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Abstract. The study addresses the development of intelligent services for the transmission of infrared (IR) imagery, with a focus on the generation
and exploitation of semantic metadata that reflects the informativeness and spatial structure of image regions. Such metadata facilitates classification
of object types and states and supports the selection of informative fragments within IR frames. These functionalities are particularly relevant
in applications involving unmanned onboard systems, where tasks such as dynamic object tracking and autonomous navigation impose stringent
requirements on the timeliness and fidelity of visual data. With the increasing complexity of operational scenarios, the demands for high information
completeness — such as higher frame rates, improved resolution, and reduced distortion — place significant burdens on infocommunication subsystems.
This induces a fundamental conflict between the need for low-latency transmission and the preservation of the structural integrity of IR data. To address
this issue, the paper formulates a new scientific and applied objective: to enhance the quality of IR-based intelligent services through the design
of a positional coding method in differential wave space. The proposed method operates by hierarchically segmenting IR images to localize structurally
homogeneous regions, applying differential wave transformations to capture local contrast dynamics, and encoding positional information relative
to wavelet-domain variations. This positional representation enables spectral-differential group coding, which effectively reduces bit volume while
preserving spatial-semantic features. An experimental evaluation using the Open Turbulent Image Set (OTIS) — consisting of PNG-encoded IR images with
varying levels of informativeness — demonstrated an average bit volume reduction of approximately 37%. Comparative analysis with JPEG2000 encoding
of 16-bit images revealed a 25% gain in compression ratio while maintaining equivalent PSNR values.

Keywords: speed of delivery of infrared images, spectral-wave domain, bit volume reduction, spectral group coding, semantic frame integrity, frame segmentation
METODA KODOWANIA POZYCYJNEGO W DIFERENCYJNEJ PRZESTRZENI FALOWEJ

Streszczenie. Badanie dotyczy rozwoju inteligentnych ustug w zakresie transmisji obrazéw w podczerwieni (IR), ze szczegélnym uwzglednieniem
generowania i wykorzystania metadanych semantycznych, ktore odzwierciedlajq informacyjnosé i strukture przestrzenng obszaréw obrazu. Metadane takie
utatwiajq klasyfikacje typow i stanéw obiektow oraz wspierajq wybor fragmentow zawierajgcych informacje w ramach klatek IR. Funkcje te sq szczegolnie
istotne w zastosowaniach zwigzanych z bezzatogowymi systemami poktadowymi, gdzie zadania takie jak dynamiczne sledzenie obiektow i autonomiczna
nawigacja naktadajg surowe wymagania dotyczqce aktualnosci i wiernosci danych wizualnych. Wraz ze wzrostem zlozonosci scenariuszy operacyjnych,
wymagania dotyczqce wysokiej kompletnosci informacji — takie jak wyzsza czestotliwosé klatek, lepsza rozdzielczosé i mniejsze znieksztalcenia — stanowiq
znaczne obcigzenie dla podsystemow infokomunikacyjnych. Powoduje to fundamentalny konflikt miedzy potrzebq transmisji o niskim opozZnieniu
a zachowaniem integralnosci strukturalnej danych IR. Aby rozwigza¢ ten problem, w artykule sformutowano nowy cel naukowy i praktyczny: poprawa
JjakoSci inteligentnych ustug opartych na IR poprzez zaprojektowanie metody kodowania pozycyjnego w przestrzeni fal réznicowych. Proponowana metoda
dziala poprzez hierarchiczng segmentacje obrazéw IR w celu zlokalizowania obszaréw o jednorodnej strukturze, zastosowanie transformacji fal
roznicowych w celu uchwycenia lokalnej dynamiki kontrastu oraz kodowanie informacji o polozeniu wzgledem zmian w dziedzinie falowej.
Ta reprezentacja polozenia umozliwia spektralno-roinicowe kodowanie grupowe, ktore skutecznie zmniejsza objetos¢ bitowg przy zachowaniu cech
semantycznych przestrzeni. Ocena eksperymentalna z wykorzystaniem zestawu Open Turbulent Image Set (OTIS) — skfadajgcego si¢ z obrazéw IR
zakodowanych w formacie PNG o roinym poziomie informacyjnosci — wykazata sredniq redukcje objetosci bitow o okoto 37%. Analiza poréwnawcza
z kodowaniem JPEG2000 obrazow 16-bitowych wykazala 25% wzrost wspotczynnika kompresji przy zachowaniu rownowaznych wartosci PSNR.

Stowa kluczowe: szybkos¢ dostarczania obrazow w podczerwieni, dziedzina fal spektralnych, redukcja objgtoscei bitow, kodowanie grup spektralnych, integralno§¢ ram
semantycznych, segmentacja ram

Accordingly, in general, it is necessary to provide
an informational resource with the required level of quality

Introduction

The current state of infocommunication technologies tends
towards their intellectualization. This is driven by the develop-
ment of the theoretical base and the performance of computing
systems (hardware and technological base).

