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QUANTUM MACHINE LEARNING FOR FUSION
OF MULTICHANNEL OPTICAL SATELLITE IMAGES

Purpose. To develop a novel approach for fusion of optical satellite images based on machine learning and quan-
tum optimization for integrating spatial-spectral information from RGB and IR channels.

Methodology. The proposed approach involves sequential processing of input data, including geometric, radio-
metric, and atmospheric corrections. Each channel is decomposed into low-frequency and high-frequency compo-
nents using a Gaussian filter. The Independent Component Analysis (ICA) method is applied to reduce the dimen-
sionality of input data. A quantum optimizer approximation algorithm is applied to analyze the infrared channel. A deep
convolutional neural network with residual dense blocks is used to extract spatial structural features from RGB chan-
nels. After integrating features through fully connected layers, the quantum block optimizes the weight coefficients for
the final channel fusion.

Findings. Quantitative evaluation demonstrates that the proposed approach outperforms classical fusion methods,
including Brovey, Gram-Schmidt, IHS, HCS, HPFC, ATWT, PCA, and CNN, in spectral and spatial information
integration accuracy. The method achieves the lowest mean squared error (MSE = 191.8), high structural similarity
index (SSIM = 0.43), entropy (Entropy = 7.54), and Sobel filter range (Sobel Sharp = 19.19—21.67 across R, G,
B channels). Visual analysis also confirms qualitative advantages: images exhibit clear structure without artifacts and
balanced color reproduction consistent with the spectral characteristics of the original RGB data.

Originality. A novel approach to utilizing information of the IR channel is proposed, which integrates a quantum-
classical algorithm within a deep convolutional neural network architecture for synergistic processing of multichannel
optical images using multilevel frequency decomposition and a weighted feature fusion mechanism.

Practical value. The proposed approach can be implemented in Earth remote sensing systems to enhance the qual-
ity of satellite image processing, particularly for mapping, land resource monitoring, agricultural control, and envi-
ronmental analysis tasks. Applying quantum algorithms opens new opportunities for improving efficiency and accu-

racy in processing multidimensional geoinformation data containing IR channel information.
Keywords: guantum machine learning, data fusion, neural network, satellite imagery

Introduction. Image fusion is one of the approaches
in remote sensing data processing and computer vision
that involves integrating multiple images of the same
scene, acquired from different sensors, at other times, or
under varying imaging conditions, to create a single,
more informative image for further analysis [1]. The im-
age fusion process aims to preserve meaningful informa-
tion from all input sources while simultaneously reduc-
ing redundancy and eliminating non-informative data.
As a result, an image is produced with enhanced spatial,
spectral, and temporal characteristics, which improves
accuracy in scene content interpretation, object classifi-
cation, and decision-making based on the obtained data
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[2, 3]. In satellite imaging, no single optical sensor can
simultaneously provide high spatial, spectral, and tem-
poral resolution due to technical limitations of the sen-
sor hardware. For instance, sensors with high spatial
resolution typically offer a limited number of spectral
bands, whereas multispectral remote sensing systems
provide broader spectral coverage but with lower spatial
detail. Therefore, image fusion becomes particularly rel-
evant, combining the strengths of different data types
while minimizing their limitations. It is essential for
land cover mapping [4], drought monitoring, flood ex-
tent assessment, and others. Fusion algorithms must
meet two key requirements: on the one hand, they
should preserve essential image features (such as tex-
tures and contours), and on the other hand, they should
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minimize distortions in the form of artifacts, such as
noise or loss of detail.

An important direction in the development of satel-
lite image fusion methods is the integration of the infra-
red (IR) channel [5] together with the visible spectrum
(RGB), which enhances the spectral and spatial infor-
mativeness of the image. Infrared data contain features
related to the thermal characteristics of the surface that
are not available in the visible spectrum, especially un-
der low lighting conditions, fog, or smoke. It opens up
additional opportunities for analyzing and monitoring
complex environments, particularly in applications such
as land surface change detection, wildfire monitoring,
soil moisture assessment, vegetation condition analysis,
and others.

The fusion of RGB and IR data enables a synergistic
effect: on the one hand, it preserves the high level of tex-
ture and contour detail characteristic of the visible spec-
trum; on the other hand, the IR channel provides addi-
tional spectral features that enhance object recognition,
improve classification accuracy, and ensure better infor-
mativeness under adverse imaging conditions. There-
fore, the effective integration of the infrared channel is a
technical challenge and a crucial requirement for devel-
oping more informative remote sensing systems. How-
ever, effective integration of RGB and IR data remains
challenging due to differences in channel characteris-
tics, especially when processing large volumes of multi-
spectral images. In this context, quantum computing is
gaining particular relevance, as it opens new possibilities
for accelerated and efficient image fusion by leveraging
the principles of superposition and parallelism. Quan-
tum algorithms enable the processing of large volumes
of visual information with high accuracy and efficiency,
which is especially important for remote sensing data
processing.

