessboard” pattern, the randomness of assignment causes a need for many reclassifications of
1l squares.
— Division into equally wide columns considers individual features of large areas and leads to quite good initialization.
] — Computationally complex.
— Tunes the threshold value to achieve better classification.
\Y — Simple criteria for class division.
— Requires 2 iterations (with centroids recalculation).
— Computationally complex.
V — Must be performed as a first division in the binary tree based initialization algorithm.
— Offers good classification.
VI — Computationally complex.
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First 4 classes (Method V):

1. Set as axis as axis X = by, axis Y = by.

2. Calculate point Cy(by, b,).

3. Calculate regression line and line perpendicular to it going through point €, (Equation 15, 16).
4. Use each quarter to create first set of classes (4 classes).

Binary division of 4 classes from previous step resulting in 8 leaves (Method 1V)

5. Calculate b5 for each class.

6. Divide a set of squares into another 2 classes based on threshold by.

For 2 times perform binary scalar quantization with threshold b tuning:

7. Perform squares reclassification according to the Euclidean distance (where it 1s closer to each individual 3-
th coefticient).

8. Recalculate centroids.

Binary division of 8 classes from previous step resulting in 16 leaves (Method VI).

9. Divide classes using Method VI (Equation 17) producing 16 classes in total.

Binary division of 16 classes from previous step resulting in 32 leaves (Method II1).

10. Calculate predictor C;, which is a global predictor (for the entire image).

11. Divide classes using with Equation 11 to 14 with § = 0.7.

Algorithm 2. Binary tree based initialization algorithm for scenario of k = 32 classes

Table 4. Comparison of bit averages of classical initialization approach and proposed initialization algorithm
(VQ-MMARE)) for a configuration “with” and “without” reclassifications

Parameter Bit average (without reclassification t = 0) Bit average (with ¢t = 0 reclassificaiton)
Image Minimum Maximum Average | VQ-MMAE, | Minimum Maximum Average | VQ-MMAE,
Aerial 4.65170 4.68011 4.66637 4.61499 4.55579 4.56445 4.56060 4.56021
Airfield 4.88953 4.90207 4.89733 4.87100 4.84860 4.85080 4.84952 4.84833

Airplane 3.68304 3.70029 3.68926 3.65302 3.63086 3.63361 3.63229 3.63147
BaboonTMW 5.79288 5.82236 5.80652 5.75278 5.72806 5.73187 5.73031 5.72916
Barb512 4.33713 4.38004 4.36469 4.22400 4.15671 4.17816 4.16526 4.15112
Boat512 4.52979 4.56232 4.54466 4.48834 4.44656 4.45218 4.44974 4.45013
Bridge 3.42209 3.43643 3.42980 3.40500 3.37857 3.38275 3.37974 3.38022
Couple 4.17145 4.19806 4.18331 4.13217 4.10156 4.10703 4.10431 4.10556

Crowd512 3.66730 3.69656 3.67852 3.62564 3.60205 3.60748 3.60434 3.60342
Elaine 4.42575 4.44479 4.43736 4.39752 4.37061 4.37366 4.37234 4.37119
Finger 5.24802 5.25613 5.25246 5.25342 5.22473 5.22720 5.22549 5.22565

Frog512 5.03766 5.04794 5.04366 5.02744 5.00900 5.01236 5.01056 5.00879
Goldhill 4.56216 4.59122 4.57466 4.52686 4.50027 4.50348 4.50164 4.49930
Harbour512 4.34531 4.39197 4.36867 4.31833 4.27930 4.28918 4.28416 4.27548
Lax512 5.61298 5.62415 5.62015 5.58188 5.55750 5.56046 5.55903 5.55923
LenaTMW 4.43561 4.46030 4.44756 4.38342 4.34726 4.35489 4.35009 4.34879
Lennagrey 4.04083 4.06091 4.05136 3.98798 3.94980 3.96390 3.95501 3.95303
Man512 4.34393 4.35837 4.35230 4.28308 4.26276 4.26501 4.26367 4.26276
PeppersTMW 4.32532 4.35703 4.34188 4.29498 4.26532 4.27048 4.26780 4.26889
Sailboat 4.52991 4.55161 4.54013 4.50204 4.48044 4.48947 4.48381 4.48389
Seismic 2.11014 2.12549 2.12029 2.11887 2.08820 2.09250 2.09113 2.08969
Shapes 1.07706 1.17700 1.13068 1.07532 0.99957 1.02200 1.01274 1.00992
Tank512 3.83322 3.84613 3.84069 3.82788 3.81082 3.81226 3.81170 3.81177