This characteristic trend also applies to technologies related
to providing visual information services. Visual information
includes information channels formed by the following sources:
optoelectronic, infrared (thermal), radar, and television. Each
of these information channels has distinctive features for its
applied use. The integrated use of various types of visual
information sources creates conditions for obtaining the most
comprehensive and reliable information about monitoring
or research objects.

Recently, practical applications indicate that the infrared
channel is one of the important sources of visual information. This
is due to the following characteristic factors of thermal channels:

e detection of objects that do not have radar contrast and are
not detected by devices operating in the visible range
of the spectrum (for example, at night);

e detection of objects camouflaged under nets, including small
objects, as well as distinguishing real objects from false ones
based on the difference in "object-background" emission
intensity;

e revealing and identifying the presence of equipment
and vehicles in areas of concentration and movement.

attributes upon user request. In the case of intelligent information

services, it becomes possible to additionally provide metadata.

Metadata is generated based on the results of intelligent analysis

of infrared (IR) images. The result of intelligent analysis of IR

images may include [1, 2]:

e identification of image fragments based on their level
of informativeness;

o identification of objects in the image;

e recognition of the class and condition of objects of interest;

o clustering and/or typification of a set of heterogeneous objects
in operational areas;

e additional information as a component of overall visual

monitoring.

These processes are used in the following applied tasks [3, 5]:

detection of objects of interest during remote monitoring;

creation of databases of thermal profiles of targets;

predicting the behavioral dynamics of objects;

semantic search for objects of interest in IRI databases;

selective protection of infrared image fragments;

positioning of dynamic objects and tracking them with

the ability to map their location.

e autonomous guidance (self-guidance) of robotic on-board
systems relative to objects of interest;

o artificial vision systems.
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In turn, users of infrared technology can include:

a decision-making person;
¢ information systems (machine complexes).

Currently, automated and autonomous modes are used
depending on the class of applied tasks. A relevant and significant
example here is the solution of applied tasks using on-board
systems [1, 3, 5].

Most often, onboard systems are used for:

e obtaining information regarding remote monitoring (control)
areas;

e remote detection, classification, and analysis of objects
of interest;

e detection and tracking of dynamic objects.

Then, along with the speed of delivery of IRI, it is important
to ensure the required level of their completeness, integrity
and relevance. Therefore, requirements for the following increase:
e increasing the number of updated frames of the IR image

resource that are generated and transmitted per unit of time;

o limiting the distortions introduced during the processing of IR
images;

e increasing the number of pixels used to describe monitoring
objects.

This results in a significant increase in the informational load
on infocommunication systems regarding data processing
and transmission.

Thus, there is a contradiction between the requirements
for quality characteristics, namely:

e the timeliness of delivering the stream of IR images
and the corresponding need for their compact representation;

e the integrity of IR images and the corresponding limitations
on the use of processing technologies, which are associated
with the introduction of distortions.

Therefore, a relevant scientific and applied task is to enhance
the quality characteristics of providing intelligent information
services based on IR sources in applied tasks using onboard
systems.

Currently, technologies for image processing with elements
of intelligent analysis are being developed and applied to solve
such tasks. These include: JPEG2000, PNG. The main directions
of technological developments in this area are as follows: [7-19,
21, 277:

1. localization of homogeneous areas within the frame;

2. application of a model for describing impulse information,
which can generally be used to separate the noise component
from the information of small objects;

3. determination of object classes and their group description
in IR images;

4. use of a package of typical objects and technologies for their
detection in frames;

5. technologies for interpolative description of background areas

in IR images.

At the same time, such technological mechanisms
are [20, 22, 23]:
1. complex from the perspective of computational

implementation;

2. low-effective in the case of processing IR images: with
atypical content, such as in the case of preliminary monitoring
of operational areas with a high level of saturation of a priori
undefined objects; with a complex topology of the mutual
arrangement of a large number of heterogeneous objects;

3. and those accompanied by distortions that lead to the
exclusion of the possibility of reverse recovery of the semantic
components of the frames.

Therefore, in modern technologies for encoding IR images,
it is necessary to use methods for encoding pre-intellectually
localized fragments of infrared images with the property of further
increasing the level of compression of local fragments of frames
while maintaining the required level of their integrity.

Thus, the goal of the research presented in the article
is to develop a method for group coding of data in the spectral-
wave space.
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1. Development a positional coding method
in differential wave space

To reduce the bit volume, it is proposed to use coding that will
allow homogeneous segments of the image to be represented with
spectral-group codes.

Homogeneity refers to the degree of correlation between
neighboring pixels in an image. Therefore, the coding of such
correlated pixels in the form of segments makes it possible
to represent them in a smaller bit volume.

Spectral-group codes will be formed as a result of encoding
groups of values from the spectral domain of the image.
As a result of replacing the area with one code, the bit volume
of the segment will be reduced.