Literature review. Image fusion is an essential field
within image processing that holds significant potential
for application in remote sensing, medical diagnostics,
military intelligence, and more, due to its ability to en-
hance the informativeness of images. Of particular sci-
entific interest are multispectral fusion methods, which
allow data integration from different channels to im-
prove the reliability of detecting structural, spectral, and
spatial features of objects in satellite imagery. There are
two main classes of image fusion methods: spatial meth-
ods, which process images directly at the pixel level, and
transform-based methods, which operate in alternative
representation domains (such as frequency, wavelet, dis-
crete cosine, or curvelet transforms).

Spatial domain methods focus on directly combin-
ing pixel-level information and derived features within
images. These methods are classified based on the level
of data representation into three subclasses: pixel-level
fusion, feature-level fusion, and decision-level fusion.
Pixel-level fusion methods [6—8] integrate information
directly at the level of the intensity values of correspond-
ing pixels. Although this approach is relatively simple to
implement, its effectiveness significantly decreases in
the presence of geometric distortions or noise in the in-
put images, which can degrade the quality of the result.
Feature-level fusion methods [9] are based on the pre-
liminary extraction of relevant image characteristics,
such as texture, morphological, or geometric features,

and their subsequent integration, which improves algo-
rithm robustness against inhomogeneities and artifacts
in the source data. Decision-level fusion methods [10]
involve the independent processing of each data channel
and the integration of results at the decision-making
level. This approach efficiently classifies objects, phe-
nomena, or land cover types, where fusion is performed
based on probabilistic estimates.

The methods that involve transforming images into
alternative representation domains include wavelet
transform-based fusion methods, curvelet transform-
based methods, and discrete cosine transform-based
methods. Wavelet transform-based fusion methods
[11—13], which provide multilevel image decomposition
according to spatial frequencies, allow for adaptive inte-
gration of details at different scales. Methods that utilize
curvelet transforms [14] more effectively capture direc-
tional and curvilinear structures, which is particularly
important when processing images containing linear or
arc-shaped objects, such as roads or field boundaries.
Discrete cosine transform-based methods [15] are char-
acterized by high efficiency in detecting periodic struc-
tures and reducing redundant information, making
them well-suited for image compression and signal fil-
tering tasks.

With modern systems’ increasing computational
power and large-scale datasets’ growing availability,
deep learning-based image fusion methods are gaining
widespread adoption. These approaches are generally
divided into supervised [16] and unsupervised [17]
methods. Among the supervised methods is the ap-
proach proposed in [18], which implements a deep con-
volutional neural network for multi-focus image fusion.
The model architecture includes a multi-scale feature
extraction block and a visual attention mechanism, en-
abling the adaptive selection of the most relevant regions
for integration. In [19], a model for satellite image fu-
sion is presented that utilizes a dual-branch deep neural
network architecture to separately extract spectral and
spatial features, enhanced by a residual learning mecha-
nism. This approach enables the creation of links be-
tween data with different resolutions, contributing to
improved fusion results. Another example is the method
proposed in [20], which introduces the Laplacian
Sharpening Network model that includes a high-fre-
quency modification block for extracting detailed spatial
information from panchromatic images. To improve the
visual quality of the synthesized result, a perceptual loss
function is applied along with model optimization that
accounts for high-level infrared features. Generative
Adversarial Networks (GANSs), as introduced in [21],
are also actively explored in the context of satellite image
fusion. While they demonstrate impressive perfor-
mance, they require large volumes of annotated data
and substantial computational resources and present
significant challenges during training. In [22], an inno-
vative unsupervised self-supervised learning approach to
multi-focus image fusion is presented. Due to insuffi-
cient annotated datasets, the authors use a pretext task
to restore high-resolution images from low-resolution
inputs to pretrain the network. The model includes a re-
sidual feature extraction network and a fusion module
that uses activity level estimation and boundary refine-
ment to merge focused regions accurately. Similarly, in
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[23], the authors propose an unsupervised GAN-based
approach with gradient and adaptive constraints, where
the decision-making block identifies the degree of pixel
focus by modeling re-blurring.

A promising area attracting particular attention is
quantum image processing, which lies at the intersec-
tion of quantum computing and digital visual data pro-
cessing. The development of this field is driven by the
potential of quantum algorithms to accelerate computa-
tionally intensive tasks that are traditionally resource-
demanding for classical systems. In [24], a surface seg-
mentation method based on hybrid quantum-classical
optimization is proposed, combining a graph-theoretic
approach to graph partitioning with smoothness con-
straints to achieve realistic segmentation results. Mean-
while, the Quantum Approximate Optimization Algo-
rithm (QAOA), discussed in [25], is a promising varia-
tional quantum algorithm designed to solve combinato-
rial optimization problems that are computationally
challenging in the classical context. The review in this
work covers an analysis of QAOA’s performance under
various conditions, its sensitivity to hardware limitations
(such as noise and errors), and its potential applications
in optimization tasks, particularly in image processing.
Comparative studies of modifications and extensions of
the algorithm help outline promising directions for its
development and adaptation to practical problems.