Truck512 4.08868 4.10782 4.09800 4.08859 4.07159 4.07391 4.07287 4.07251

Woman1 3.90009 3.93527 3.91905 3.85638 3.81534 3.82184 3.81794 3.81693

Woman2 3.05200 3.06842 3.05962 3.02716 2.99841 3.00314 3.00117 2.99719

Average 4.15821 4.18395 4.17150 4.12762 4.09537 4.10170 4.09836 4.09672
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the division occurs gradually in accordance with
the principle of constructing a complete binary
tree, where each higher-level class is split into
two using next method until the specified num-
ber of k classes is created. The first stage of divi-
sion is done using Method V, with the difference
that a set of 4 classes is created at once instead of
two. The axes of the coordinate system are set as
axis X = b,, axis Y= b , and the division itself is
made simultaneously by the regression line and
the line perpendicular to it, so each quarter vis-
ible in Figure 5 forms a separate class. Further
binary division on these 4 classes into binary
tree leaves is done using Method IV with coef-
ficient b, (b, and b, are already used in Method
V) — resulting in 8 classes in total. Depending
on the required total number of £ classes (see
Table 1), in the next stages of building binary
tree, the next methods are Method VI and 111
consecutively, which leads to trees with 16 and
32 leaves respectively. Algorithm 2 presents
scenario for building £ = 32 classes. If a lower
number of classes is needed, the further divi-
sion is stopped. After completing this hierar-
chical initialization, 20 iterations of the classic
k-means algorithm adapted for lossless image
compression are performed.

A classical approach to dictionary initial-
ization is to randomly select k vectors from the
entire set of data vectors (e.g., blocks in the
case of lossy compression). However, in loss-
less compression, where the elements of the dic-
tionary are not centroids representing groups of
vectors with similar characteristics but predic-
tion coefficients, £ blocks are randomly selected.
Then, for each of these blocks, an r-th order
linear predictor is calculated using the MMAE
method, whose coefficients become the initial
values of the i-th centroid. It is assumed that the
vector quantization (k-means) algorithm con-
verges relatively well to a local minimum if a
sufficiently high number of iterations is used.
Table 4 compares the bit averages achieved by
this classical approach (because the algorithm is
stochastic, each image was encoded 10 times)
with the results of the dictionary initialization
algorithm proposed in this paper. Columns 2, 3,
and 4 present the minimum, maximum, and aver-
age bit averages (from 10 tests) for a given test
image. Column 5 contains the results obtained
after applying the initialization according to
Algorithm 2 (VQ-MMAE, codec). In columns
2-5, the number of vector quantization iterations
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is set to t = 0 to demonstrate the advantage of
the proposed method over the classical initial-
ization approach. In columns 6 through 9 the
same experiment is repeated, but the number
of k-means iterations is set to # = 20. Although
in this case the advantage of using Algorithm 2
over classical initialization is smaller, it is still
noticeable. However, the key aspect is the sig-
nificant acceleration of k-means convergence
owing to heuristic initialization.

The algorithm used in our solution, just like
in MRP 0.5, is k-means, which is a specific case
of fuzzy quantization (fuzzy c-means), offering
slightly lower computational complexity com-
pared to the generalized form. Although mul-
tiple iterations are possible with fuzzy c-means,
in the final stage it is necessary to additionally
perform hard classification, based on the domi-
nant membership value of a square to a given
centroid. Further research is planned to examine
this approach.

METHODS FOR IMPROVING
COMPRESSION EFFICIENCY

Header data compression

Compression of the shades occurring in the
image

In the header section of output file, the infor-
mation about shades present in the original file is
embedded. For 8-bit grayscale images it requires
saving the information about occurrence of all
256 possible shades. For this, it is necessary to
construct a 256-bit occurrence map, where setting
the corresponding bit indicates the presence of a
given shade in the image. This sequence can be
also compressed, by passing it into binary adap-
tive arithmetic coder. In the header one byte is
reserved to save information about total num-
ber Ngrey of shades of original image. Using this

Compression of the centroid numbers assigned to
the consecutive squares

In order to decrease the size of header sec-
tion, where the information about the assignment
of centroid to each square (number from 0 to k—1)
is stored, a compression of these centroid num-
bers is introduced using an adaptive arithmetic
coder. Centroids are sorted in descending order
according to the number of occurrences (number
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of squares using a centroid), and new indices are
assigned to them. Arithmetic coder is initialized
with a geometric distribution with /= 4:

N.() =|f-075 +1 (18)

where: i — number between 0 and &k — 1, f— ampli-
tude initializing vector of occurrences.