Let's consider the input IR image as a two-dimensional matrix
%Y Then I%Y) is a segment of size 8 by 8 values, where
(x, y) represent coordinates of the segment. For better localization
of homogeneous areas of the image, it is proposed to divide
the segment 1%Y) onto four mini-segments I,(:"z) of size 4 by 4,
where (m,n) are coordinates of the mini-segment inside
the segment 1Y), In turn, the value from the mini-segment I,(:"z)

(xy)

is addressed as I, (r,k), where (r,k) are coordinates

of the value in the mini-segment Ir(:,}f) . The described hierarchy
of segments can be represented by the diagram in Fig. 1.
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165 | 165 | 168 172 [17

177 172 | 168 1y

176 | 173 | 169
164 | 166 | 170 176 | 479
162 | 166 | 172

171|172 | 175

8
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4

Fig. 1. Scheme of image segmentation

To reduce the vrange of wvalues, we take into

account the correlation dependence of the elements I%ﬁ')(r,k)

in the mini-segment IE%‘,'}{). Let's convert the mini-segments into
a difference space. For this, it is necessary to define the minimum
element in the mini-segment aST’]"'g’) .

min  {I%Y (k) } @)
L U
Let's transform the elements of the

X.y) _
i

mini-segment
IET{'Q{) into a difference space I' S,{ﬁ’) using the following formula:

MK =162 0.6 - i) )
where: Iﬁ;‘,ﬁ')(r,k) is a value from the mini-segment, where r, k

are coordinates in the mini-segment, I'E%‘,ﬁ’)(r,k) is received
a difference value element.
Considering that 13 (r,k) € 1Y) form a mini-segment
in the difference space from the obtained elements:
Gk e 150 =1 G- (P (@.9) » @3)

where ' Q{ﬁ’) is a mini-segment in the difference space.
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Due to difference coding,

the minimum element in the mini segment a%ﬁ’) and 0

excess energy between

is eliminated. However, there remains a spatial redundancy
that also needs to be eliminated.
To do this, it is proposed to transform the difference mini-

segment I'%,ﬁ’) from the spatial domain to the time-spectral

domain. This can be achieved by various methods, but the Haar

wavelet transform will be used [24-26]. It has a number

of advantages:

1. Low computational complexity allows data to be encoded
and decoded with lower time delays.

2. Local properties, in contrast to integral  ones,
as in the discrete cosine transformation, allow the spectrum
to be presented at low and high frequencies. Using
that, additional correlation dependencies can be taken into
account.

Let's represent the application of the Haar wavelet transform
as a functional HT:

HT(RAY) = {HSERR) (L), HDRR 3 4)
where: 1Y) is the difference mini-segment to which HT
is applied; HDQ'Y) is the group of high-frequency values that

is calculated based on half differences; HS%{%’)(L) is the latest
low-frequency value that is calculated based on half sums.
The low-frequency values HS{Y)(L) and high-frequency

HD&Y) significantly differ between each other. More precisely

the values HDQ'Y) are lesser than HS{¥)(L). This is justified

by the fact that high-frequency values have detailing properties
and are obtained as a result of half-difference operations.
And low-frequency values are obtained as a result of half-sums.
Accordingly, the dynamic range is greater for low-frequency

values HSQ,‘;ny)(L) than for high-frequency values HDE{{;,%’).

low-frequency values HSE{%’ ) (L)

is illustrated in the histogram (Fig. 3), built on the basis of the data
obtained after applying the Haar wavelet to the difference mini-
segment.

The histogram shows the dynamic range of low and high
frequencies:
e columns H1..H15 correspond to the module of high-

frequency values |HDGY) |;

The difference in

e column L16 corresponds to the low-frequency value

(x,y)
HSya7 (L)
6
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Fig. 2. Diagram of the dependence of low and high frequencies

In the given histogram, the low-frequency value HSQ,‘;ny)(L)

much more than the maximum high frequency | HD%‘,’%’) |.

This significant difference must be taken into account,
as it can affect the efficiency of subsequent encoding.
Accordingly, coding must be performed with consideration
of frequencies dynamic ranges. To do this, we will separate
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the low-frequency values HS%’%”(L) into the separate group

HS*Y)  corresponding to the segment 1*Y). As result
the segment 1Y) will be represented by a group of latest low-
frequency values HS®Y) and groups of high-frequency values
HDY).

To decode the difference mini-segment 1'(¥) among
the low frequencies, only the final low-frequency value
is necessary HSfﬁ,‘;g’)(L). Therefore, the formation of a group

of low-frequency values HS®Y for a segment includes only
the final low-frequency values:

HS® ¥ =
— (x,y) (x,y) (x,¥) (x,y) ©)
={ HS}” (L), HS;3” (L), HS;:” (L), HS;5” (L) }
Groups of low-frequency values HS®Y and high-frequency
values HDY'Y) from the each segment 1®¥) need to be trans-

formed into a more compact form. That is, to reduce their
bit volume.