Despite significant achievements, existing image fu-
sion methods have several limitations. Most classical
approaches focus on low-level image features (such as
brightness, contrast, and textures) without considering
the semantic structure of the scene. It reduces their ef-
fectiveness in real-world conditions, particularly when
working with high spatial resolution satellite images or
under complex weather and lighting situations. Deep
learning methods demonstrate higher performance but
remain resource-intensive, do not always guarantee
global optimality of fusion weights, and can be prone to
overfitting. In this context, a promising direction is the
application of quantum machine learning, specifically
the Quantum Approximate Optimization Algorithm
(QAOA), which can efficiently solve discrete optimiza-
tion problems. QAOA allows adaptive determination of
weighting coefficients for channel fusion, which is espe-
cially important for complex spectral ranges, including
infrared, where classical methods show reduced effec-
tiveness. Therefore, this work proposes a novel hybrid
approach for the fusion of optical satellite images that
combines classical preprocessing, supervised learning
methods, and a quantum computational block based on
QAOA. This approach aims to improve the fusion re-
sults’ informativeness, accuracy, and consistency.

Purpose. This research aims to develop a novel ap-
proach for the fusion of optical satellite images based on
machine learning and quantum optimization, enabling
the efficient integration of spatial-spectral information
from different channels (RGB and IR) to produce a
multispectral image with enhanced spatial detail and
preserved spectral characteristics. To achieve the stated
goal, the following tasks were formulated and addressed
in this work:

- to perform preprocessing of optical satellite imag-
es, including geometric, radiometric, and atmospheric
corrections;

-to develop a spatial-frequency image analysis
method that accounts for low-frequency (pixel intensi-
ty) and high-frequency (details, contours) components;

- to integrate a quantum computational block aimed
at optimizing weighting coefficients for the IR channel
using QAOA (Quantum Approximate Optimization Al-
gorithm) after dimensionality reduction;

- to develop a machine learning algorithm based on
convolutional neural networks for feature representation
and preparation of input data for fusion;

- to implement an image fusion procedure that com-
bines weighting coefficients and edge information to
form a normalized four-channel (RGB+IR) image with
enhanced informativeness;

- to evaluate the effectiveness of the proposed ap-
proach on real datasets.

Methods. The proposed approach, which aims to
enhance spatial resolution while preserving the spectral
informativeness of multispectral images, is shown in
Fig. 1.

At the first stage, an optical satellite image is loaded.
Next, the input data preparation takes place, which in-
volves the preprocessing of individual channels: geo-
metric alignment (coregistration) of the red, green,
blue, and near-infrared bands. Then, the following cor-
rections are performed: geometric correction to elimi-
nate spatial distortions; radiometric normalization to
bring pixel values to a standard display scale [26]; and
atmospheric correction using the Dark Object Subtrac-
tion method to remove atmospheric scattering effects.
As a result, new channels Band R*(x, y), Band G*(x, y),
Band B*(x, y), Band IR*(x, y) are obtained. Each chan-
nel is decomposed into low-frequency and high-fre-
quency components to enhance the extraction of struc-
tural and spatial features of the image. The decomposi-
tion is performed using convolution with a Gaussian
filter (x), with variance o

Band R; ;(x,y)= Band R*(x,y)-G_(x,y);
Band R;,.(x,y) = Band R*(x,y)— Band R; ;(x,);
Band G}y (x,y) = Band G*(x,y)-G_(x,y);
Band G}z (x,y) = Band G*(x,y)— Band G} ;(x,y);
Band Bj ;(x,y) = Band B*(x,y)-G (x,y);
Band By, (x,y)= Band B*(x,y)— Band Bj (x,y);
Band IR; (x,y) = Band IR*(x,y)-G_(x,y);
Band IR;,.(x,y) = Band IR (x,y)— Band IR] ;(x,y),

where Band R*(x, y), Band G*(x, y), Band B*(x, y),
Band IR*(x, y) are images of the respective satellite
channels; LF is a low-frequency component that pre-
serves the brightness and overall structure of the image;
HF is a high-frequency component that highlights local
spatial features containing information about edges and
textures.

Pixel values within each channel are normalized to
improve the quality of the input channels before feeding
them into the neural network. It helps reduce brightness
variability and provides a unified data representation, a
crucial condition for practical model training. Addition-
ally, the Independent Component Analysis (ICA)
method is employed to reduce dimensionality, allowing
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Fig. 1. Structural diagram of the proposed approach for fusion of optical satellite images

computational load reduction while preserving the most
informative image features.

For further processing of the infrared channel, the pro-
posed architecture utilizes the Quantum approximate op-
timization algorithm, a hybrid quantum-classical algo-
rithm designed to solve discrete combinatorial optimiza-
tion problems. In this context, QAOA is applied to deter-
mine the optimal parameters of the infrared spectrum that
influence the fusion of IR data with RGB components,
considering spatial-frequency features (Fig. 2). The QAOA
algorithm is based on a variational approach. It consists of
a sequence of p layers, each comprising a cost and mixer
layer. Its goal is to construct a quantum state that mini-
mizes the expected value of the cost function [27].

All qubits are initialized into a uniform superposition
at the first step by applying Hadamard gates

lyo) = H®"| 0),

where H is the Hadamard operator; # is the number of
qubits corresponding to the number of principal com-
ponents in the IR feature space.