After encoding consecutive indices, the dis-
tribution is updated, to adjust to the local char-
acteristics of encoded image. After total count of
occurrences exceeds threshold of 2%, all elements
from vector of occurrences are halved (which is a
cyclic forgetting mechanism).

Prediction errors mapping

Although the range of prediction errors is
<-255; 255>, in special cases it is possible to
reduce it when an assumption is made that pre-
dicted value cannot be negative or greater than
Ngrey — 1. The proposed solution uses an algorithm
to reduce the range of prediction errors described
in detail in [34]. Reduced range can have a posi-
tive impact on improving the efficiency of adap-
tive coding. Probability distribution symmetry of
predicted values X, varies depending on x . For
example, a distribution for x = 40 is shown in the
Figure 7, where the part forming long tail and goes

beyond the symmetry is marked in red (for values
greater than 80). To transform the distribution into
symmetric and decrease mean absolute error, the
values from ,.tail” can be casted alternatingly (odd
and even values are placed on the extensions of
both blue lines).

Constant component removal

Although linear prediction tailored to the local
area (8 x 8 px square) offers high efficiency in
predicting the value of X,,, it is possible to make
an additional adjustment. In many solutions (e.g.
in JPEG-LS and CALIC codecs) it is proposed
to utilize adaptive method for constant compo-
nent removal (bias cancelation), also known as
context-based error correction techniques. By
introducing additional block Context-Dependent
Constant Component Removing (CDCCR) which
removes constant component C . associated with
a certain context, it is possible to further improve
prediction efficiency. Removing a C . associated
with one of the 1024 contexts results in a slight
modification of the Equation 2:

em = Xm — [fm + Cmix] (19)

where: X, is determined as a predicted value
based on a linear prediction tuned to a
given square (class).

0.06

0.05

0.04

0.03

Probability of x,

0.02

0.01

255

Xm

Figure 7. Theoretical probability distribution of predicted values ¥, for x = 40. The “long tail” located outside
region of symmetry is marked in red
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Other details, including the remaining stages
of prediction error encoding (Golomb code and
context adaptive arithmetic coder) and the data
processing flow used for encoding single pixel pre-
sented in the Figure 8, which are used in proposed
solution are described in [34].

Compression efficiency

The most well-known example of a codec
with a short decoding time, which is based on
vector quantization is MRP 0.5 [28]. For MRP
0.5, the encoding time of Lennagrey image with
a resolution of 512 x 512 px is 565.584 s. (in
optimized mode “-0”). Result achieved using
AMD Ryzen 7 5700x 3.4GHz, 32GB RAM, Win-
dows 10, compiler MinGW 11.0 (-funroll-loops
-O4), single threaded code. Although there are
extensions of this codec, namely xMRP [37],
GPR-BP [38], and MRP-SSP [39], they are
characterized by even higher implementation
complexity of the encoder (even longer encod-
ing time). Our solution named VQ-MMAE,
[40], simplifies the entire quantization process
compared with the method presented in [41] (in
Tables 6 and 8, it is presented under the name
VQ- MMAE),). This is due to the introduction
of efficient dictionary initialization needed by
vector quantization. Encoding time of an image
with 512 x 512 px resolution has decreased from
263.837 s. to 178.213 s, which is an improve-
ment of 32%. It should be emphasized that
owing to the proposed method in VQ-MMAE,,
the total number of iterations of k-means algo-
rithm is reduced from 48 to 20 compared with

P(0) N

VQ-MMAE, Currently, the dictionary initializa-
tion time accounts for 10.91% of the total image
compression time, whereas the main diction-
ary construction procedure (k-means) requires
74.74% of the time. The remaining 14.2% is
taken up by loading and preliminary data prep-
aration, and only 0.15% by the final output
file generation procedure (final compression).
Assuming that N is the number of image pixels,
a single iteration of k-means requires N - r - k
multiplications and additions to be performed.
Therefore, the complexity of one k-means itera-
tion is O(N - r - k), whereas the complexity of
hierarchical initialization, considering all its
stages, can be estimated as less than 3 k-means
iterations. Despite the significant acceleration of
encoding, the compression efficiency has further
increased, as shown in Tables 5-10. Therefore,
the proposed solution is more than three times
faster than MRP 0.5 optimized (command line
argument “-0” offering the highest efficiency). In
addition, the advantage of VQ-MMAE, is a rela-
tively short decoding time of 0.335 s. The pro-
posed solution, similar to MRP 0.5 presented 20
years earlier, is characterized by a long encod-
ing time. The optimization of the code (includ-
ing its parallelization) is planned for the next
phase of codec development. Combined with
the ever-increasing performance of computers,
this may eventually result in the final version
of VQ-MMAE offering an acceptable execu-
tion time for archiving image databases, where
multiprocessor systems are capable of encoding
many images simultaneously in parallel. There
are also plans to implement reversible image

g

Prediction block

0) Bit stream Bit stream’
> Golomb code CABAC

Figure 8. Compression scheme used in proposed codec

Table 5. Bit average based on a database of 45 standard test images for different codecs [36]