For that group of low-frequency values HS* of the segment
1%¥) is proposed to code using the following formula of spectral-
group coding:

GC(HS™Y) =

len(Hs*¥))

>

g=1

floor (HS™¥) (g)) - ﬂoor(ﬁ)len(Hs(x,m)_g

= omax {HS®Y(g)} (6)
HS(X’y)(g) e HS(X’y)

where: g is the maximum element in the group of low-frequency
values HS*Y): HS®¥)(g) is an element from the group of low-
frequency values HS™Y) with serial number g; len(HS*Y)
is the number of elements in the group of low-frequency values
HS®Y).  Corresponds to the number of mini-segments
in a segment 1%Y; GC(HS®*Y) is a group code from a set
of low-frequency values HS*Y),

In a similar way, we will apply spectral-group coding to each

group of high-frequency values HDSﬁ,‘;g’) from each mini-segment
|$§;ny> according to the following formula:
GC(HD{Y) =
len(HD{Y))

-y

g=1

flOOf(I HD[E]XV)(g) |) . ﬂOOr(5)Ien(HDr(nxfn”)fg )

,n

= max {/HD{(9)}

HD{'Y) (9) € HDGY

len(HDEY)=M - N-1 ©)
where: § is the maximum element in the set of high-frequency
values HD{Y) modulo; HD{"Y)(g) is an element in the set

of high-frequency values HDE{{;%’) with the ordinal number g;

Ien(HDQ{;ﬁ’)) is the number of elements in the group of high-

1Y) .
mn’

frequency  values HD%;}{) of  mini-segment

GC(HDYY)) is a group code from a set of values HD{Y) .

The above formulas use an operation floor to separate
the integer from the remainder. For example floor(4.75) = 4.
Saving the remainder for lossless data recovery will be considered
separately.

As a result of coding, each segment 1*¥) will be represented
by a low-frequency code of values GC(HS*Y) and codes

of high-frequency values GC(HD%‘;X)) according to each mini-

(xy)
segment I, , .
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. xy) (x.y) ..
The selection of the I 8x8 segment and I, ," 4x4 mini-

segment structure in the proposed coding method is driven
by the need to balance spatial correlation modeling.
An 8x8 segment provides a sufficiently large spatial context
to exploit inter-pixel correlation while keeping the number
of Haar-transform calls and memory accesses low, thereby
minimizing algorithmic overhead. Within each segment,
the use of 4x4 mini-segments enables more precise localization
of homogeneous regions and allows the differential transformation
to operate on smaller, structurally coherent units. This reduces
the dynamic range of values prior to wavelet conversion,
decreases energy in high-frequency components, and improves
the effectiveness of spectral-group coding. The hierarchical
decomposition thus represents an optimal compromise.
Alternative block sizes were considered. However, 2x2 regions
are too small to justify the transform and grouping overhead,
and 16x16 regions violate the local homogeneity assumption,
degrading spectral grouping performance. Smaller blocks offer
finer structural adaptation but introduce excessive processing
overhead, while larger blocks yield lower overhead but fail
to model local variations adequately, resulting in reduced
compression efficiency.

For images whose dimensions are not divisible by the segment
size, border areas are completed using edge replication, where
the last row and column are repeated to fill the final segments.
This follows the boundary-handling strategy used in standard
block-based codecs such as JPEG. The padding is internal
to the encoder and removed after decoding.

Adaptive block sizes could potentially enhance content-driven
localization, such mechanisms increase computational complexity
and are therefore reserved for future research.

Key introduced and used mathematical expressions are
described in the Table 1.

Table 1. Key expressions description

IAPGOS 1/2026

Expression Description
1) Segment of size 8 by 8 values, where (X, y) represent coordinates
of the segment.
| Mini-segments of size 4 by 4, where (m, n) are coordinates inside
ma the segment 1*Y),
1 (1K) Pixel value from the mini-segment I(myn’ , where (r, k) are
Inn
coordinates of the value.
a‘”’ Minimum element in the mini-segment.
U Difference space mini-segment.
mn
HT(1%2) Haar wavelet transform.
HD®Y Group of high-frequency values.
mn
HS(;\; 2(L) Latest low-frequency value.
HS®Y) Group of low-frequency values.
GC(HS™) Group code from a set of values GC(HS™).
GC(HD%Y) Group code from a set of values HD%” .

2. Example application of the developed method

Consider image segmentation
a matrix as a segment:
173 170

163 165
165 165
oy 177 172
176 173
164 166
162 166
171 171

using examples. Let's take

168
168
168
168
169
170
172
172

169
173
172
167
168
176
178
175

171
176
175
170
171
179
181
178

174
174
174
174
175
177
178
179

175
169
170
177
177
171
170
176

175
165
167
178
178
166
164
173

®)
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Accordingly, in the role of a mini-segment |£’11,1) will

be the following matrix:

173 170 168 169

@y 163 165 168 173

'1,i = 9)
165 165 168 172
177 172 168 167

Values from the mini-segment Afl’l) can be obtained

as follows:

119 (1,2)=163; |

159 wy=173; 115 (2. =170

159 (2,2) =165

Let's consider an example of conversion into the difference

space of a mini-segment

1@
11

formula (9). The minimum value

of the mini-segment I(ll) is Otu )(11) =163..