The cost layer implements the problem Hamiltonian
H, which encodes the optimization objective, such as
selecting the most informative frequency components of
the IR channel. The evolution operator describes the
action of this layer

UC (YJ) = eiinyC s

where v; is a variational parameter to be optimized.

In typical problems, such as Ising optimization, the
Hamiltonian H takes the form

H =>0,.Z.Z,+ Y hZ,,
k<l k
where Z, is the Pauli-Z operator acting on the k" qubit;
Jus hy are the interaction weight coefficients defining the
problem structure.
The mixer layer facilitates quantum tunneling be-
tween bit configurations to explore the solution space

UM(B/)=3%’HM7 Hy =3 X,
3

where X, is the Pauli-X operator; f; is a variational pa-
rameter. This Hamiltonian corresponds to applying
RX-type rotation gates to each qubit in the circuit.

The full quantum circuit for p layers is expressed as

lw(y, B)) = UM(Bp)UC(Yp) - Un(By) Uc(y) [wo)s

wherey=(y, ..., 7,), B= (B, ..., B,) are vectors of param-
eters. The objective function is the expectation value of
the Hamiltonian

Cly, B) = (w(v, B)[Helw(y, B). o))

The value in equation (1) is minimized by a classical
SPSA optimizer, which guides the tuning of parameters
v and f.

After executing the quantum circuit, the qubits are
measured in the Z-basis. The resulting bit distributions
are decoded into a vector of weighting coefficients

cGr—r ¢BP8— AR TT
1 {HHDRGD—o + D635 * &
2 il -9 SR y—1 &3
R e — SERLP S - &
g © 0@oy_q| |8 T e@ey v B
G 6B 8 SBO+— B

[ Hogamard It | Cost Layer(s) Mixer Layer(s)

Fig. 2. Quantum circuit for implementing the QAOA algorithm
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Wir= Measure(jy(y, B)) € R".

These coefficients characterize the importance of
corresponding frequency features of the infrared chan-
nel and are used for weighted image fusion in multispec-
tral analysis.

In parallel with quantum computations, a machine
learning block processes the features of the RGB chan-
nels. This part of the architecture employs a convolu-
tional neural network (CNN) that provides automatic
hierarchical feature extraction from input images. At
each convolutional layer (Convl, Conv2, Conv3), filters
are applied to detect local features such as edges, tex-
tures, and color gradients

(K-F)(x,y)=Y.> F(x—u,y-v)-K(u,v),

where K(u, v) is the convolution kernel; F(x, y) is the
convolution kernel; (R, G, B or IR); (x, y) are the pixel
coordinates in the output image.

After the final convolutional layer, the multidimen-
sional feature tensors are transformed into a one-dimen-
sional vector through a flattening operation. It is neces-
sary for further processing by fully connected layers.

The fully connected layers (Fullyl, Fully2) perform
linear and nonlinear transformations of the features. At
each layer, the following computation is performed

WD =c(WORI-D 4 pi)y,

where WY is the weight matrix; 6" is the bias vector; o
is the ReLU activation function: f(x) = max(0, x). This
transformation enables the network to learn complex
dependencies between the input features and the output
labels.

The hybrid quantum block is integrated into the
neural network structure after one of the fully connect-
ed layers and optimizes the feature fusion weight coeffi-
cients based on quantum computation. A quantum ap-
proximate optimization algorithm is used to achieve
this, which models the quantum system as a Hamilto-
nian H.

After quantum processing, the resulting feature vec-
tor is passed to the classification layer, where the Soft-
max function is applied to transform the vector of nor-
malized weight values z; into a probability distribution

where z; is the vector of normalized weight values for
class i. In the context of information fusion from multi-
ple channels, the Softmax function can be used to deter-
mine relative weights or to select the most relevant fea-
ture integration rule learned from the multidimensional
feature space.

The final stage is the fusion step, in which data from
the infrared and visible spectral bands are integrated to
produce an enhanced four-channel image with higher
quality, improved contrast, and better preservation of
scene details. The fusion of information from different
channels is performed based on the weight coefficients
obtained in the previous processing steps. Specifically,
the weights for the IR channel W, are generated by the
quantum computational block. In contrast, the weights

for the visible spectrum channels Wiop={Br, Bo, B3} are
determined based on the output of a convolutional neu-
ral network. These coefficients are then used to define
the overall fusion rule

1 pysed (X, ¥) = - Band, (x, y) + Z By - Band; (x,y),
ke(R.G.,B)
where o is the weight coefficient for the IR channel; 3,
is the weight coefficient for the corresponding channel

k € {R, G, B}; Band;(x,y) is he processed (frequency-
filtered) component of the respective channel.

Additional integration of high-frequency informa-
tion is performed to preserve localized spatial details and
enhance image sharpness, especially in areas with pro-
nounced object boundaries. The high-frequency com-
ponent Fy(x, y), obtained as a result of spatial-frequen-
cy decomposition, is added to the previously fused low-
frequency level image

IFused(x’y):]LowFreq(x’y)+FHF(x’y)’

where 1}, 5.,(x, y) represents the weighted fusion of the
low-frequency components of all channels. This ap-
proach ensures a balance between spectral consistency
and preservation of spatial details.