Codec WebP [43] WebP2 [44] Pngcrush [45] | JPEG-XL[46] AVIF [47] FLIF [48]
Average 4.205 4.269 4.719 4.123 4.802 4.324
Table 6. Table 5 (continuation with results of other codecs)
Codec MRP [49] MRP optimized VQ-MMAE, VQ-MMAE,
Average 4.058 4.022 3.983 3.971
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transformation for the purpose of color image
compression, thanks to which it is possible to
independently and simultaneously encode the
luminance and chrominance components in a
highly efficient manner. An analysis of this type
of transformation is discussed in [42]. Table 9
and 10 presents a comparison of bit averages of

not only classical codecs (the non-learning cate-
gory), but also those representing the deep learn-
ing category (L3C, CWPLIC, LCIC duplex).
Based on this list, it can be observed that the
solution we propose offers an average of 7.22%
lower bit average compared to JPEG-LS. Both
the training dataset and the test image sets

Table 7. Bit average results for 16 images with various characteristics (from set of 45 images)

Codec
Image WebP WebP2 Pngcrush JPEG-XL AVIF FLIF
Airfield 5.09 5.08 5.82 4.92 5.10 6.04
Balloon 2.90 2.92 3.25 2.76 2.87 3.05
Bridge 3.58 3.54 4.26 3.42 3.62 6.09
Couple256 3.71 3.68 4.15 3.56 3.78 4.03
Earth 2.94 2.92 3.37 2.83 2.99 3.58
Elif 317 3.14 3.60 3.00 3.18 3.51
Frog512 3.53 6.90 7.05 6.85 6.94 7.95
Gold 4.46 4.45 4.68 4.35 4.51 4.73
Lennagrey 413 413 4.60 4.03 4.28 4.40
Noisesquare 5.09 5.09 5.76 5.24 5.34 5.62
Seismic 2.95 2.92 3.14 2.73 2.79 3.25
Sensin 3.75 3.74 4.25 3.53 3.72 4.16
Shapes 1.00 0.99 1.18 0.71 0.83 1.21
Tank512 3.97 3.96 4.88 3.82 3.95 5.04
Truck512 4.18 4.14 4.76 4.00 4.21 4.90
Woman2 3.20 3.22 3.68 3.05 3.22 3.46
Table 8. Table 7 (continuation with results of other codecs)
Codec
Image MRP MRP optimized VQ-MMAE, VQ-MMAE,
Airfield 5.35 5.32 4.86 4.85
Balloon 2.60 2.58 2.66 2.66
Bridge 5.34 5.28 3.38 3.38
Couple256 3.41 3.39 3.51 3.50
Earth 3.06 3.04 2.86 2.85
Elif 2.63 2.62 2.67 2.66
Frog512 5.94 5.90 5.02 5.01
Gold 4.23 4.21 4.28 4.27
Lennagrey 3.91 3.89 3.96 3.95
Noisesquare 5.31 5.27 5.31 5.26
Seismic 2.07 2.05 2.10 2.09
Sensin 3.10 3.09 3.14 3.14
Shapes 0.76 0.70 1.03 1.01
Tank512 4.66 4.64 3.82 3.81
Truck512 4.42 4.40 4.08 4.07
Woman2 2.94 2.92 3.00 3.00
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included images with various characteristics
(natural ones from cameras and digital devices,
with low and high levels of noise, as well as
artificially generated ones). The proposed solu-
tion is mainly targeted at images obtained from
digital cameras (with varying levels of noise),
similarly to the commonly used WebP codec,
as confirmed by the results for individual test
images compared to JPEG-LS. For example, for
Barbara image (with textured fragments), our
codec achieved a bit average lower by 16.38%.
However, for artificially generated images such
as Comic (with many smooth tonal transitions
and no noise), the advantage of VQ-MMAE, is

no longer as noticeable, and in the case of both
WebP versions, the result was actually worse
compared to JPEG-LS. The tests did not reveal
any case in which VQ-MMAE, was inferior to
JPEG-LS (Table 9 and 10).