A mini-segment in the difference space A}

(1 b is formed from

the generated difference values (Fig. 3).

173
[ 163
L7165

177

170
165
165
172

168
168
168
168

Fig. 3. Scheme of a difference mini-segment

10! 7 Y0 1
E> l.(11) 0 2 105
0 01 5
1227 1 0

1'%Y creation

The next step is to convert the difference mini-segment 1" (1 Y

into the spectral domain using the Haar wavelet transform.

HT(I'fl‘l)). Initial group of low-frequency values HS, is equal

to the mini-segment values:

HS,

9 =
(9 =
9 =
(9 =
9 =
9=

(1) _
ly =

10

|+ (4D 0
0

11 =HS, =

(10)

o N N

01
0 5
15

12 7 1 0
Calculation of a group of values HS; is performed as follows:

={
(P =

L+ _

10+7 _g5:

2

L@+ L4 _

2
5+6

2

L)+ Ly(6) _

=55
2

0+2

2

L) +L,(®) _

=2;
2

5+10

2

L (9 +L,0) _

=7.5;
2

2+2 (11)

2

2

5+9

2

LAY +L,@2) _

Lo(13)+L,(14) _14+9

2

2

Ly(15) + L, (16) _

=11.5;

5+4

2

=45;
2
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And the calculation of a group of values HD;:
H, ={
po - L@-L@ _7-10_ o
2 2
o~ L@ -LE _6-5_
2 2
hs(l) _ L, (6) — Ly (5) _ 2-0 -1
2 2
o~ L®-L() _10-5_,
2 2 (12)
h(l) _ LO(]'O)_ LO(g) _ 2-2 =0:
5 - - Y
2 2
h(l) _ L0(12)_ LO(ll) _ 9_5 _ 2
5 - - &
2 2
h7(1) _ L, (14)-L,(13) _ 9-14 _ 25
2 2
he = L0(16);L0(15) _ 4;5 _ 05

}={-15;05;1;25;0;2; -25; -05}

Having received the values HS; and HD; we can proceed
to the next iteration, when i=2. It consists in calculation HS,
and HD; based on the obtained low-frequency values HS;.
In this way, the calculation of half-sums (11) and half-differences
(12) should be repeated until the final low-frequency value
is obtained.

The result of applying the Haar wavelet to the difference mini-

segment I'fl’l):
HSﬁ”(L) = 3.1875;
HD&Y ={
0.3125; -1.375; 1.75; -1.5;
3.25; 2.5; -3.5; -1.5; 0.5;
1.0; 2.5; 0.0; 2.0; -2.5; -0.5;
}.

where: HSﬁn (L) is the final low-frequency value after applying

HT(1') =

. - (%))
the Haar wavelet to the difference mini-segment I'fl’l) ; HDy;

is a set of high-frequency values after applying the Haar wavelet
to the difference mini-segment I'ill’l) .

The values obtained after applying the Haar wavelet
to the difference mini-segments from the segment [P
are displayed on Fig. 4.

Figure 4 shows:

. I'f’ll), I'f‘zl), Iglll) Iglzl) are difference mini-segments
are formed from the segment 1%;

. HDf‘ll) is received high-frequency values group after
applying the Haar wavelet to the difference mini-segment
By

. HDf’Zl) is received high-frequency values group after
applying the Haar wavelet to the difference mini-segment
By

. HDgl"ll) is received high-frequency values group after

applying the Haar wavelet to the difference mini-segment

.
2,1
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HD%‘? is received high-frequency values group after
applying the Haar wavelet to the difference mini-segment
@y

2,2

Hsf’ll)(L) is received low-frequency value after applying

the Haar wavelet to the difference mini-segment I'ilil) ;

Hsf'zl)(L) is received low-frequency value after applying

the Haar wavelet to the difference mini-segment I'f’zl) ;

Hsgl"ll)(L) is received low-frequency value after applying

the Haar wavelet to the difference mini-segment |(2111) ;

Hsgly'zl)(L) is received low-frequency value after applying

the Haar wavelet to the difference mini-segment I(lel) .

w1 _y
”DLI =1
31
28552
.0; 2.5; 0.0; 2.0; -2.5: -0.5;

HD{P ={
s: -1.375: 1.75: -1.5: 0.375; -1.375; 1.625; 1.25;
5 -3.5: -1.5: 0.5: -4.0; -3.0: 2.75; 1.5. 0.0
-1.0; -2.0; -0.5; -1.5; 2.0; 0.5;

w o
¥

1
|
} i

'Y
Y

Hs{(L) =5.9375 A (HsgP@)=1.75

10|7|s|6]66|9|10]10 t

l

(LD V(L)
' L2

I,(1151)

rgp

I I 0 a4 10 | 16 ) 17 | 14 6 0 [

©

v | | v
HS(D (L) =8.5625 oo |w|nfuls|n [HS®D (1) =10.5625
e v v

Y -
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Fig. 4. Scheme of applying the Haar wavelet to the difference segment