At the final step, linear normalization of the pixel
values of the fused image is performed to bring them
into the standard range [0,255] or visualization in the
RGB format. This method provides data consistency for
subsequent thematic analysis and contributes to the im-
provement of the visual quality of the results

IFused(x,y) _[min .255
1. -1 ’

max min

INarmalized (x’ y) =

where ,(x, y) s the pixel value in the fused image;
Iins> Tnax @are the minimum and maximum pixel values in
the fused image, respectively.

Findings. The study used WorldView-3 images con-
taining multichannel data, including visible spectrum
and infrared bands. The dataset covers heterogeneous
scenes, such as urban areas, infrastructure, forests, wa-
ter bodies, and agricultural lands. This diversity ensures
the model’s better generalization capability and applica-
bility to various landscape types. To form a sample set
oriented for neural network training, the scenes were
divided into non-overlapping patches of size
400 x 400 pixels, which enabled efficient processing of
large images and provided a sufficient number of train-
ing examples. The dataset was split into three subsets:
training (80 %) for model parameter optimization; vali-
dation (10 %) for monitoring generalization ability and
preventing overfitting; and testing (10 %) for final inde-
pendent performance evaluation. For training the deep
convolutional neural network with Residual-in-Residu-
al Dense Blocks, the Adam optimization algorithm was
used, providing stable and fast convergence. The initial
learning rate was set to le-4, with stepwise decay every
50 epochs, with a factor y = 0.5. The model was trained
for 200 epochs with a batch size of 16. An early stopping
strategy based on the validation loss metric was applied
to reduce the risk of overfitting.

The loss function was a combination of Mean
Squared Error (MSE) and perceptual loss, which en-
abled a better balance between numerical errors and the
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visual quality of the reconstructed images. Fig. 3 pres-
ents the results of the WorldView-3 satellite image fu-
sion using various methods. Visual comparison allows
assessment of the quality of spatial detail restoration,
color consistency, and presence of artifacts. The image
in Fig. 3, a demonstrates relatively high spatial detail,
especially in the contours of buildings and the road net-
work. However, significant spectral distortions are ob-
served, particularly with green areas appearing unnatu-
rally saturated, and the overall image tone tends toward
bluish-green. The image in Fig. 3, b visually resembles
the Brovey method. It generally preserves structure but
shows atypical grayish areas, indicating an impact on
spectral information. The image in Fig. 3, ¢ has high
sharpness and clarity of details. Object edges look very
pronounced. However, this sharpness is achieved at the
expense of significant color distortion and artifacts
around sharp transitions. The colors appear washed out,
indicating a loss of spectral information. The image in
Fig. 3, d demonstrates a good balance between spatial
sharpness and preservation of natural colors. Details are
precise, and colors look more natural and saturated
compared to the Brovey, Gram-Schmidt, and THS
methods. The image in Fig. 3, e is visually similar to the
Brovey and Gram-Schmidt methods in detail, but it
shows moderate color changes (the spectral component
contains artifacts or distortions). The image in Fig. 3, f
combines high spatial resolution with preservation of
spectral information. Colors look natural, details are
sharp, and the overall visual impression is balanced. The
image in Fig. 3, g results from applying a simple high-
frequency filter. It has high sharpness and emphasized
details, but, like HCS, tends to color distortions and
looks less natural due to excessive enhancement of high-
frequency components. The image in Fig. 3, # demon-
strates preservation of color information. Detailing is
also improved, and colors look natural, although con-
trast is somewhat lower than in other methods. The im-
age in Fig. 3, i, obtained using the proposed approach,
visually stands out with an optimal combination of spa-
tial detail and preservation of the spectral component.
Objects in the satellite image (buildings, roads, shad-
ows) have sharp edges without visible artifacts. Colors
maintain a natural appearance, closely matching the
original visible spectrum image. At the same time, detail
is preserved and enhanced thanks to the infrared chan-
nel, which provides increased sensitivity to differences
in material reflectance, particularly improving classifi-
cation of urban elements such as roof types and road
surfaces. Such an image is visually the most informative,
confirming the effectiveness of the proposed algorithm
in preserving both spatial and spectral characteristics of
the scene.

For a quantitative assessment of the effectiveness of
multispectral image fusion, a comparative analysis was
conducted with existing methods: Brovey, Gram-
Schmidt, IHS, HCS, HPFC, ATWT, as well as a deep
convolutional neural network and the proposed ap-
proach. For objective evaluation, both the True Color
Image and individual spectral bands were used along
with the following metrics (Table 1): Mean Squared Er-
ror, Peak Signal-to-Noise Ratio (PSNR), Structural
Similarity Index (SSIM), entropy, Average Gradient,
Spatial Frequency, and Sobel Sharpness. The quantita-

tive analysis of the obtained results (Table 1) demon-
strates that incorporating the infrared channel into the
multispectral image (R-G-B-IR) significantly enhances
the spectral expressiveness of the data. The proposed ap-
proach shows the lowest Mean Squared Error value
(MSE = 191.8), indicating minimal spectral distortion
relative to the original visual image. For comparison,
traditional methods such as Brovey (MSE = 6,081.97)
and Gram-Schmidt (MSE =5,901.88) have substantially
higher error values, indicating considerable loss of spec-
tral components. However, it should be noted that some
modern transform-based methods, like HPFC
(MSE = 194.70) and ATWT (MSE = 195.46), show an
error level similar to the proposed method. PSNR also
confirms the advantage of the proposed method over
classical approaches. However, the absolute value is low
(PSNR =9.94), it is compensated by balanced structural
similarity and absence of color distortions, which is es-
pecially critical when integrating infrared information.