From the set of 45 test images used in
Tables 5 and 6, 16 images with various char-
acteristics and resolutions were selected, with
detailed results presented in Tables 7 and 8. This
allows for a more in-depth demonstration that
some codecs perform better or worse, depend-
ing on the features of the image. For example,
not every codec uses the fact that some colors
from the full 256-value palette do not appear in

Table 9. Bit average based on a test image dataset from paper [22]

Codec
Image BPG PNG LCIC JPEG 2000 JPEG-LS JPEG-XL AVIF FLIF
Airplane 4.32 4.26 3.99 4.00 3.80 3.71 418 3.82
Barbara 5.06 5.22 4.61 4.61 4.70 4.40 4.95 4.55
Coastguard 5.70 5.06 4.82 4.83 4.86 4.73 5.21 4.92
Comic 6.15 5.84 5.63 5.65 5.30 5.07 6.21 5.50
Flowers 5.18 5.08 4.91 4.92 4.62 4.51 5.18 4.73
Goldhill 4.95 4.70 4.58 4.59 4.43 4.37 4.75 4.50
Lennagrey 4.54 4.61 4.31 4.31 4.24 4.16 4.40 4.28
Mandrill 6.61 6.23 6.11 6.11 6.04 5.98 6.62 6.14
Monarch 4.10 4.26 3.82 3.82 3.70 3.54 4.02 3.66
Pepper 4.77 4.90 4.63 4.63 4.51 4.48 4.71 4.58
Ppt3 2.20 2.35 2.41 2.41 2.04 1.84 2.26 1.88
Zebra 5.83 5.19 4.89 4.89 4.81 4.66 5.38 4.85
Average 4.951 4.808 4.559 4.564 4.421 4.288 4.823 4.448
Table 10. Table 9 (continuation with results of other codecs)
Codec
Image WebP WebP2 L3C CWPLIC LCIC duplex | VQ-MMAE, VQ-MMAE,
Airplane 3.86 3.84 4.56 3.69 3.69 3.63 3.61
Barbara 4.52 4.51 5.44 4.35 4.36 3.94 3.93
Coastguard 4.81 4.81 5.82 4.80 4.83 4.41 4.41
Comic 5.40 5.39 6.60 4.83 4.83 5.01 5.00
Flowers 4.72 4.71 5.53 4.41 4.35 4.38 4.39
Goldhill 4.46 4.42 5.27 4.33 4.33 4.22 4.22
Lennagrey 413 413 4.95 413 4.08 3.96 3.95
Mandrill 5.89 5.90 6.97 5.95 5.89 5.74 5.73
Monarch 3.70 3.72 4.37 3.40 3.45 3.42 3.41
Pepper 4.46 4.47 5.38 4.67 4.38 4.28 4.26
Ppt3 2.02 2.01 3.71 2.14 2.07 1.93 1.90
Zebra 4.85 4.85 6.08 4.65 4.68 4.36 4.41
Average 4.402 4.397 5.390 4.279 4.245 4113 4.102
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individual images (e.g., Airfield, Tank512). In
such cases, even codecs with lower implemen-
tation complexity such as WebP or JPEG-XL
perform better than MRP 0.5. A similar situation
occurs with the Noisesquare image, which is an
artificially generated image with a high level of
added noise. However, in the vast majority of
cases, the MRP and VQ-MMAE codecs are able
to gain an advantage, as confirmed by the aggre-
gate results from Tables 5 and 6.

In the case of specific categories, such as
medical images, there are too many similarities
between the individual images. Therefore, to
avoid the well-known issue of overfitting known
from neural networks, we ensured not to tune the
codec parameters for this purpose. Nevertheless,
encoding this type of images with VQ-MMAE, is
not a problem.

CONCLUSIONS

Various lossless image compression meth-
ods have been developed over the past 30 years.
They can be divided depending on used basic
coding mechanisms or depending on the imple-
mentation complexity of both coder and decoder.
In most cases, certain limits are set, especially
those related to the execution time of the encod-
ing and decoding.

In this paper, we proposed a solution based
on dividing the image into blocks of 8 x 8 pixels
and vector quantization. To increase compres-
sion efficiency a linear prediction was used with
a fast algorithm to minimize absolute error called
IRLS, and this approach is our original idea. Pro-
posed codec is characterized by a relatively fast
decoding time, while offering high compression
efficiency. The achieved bit average is 7.22%
lower than that of the widely known JPEG-LS.
However, this comes at a considerable computa-
tional cost during encoding stage, which affects
the compression time. This is due to the use of
algorithms based on vector quantization. To pre-
vent (to some extent) the negative effects from
the user’s perspective, a novel method of dic-
tionary initialization was proposed. As a result,
compared to the previous version of VQ-MMAE
codec, a significant acceleration of computation
(on average faster by 32%) was achieved, while
simultaneously increasing compression efficien-
cy, as confirmed by tests performed using a set
of test images.
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