Let's consider an example of forming a set of low-frequency
values HS™ for the segment IV from Fig. 3. On the Fig. 5
the diagram of the formation HS™Y based on the difference
segment I'Y is shown. HS®Y is formed from each low-frequency
value obtained from the corresponding mini-segment, within

the segment 1Y),
@
(L (LD
—I (”11 0|7 (s|6]6]|9 1010 ‘
' o|2|s|wo]uu|lo]|a]o k

rHsD (L) =5.9375 us{:P()="17.75
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Fig. 5. Scheme of a group of low-frequency values formation

A group of low frequencies is formed:
HS® = {5.9375;8.5625;7.75; 10.5625} (13)
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Let's apply spectral group coding to it. The calculation
of the code GC(HS“Y) for low-frequency values HS™"
from the segment 1Y will look like this:

 =10.5625;

GC(HS™Y) =

= floor(5.9375)- floor(10.5625)° + floor(8.5625)-
-floor (10.5625) + floor(7.75)- floor (10.5625)" + (14)
+ floor (10.5625)- floor (10.5625)° =

=5.10° +8-10° +7-10' +10-1=5880
On the next figure (Fig. 6) coding is depicted in a schematic way.

g=1 g=2
(1.1)

g=>
HS ~— ={5.9375; 8.5625; 7.75; 10.5625;} —‘

v

floor(HS ™Y (g)) - floor(B)? ! «————— B=10.5625

7.101  10-1

v v v ¢
5000 800 70

f/

l
GeHs™Y) = 5880

5.10°  8-10°

Fig. 6. The scheme of formation of a spectral group code of the low-frequency values
group

Let's apply a similar coding formula for high frequencies,
formula (7). To groups of high-frequency values HDilll),

HDf‘zl), HD(zl"ll), HD(Zl"%) from the example Fig. 6.

The following codes are received:
GC(HD{}") = 2541723 ; GC(HD{;’) =1660630326 ;

GC(HDS) =93210136 ; GC(HDS")) =16 269331141

As a result of coding a segment 1Y can be represented
as five code values: GC(HS®Y), GC(HD{}"), GC(HD!y),

GC(HDYY)), GC(HDY).

3. Conducting a comparative evaluation
of spectral data group coding
with modern analogues

To objectively assess the efficiency of the proposed spectral-
wave group coding method, a series of controlled experiments
was conducted using representative datasets and standardized
computational conditions. Before presenting the comparative
results, there is a description of the datasets, execution
environment, and software tools employed in the study.
The inclusion of these details ensures that the experimental
procedure is fully reproducible and transparent.

The evaluation involved two datasets selected to highlight
different aspects of method performance. For comparison
with the PNG lossless compression method, a subset of the Open
Turbulent Image Set (OTIS) was used. This dataset consists
of 8-bit monochrome grayscale images captured under turbulent
conditions, exhibiting diverse structural patterns and textural
variability. Although OTIS does not contain infrared imagery,
its heterogeneous spatial properties make it suitable for analyzing
bit-volume behavior under lossless compression scenarios.
The resolutions of OTIS subset images range from 112x112
to 520%520 pixels, thereby covering a broad variety of spatial
complexities.
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A dataset of more than 100 infrared images was prepared
for comparison with the JPEG2000 coding format. Each image
is a 16-bit grayscale frame with a resolution of 128x128 pixels.
The dataset spans multiple semantic configurations, including
homogeneous backgrounds, moderately structured scenes,
and high-clutter thermal environments containing multiple objects
of interest. The radiometric and noise characteristics of this dataset
are representative of modern uncooled thermal sensors. The type
of imagery is comparable to that produced by commercially
available infrared cameras such as the FLIR Tau 2, FLIR A655sc,
or Seek Thermal CompactPRO, which typically output 14—16-bit
thermal frames with similar dynamic ranges and contrast
properties.

Owing to the computational structure of the proposed method
— which relies primarily on integer differencing, Haar wavelet
transforms, and low-complexity spectral-group arithmetic — real-
time processing is also feasible on embedded platforms commonly
used in onboard systems. Representative examples include ARM
Cortex-A72/A78 processors, NVIDIA Jetson Nano/Xavier/Orin
modules, and Qualcomm mobile system-on-chips. This makes
the proposed coding approach compatible with practical
constraints encountered in autonomous airborne, ground,
or robotic platforms.

The implementation of the coding method was developed
in Kotlin Multiplatform (KMP), enabling deployment across
Linux, Windows, macOS, JVM-based systems, Android, and iOS
environments. Matrix and numerical operations required for block
transformations and frequency computations were executed
using the Multik numerical library. Experimental analyses,
baseline comparisons, and visualization procedures were
carried out in Python using NumPy for numerical evaluation
and Matplotlib for rendering plots and diagrams. All components
of the experimental pipeline operate deterministically, ensuring
that the reported results can be exactly replicated under the same
conditions.