The SSIM index for the proposed method (SSIM =
=0.43) is higher than most traditional methods (Brovey,
IHS, Gram-Schmidt) but lower than the transformative
approaches ATWT (SSIM = 0.8348) and HPFC
(SSIM = 0.8539). It is explained by a less aggressive
transfer of the luminance component to preserve bal-
anced spectral accuracy. The average gradient and Sobel
Sharpness for the proposed method (Sobel Sharpness =
= 142.19) indicate sufficient detail presence, although
they are lower than those of HCS (Sobel Sharpness =
= 220.39) or HPFC (Sobel Sharpness = 149.19). How-
ever, this spatially moderate detail is balanced and does
not lead to artifacts or oversaturation with high-frequen-
cy information. The entropy of the fused image in the
proposed method (Entropy = 7.54) exceeds the values
typical for most methods, indicating high spectral infor-
mativeness. An entropy increase of 2.88 % relative to the
input image suggests a moderate spectral range expan-
sion without significant structural consistency loss.

To evaluate the effectiveness of channel fusion, a de-
tailed analysis was conducted of intensity metrics, tex-
tural features, and spatial homogeneity of the image in
each spectral channel (Table 2).

The selected metrics enable a multidimensional
evaluation of image fusion quality, covering brightness
and contrast preservation, textural detail retention, and
spatial homogeneity across spectral channels. Intensity-
based indicators reveal how well the fusion process
maintains the original radiometric properties, while
texture-related measures quantify the integrity of fine
structural details essential for accurate interpretation.
Spatial homogeneity metrics assess the uniformity and
consistency of fused regions, allowing detection of po-
tential distortions or artifacts. Such a comprehensive
analysis facilitates the identification of fusion methods
that achieve an optimal balance between enhancing lo-
cal features and maintaining overall spectral stability,
providing a clear basis for the comparative discussion
presented below.

Methods that provide high contrast, particularly
HCS in the R channel and PCA in the R channel, dem-
onstrate increased sensitivity to local brightness varia-
tions. The high coefficient of variation in the HCS
method indicates instability in brightness distribution,
leading to a loss of spectral consistency.
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Fig. 3. Fusion results for the WorldView-3 satellite image:
a — Brovey; b — Gram-Schmidt; c — HCS; d — HPFC; e — IHS; f— ATWT; g — HPF; h — PCA; i — proposed approach

Table 1
Quantitative metrics for assessing the fusion quality of the WorldView-3 optical image
Method MSE | PSNR | SSIM é‘;’ e | SF Geriﬁrlgc, Entropy F}Ezoquy Avfhicr’gel Shil(-}l; (ﬂlc
% %
Brovey 6,081.97 | 10.29 | 0.35 | 159.08 | 48.16 39.27 7.49 0.91 159.08 39.26
Gram-Schmidt 5,901.88 | 10.42 | 0.34 | 155.58 | 46.54 36.19 7.52 1.22 155.57 36.19
HCS 2,050.23 | 15.01 | 0.49 | 220.39 | 83.54 92.93 6.98 -6.02 220.39 92.93
HPEC 194.70 | 25.26 | 0.85 | 149.19 | 47.86 30.59 7.51 1.15 149.18 30.59
IHS 5,899.76 | 10.42 | 0.34 | 155.59 | 46.55 36.21 7.52 1.19 155.59 36.21
ATWT 19546 | 25.22 | 0.83 | 146.39 | 51.49 28.15 7.46 0.38 146.38 28.15
CNN 192.51 10.12 1.20 | 114.23 | 38.95 30.00 7.54 1.20 114.23 30.00
PCA 1,236.72 | 17.21 0.87 | 149.28 | 47.98 114.23 7.74 2.22 149.28 30.67
Proposed approach 191.80 9.94 0.43 | 142.19 | 47.86 24.47 7.54 2.88 142.18 53.47

The proposed approach shows balanced contrast
values in the R, G, and B channels with reduced varia-
tion coefficients, indicating the transmitted channels’
spectral stability without oversaturation.