Let's examine the effectiveness of the developed method
for group coding of data in the spectral-wave space.
The effectiveness of the encoding will be evaluated based
on the bit volume of the encoded data. Where the encoded data
represent the obtained codes for each spectral group, specifically
the values:

GC(HS™Y),
GC(HDEY), GC(HDYLY), (15)
GC(HDYsY), GC(HDSYY)

To calculate the bit volume of each individual code, we will
use the following formula:
bits(c) = ceil(log, ¢) (16)
where: bits(c)is a bits quantity for a value c; ¢ is the value
of the code whose bit volume is obtained; ceil is a rounding
to the next whole value. For example ceil(3.1) =4 .
Let’s apply the formula (16) for code values (15) and thus
determine the bit volume of the segment 1®¥):
bits(GC(1"")) =
= bits(GC(HS ™)) + bits(GC (HD{}")) +
+bits(GC (HDJ;")) + bits(GC (HD; V) +

+bits(GC(HDJ5"))
In order to determine the bit volume for the entire image 1Y)
it is necessary to calculate the sum of bit volumes for each
segment 1*Y) namely:

bits(GC(1™") = > bits(GC (1)) (18)
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Let's compare the evaluation of the bit volume with the widely
used PNG codec, which represents lossless compression.
For that let’s use images dataset Open Turbulent Image Set
(QTIS). It contains monochrome PNG images with different levels
of informativeness. The results of bit volume estimation
are presented on the Fig. 7.

After analyzing the given diagram, we can draw a conclusion:
images encoded using the developed group coding method
in the spectral-wave space have an average bit volume of 37% less
than images encoded using the PNG method.

400000

350000+

3000001

250000

200000+

Bit volume

1500001

100000 4

50000 4

Imgl Img2 Img3 Img4 Img5 Img6 Img7 Img8 Img9 Imgl0
Images

Fig. 7. Diagram of the dependence of bit volume of PNG and code values

Let’s compare the coding efficiency of the developed spectral-
group coding method (SGC) with the existing coding method
(EMC). EMC is based on the application of Haar wavelet
and Huffman coding, which is the codec used in the modern JPEG
2000 format. For this let’s use a set of 16-bit images Imgl_16 ...
Img5_16. There are images with varying degrees of saturation
and structural and visual features.

Figure 8 presents the compression ratio indicators of SGC
and EMC for the corresponding images.
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Fig. 8. Diagram of the dependence compression ratio of the developed SGC
and EMC coding method for 16-bit images

All comparative assessments were made with the same preset
configurations. Both approaches were applied with a minimum
level of compression and have the same PSNR values, which
are displayed on the Fig. 8. It can be noted that the developed
method of spectral-group coding has a compression ratio that
is 25% higher than the existing approach, while maintaining
the same PSNR values.

Table 2 presents a comparison of the compression coefficient
deviation for SGC and EMC at minimum compression level
parameters, which correspond to maximum quality.

Table 2. Compression coefficient deviation for SGC and EMC with minimum
compression level (maximum quality)

Method Average Standard_ deviation C(_)nfldence
(unbiased) interval
SGC 2.01 0.464 1.91-2.09
EMC 1.46 0.313 1.40-1.52
Additionally,  experiments ~ were  conducted  using

the developed SGC method on 16-bit images at various
compression levels. Figure 9 presents the rate—distortion diagram,
which shows the dynamics of decrease in PSNR corresponding
to the compression coefficients.
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The contribution of the differential-space transformation
to the overall efficiency of the proposed spectral-group coding
method was evaluated through an ablation experiment in which
this step was explicitly removed while keeping all other
components unchanged. The results, summarized in Table 3, show
that across test images the compression coefficient decreases
consistently when differential conversion is omitted. For the full
SGC pipeline, the average compression coefficients is 2.01,
whereas the variant without differential space achieves only 1.62
in average. The use of differential-space transformation provides
a 23% improvement in compression efficiency, demonstrating
that reduction of the local dynamic range prior to wavelet analysis
plays a critical role in enabling more compact spectral-group
representations. This confirms that the differential step
is an essential component of the method’s overall performance.

Table 3. SGC without differential space ablation experiment

SGC Without differential space
Image : - . N

compression coefficient compression coefficient
Imgl_16 1.6 1.45
Img2_16 1.9 1.62
Img3_16 1.8 1.53
Img4_16 1.9 1.69
Img5_16 2.8 1.81

Average execution metrics are presented in Table 4. These
include encoding time, decoding time, and encoding and decoding
memory consumption. Execution for measurements was
conducted on the chip Apple M3 Max.

It is notable that SGC demonstrates better execution
efficiency than JPEG 2000. This is expected, as JPEG 2000
has higher computational complexity due to bit-plane encoding
and complex CABAC entropy coding.