A key indicator is the Quantum_Band channel,
which demonstrates the highest contrast among all

channels of the proposed approach, while having the
lowest coefficient of variation, indicating stable spatial
generalization of high-frequency components while
maintaining spectral consistency across channels. The
entropy metric in most classical methods ranges be-
tween 7.10 and 7.50, with somewhat lower values in
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Table 2 HCS, indicating some loss of spectral content due to

Analysis of metrics for evaluating image fusion quality excessive amplification of l?igh—fre.quency components
(over-enhancement of spatial details). The highest en-

sz s £ . tropy values are observed on the IR channel and Quan-
Method Bands k= -% % @ & tum_Band, indicating successful preservation and inte-

5 5| E8 = gration of additional spectral information.
“wo |~ S| H Results for spatial detail assessment obtained using
Brovey R 45.54 10.63 |7.29 the Sobel operator are shown in Fig. 4. According to the
Brovey G 6756 | 0.79 | 7.44 data presented in Fig. 4, the HCS method provides the
Brovey B 5738 1 0.69 |7.50 highest level of spatial structure detailing (Sobel opera-

; tor = up to 39.59), but at the expense of spectral consis-
Gram-Schmidt R 5711 1 0.70 | 7.48 .

- tency loss. The proposed approach achieves Sobel Sharp
Gram-Schmidt G 58.19 1073 | 7.49 values ranging from R-channel (Sobel operator = 21.67)
Gram-Schmidt B 52.90 |1 0.65 | 7.46 to B-channel (Sobel operator = 19.19), which is moder-
HCS R 74.84 10.96 | 6.95 ate and balanced. Meanwhile, Quantum_Band demon-
HCS G 70.69 |1 0.89 | 6.91 strates a high level of spatial structure detailing (Sobel
HCS B 70.54 | 0.89 | 6.90 operator = 31.27), confirming the effectiveness of quan-
HPFEC R 6160 1071 1748 tum IIi)rocessing ir; bprleserving edge structures without

sacrificing spectral balance.
HPFC G 5787 | 0.67 | 740 Conclusions. This work proposes a novel approach
HPFC B 5718 10.66 | 743 to the fusion of optical satellite images based on
IHS R 54.63 | 0.67 | 7.46 quantum machine learning, combining methods of
IHS G 59.20 | 0.74 | 7.50 spatial-frequency analysis, convolutional neural net-
IHS B 5453 | 0.67 | 7.47 works, and QAOA for integrating R-G-B and infrared
ATWT R 6158 1076 | 740 channel data. Experiments conducted on real World-
ATWT G 5807 1073 1735 View-3 satellite .images confirmed that the d;veloped
ATWT B 5751 To71 1740 approach effectively preserves the spectral informa-
- : - tion of the visible range while improving spatial reso-
CNN R 62.46 | 0.78 | 7.44 lution through high-frequency components of the IR
CNN G 59.04 | 0.76 7.37 channel.
CNN B 58.61 | 0.73 | 744 According to quantitative evaluation results, the pro-
R-G-B-IR R 5999 | 0.75 | 743 posed approach demonstrates higher accuracy in inte-
R-G-B-IR G 5558 1 0.69 |7.37 grating spectral and spatial information than classical
fusion methods. In particular, among the considered
E_g_i_ii I]; 2(5)296 gg: ;2 methods (Brovey, Gram-Schmidt, IHS, HCS, HPFC,
: : - ATWT, PCA, CNN), the proposed method achieved
PCA R 73.64 1065 |77 the minimum MSE value of 191.8, indicating the least
PCA G 65.66 | 0.60 | 7.11 deviation from the original visible image; a high struc-
PCA B 69.06 | 0.68 | 6.93 tural similarity index SSIM = 0.43; high entropy values
Proposed approach R 59.99 | 0.74 | 7.44 (Entropy = 7.54), indicating preservation of informa-
Proposed approach G 5558 | 0.69 | 7.37 tional richness; .balanced spatial detail metrics: Sobel
Proposed approach B 5519 1068 1719 Sharpness (ranging from 19.19 to 21.67 across R, G, B
channels); as well as a significant increase in sharpness
Proposed approach | Quantum_Band | 65.79 | 0.52 | 7.54 in the quantum channel (Sobel Sharpness = 31.27), con-
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Fig. 4. Results of spatial detailing using the Sobel operator
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firming the effectiveness of quantum optimization in
preserving spatial structures.

Visual analysis confirms that images obtained by the
proposed approach exhibit clear spatial structure with-
out artifacts, and color reproduction corresponds to the
spectral characteristics of the original RGB data. Nota-
bly, the algorithm can distinguish fine textural features
of objects on the terrain, including buildings, roads,
green vegetation, and soil cover.

Thus, the proposed quantum machine learning-
based approach is an effective tool for multichannel
satellite image fusion, ensuring a high level of spatial-
spectral information integration, and can be applied
in remote sensing tasks, landscape monitoring, and
mapping.
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Meta. Po3pobka HOBOTO MiAXOLY 1O 3JIUTTS ONTUY-
HUX CYITyTHUKOBUX 300pakeHb Ha OCHOBI MallIMHHOTO
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HaBUaHHSI 1 KBAHTOBOI ONTMMIi3allil sl iHTerparii
MPOCTOPOBO-CIeKTpaibHOI iHGopMauii RGB- i IR-
KaHaJliB.