At the same time, PNG exhibits significantly better execution
metrics than SGC because of its simplicity. However, PNG
is not as effective at reducing bit volume, as shown in Fig. 7.

Table 4. Execution metrics for SGC, JPEG 2000 and PNG

Method SGC JPEG 2000 PNG
Avg. Encoding time (ms) 9.45 9.84 3.9
Avg. Decoding time (ms) 3.63 3.82 0.66
Avg. Encoding Memory (kb) 258.81 287.56 69.78
Avg. Decoding Memory (kb) 867.59 1032.84 22.28

For practical deployment in onboard systems, the proposed
method is compatible with a wide range of embedded hardware
platforms that provide sufficient compute throughput and low-
latency video processing. Recommended solutions include
NVIDIA Jetson Xavier and Orin modules, Rockchip RK3588,
and Qualcomm Snapdragon-class SoCs, all of which offer
hardware-accelerated video pipelines and the computational
headroom required for real-time spectral and wavelet operations.
At the same time, several limitations should be acknowledged.
In scenarios with highly non-stationary scenes or rapid thermal
fluctuations, local homogeneity assumptions may degrade,
reducing the efficiency of differential and spectral grouping.
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Additionally, the achievable real-time throughput depends on link
bandwidth, which may constrain performance in low-rate or high-
latency communication channels. Despite these limitations,
the method remains suitable for most onboard IR-streaming
applications where low-complexity compression and predictable
processing time are required.

The overview of the experimental stage that includes
information about datasets, baselines, metrics, gains, and timing
is presented in the Table 5.

Table 5. Experimental overview

IAPGOS 1/2026

OTIS (8-bit, 112x112-520%520):
- grayscale turbulent scenes;
- used for lossless comparison with PNG.

PEED Custom IR Dataset (16-bit, 128<128, N>100):

- thermal frames with varying semantic complexity;
- used for comparisons with EMC and ablations.

PNG (lossless): reference for bit-volume comparison on
OTIS.

EMC: reference for compression ratio and rate—distortion
tests on 16-bit IR images.

Baselines

Ablation variants: SGC without differential space.

Rate metrics: bit volume, compression ratio.

EveluEiian Distortion metrics: PSNR.

Metrics Statistical metrics: mean + 95%.

Complexity metrics: encoding/decoding time, memory
footprint

PNG comparison: 37% reduction in bit volume.

EMC comparison: 25% higher compression ratio at equal
PSNR.

Main Gains
Achieved

Ablation (no differential space): 23% lower compression
efficiency.

Workstation: chip Apple M3 Max.
Full SGC pipeline: 8-15 ms per 128x128 frame.

Timing and

e Embedded: NVIDIA Jetson Xavier and Orin modules,

Rockchip RK3588, Qualcomm Snapdragon-class SoCs.
Real-time feasibility (<30 fps).

. Core codec: Kotlin Multiplatform, Multik.
Implementation

Analysis: Python (NumPy, Matplotlib).

Future research may explore adaptive block-size selection
to better match local scene structure and further improve
compression efficiency in heterogeneous regions. An additional
direction involves evaluating alternative wavelet bases that may
provide improved energy compaction for specific infrared
textures. The method could also be extended with lightweight
learned post-filters to enhance reconstruction quality without
increasing the core coding complexity. Finally, integrating region-
of-interest (ROI) priority modes would allow allocating higher
fidelity to semantically important areas, enabling more efficient
use of bandwidth in demanding real-time applications.

4. Conclusions

1. A method for group coding of infrared images in the spectral-
wave space has been developed. The method is based on:

1) hierarchical decomposition of infrared images into
segments and mini-segments for the localization
of homogeneous areas;

2) transformation of information into the difference space
to reduce the dynamic range of values while considering
correlation dependencies;

3) transformation of the spatial domain information into
the spectral-wave domain using the Haar wavelet;

4) grouping high and low frequencies to account for their
structural patterns.;

5) application of spectral-group coding to the formed groups
for their effective bit representation..

2. The obtained results of experimental comparisons
of the developed coding method confirm its advantages
over current solutions.
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Compared to the current lossless compression method PNG,
the spectral-group coding method allows for the encoded image
to be represented with a 37% smaller bit volume (Fig. 7).

When comparing the coding method with the JPEG 2000
format, which includes the use of the Haar wavelet and Huffman
coding, the developed coding method achieves a compression
ratio that is 25% higher (Fig. 8). The comparison was conducted
at the same PSNR values.

Scientific novelty.

Developed the positional coding method in differential wave
space for encoding segments of infrared image. A key feature
of the method is group coding in the spectral-wave space based
on the consideration of local correlation dependencies.
As a result, groups of spectral values are represented in the form
of corresponding codes. This allows for the enhancement
of quality characteristics in providing intelligent services
for the transmission of infrared images in applied tasks using
onboard systems.
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