Metoauka. 3anpornoHOBaHUI TMiaxig rependavae
MOCHiIOBHY 00pOOKY BXiIHUX JaHUX, IO BKIIOYAE Te-
OMETPUYHY, pagioMEeTpUYHY i1 aTMOCc(hepHY KOPEKIIil.
KokeH kaHanm po3KiIamaeTbCs Ha HU3bKOYACTOTHY Ta
BHCOKOYACTOTHY KOMITOHEHTH 3a Ioromoroi layco-
Boro ¢inbrpa. g 3MeHIIeHHS PO3MipHOCTI BXiTHNUX
JTAHUX 3aCTOCOBYETHCS METOII HEe3aJIeXKHUX KOMITOHEHT
(ICA). Ing anani3y iHppauepBOHOTO KaHay 3aCTOCO-
BaHO aJITOPUTM alpoKCcHMallii KBAHTOBOTO OINTUMi3a-
Topa. [imboka 3ropTkoBa HepoHHa Mepexka i3 3a-
JIMIIKOBUMMU IIUTBHUMM OJIOKAMM 3aCTOCOBYETHCS TSI
BWIYYEHHSI TMPOCTOPOBUX CTPYKTYPHUX O3HaK i3
RGB-kananiB. [Ilicas iHTerpauii o3HaK 4epes
TMOBHO3B’SI3Hi 1Iapy KBAaHTOBUIA OJIOK OTITUMI3y€E Baro-
Bi KoeilliEHTH 1T OCTATOYHOTO 3JIUTTS KaHaiB.

PesyapraTti. 3a pe3yiabTaTaMy KiJIbKiCHOI OITiIHKM
3aIIPOINTIOHOBAHUI TIAXi MPONEMOHCTPYBAB IepeBary
Yy TOYHOCTI iHTerpallii CIieKTpajbHOI Ta IIPOCTOPOBOI
iH(opMallii MOpPiBHSIHO i3 KJIACUYHUMU METOAAMU
31uTTs, 30Kpema Brovey, Gram-Schmidt, IHS, HCS,
HPFC, ATWT, PCA ta CNN. Iligxig nocsirae Haii-
HIZKYOTO 3HAYCHHS CepeIHBOKBAaIPATUIHOI TTOMIUJIKA
(MSE = 191,8), Bucokux 3HaueHb CTPYKTYPHOI MOJi-
oHocti (SSIM = 0,43), enrponii (Entropy = 7,54),
dinbrpa Cobenst (miamaszon Sobel Sharp = 19,19-21,67

no kaHanax R, G, B). BizyanbHuii aHai3 TakoxX ITiji-
TBEPIXKYE SIKiCHI TTepeBaru 3arnpornoHOBAHOTO MiAX0AY:
300paxkeHHsI XapakKTepU3ylThCsl YiTKOIO CTPYKTYpPOIO
0e3 apTedakTiB, 30aJJaHCOBAHOIO KOJILOPOBOIO Tepe-
Jlauero, 110 BiATOBITa€e CIEKTpaIbHUM XapaKTepUCTU-
Kam opuriHagbHuX RGB-nganux.

HaykoBa HoBH3HA. 3aIpOITOHOBAHO ITiAXil BUKO-
puctaHHs iHpopmauii IR-kaHany, 110 iHTerpye KBaH-
TOBO-KJIACUIHUI aJITOPUTM Y CTPYKTYPY TIMOOKOL
3TOPTKOBOI HEMPOHHOI MepeXi, IJIsT CUHEPTeTUIHOTO
00po0JIeHHsT 6araToKkaHaJbHUX ONTUYHUX 300paXkeHb
i3 BUKOPUCTAHHSIM 0OaraTopiBHEBOI YaCTOTHOI JEKOM-
MO3UIIil Ta MEXaHi3My BaroBOTO 3JIUTTS O3HAK.

IIpakTyHa 3HAYMMICTh. 3arpONOHOBAHMIA TTiAXi[
MoOKe OyTH BIPOBaXKEHUM y CUCTeMax JUCTaHLIIHHOTO
30HAYBaHHS 3eMJIi 3a11s1 MOKpallleHHsI SIKOCTi 00po-
OJIeHHS CYMYTHUKOBUMX 3HIMKIB, 30KpeMa y 3aBIaHHSIX
KaprorpadyBaHHS, MOHITOPUHTY 3eMeJIbHUX PeCypCiB,
CUJILCBKOTOCTIOAAPChKOIO KOHTPOJIIO i €KOJIOTiYHOIO
aHaJi3zy. 3acTocyBaHHS KBAaHTOBUX aJITOPUTMIB BiTKpH-
Ba€ HOBi MOXKJIMBOCTI [J1s1 MiABUILIEHHS e(PEKTUBHOCTI
1 TOUHOCTi 00pO0JIeHHST 6araToBUMipHUX reoiH(opma-
LiAHUX JaHUX, 110 MiCTITh iHpopMallito IR-kaHamy.

KiouoBi caoBa: xeanmose mawiuHHe HABYAHHA,
3MUmMmsL 0aHUX, HellpOHHA Mepedica, CYnymHUKoee 300pa-
JICeHHS
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