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Abstract

Spaceborne and airborne remote sensing (RS) systems produce data valuable for numerous applications.
The amount of such data rapidly grows in general and for many particular systems in particular. It often
becomes necessary to compress acquired images in a lossy manner providing a reasonable trade-off
between compression ratio (CR) attained and image quality provided. Quality can be characterized from
different viewpoints including classification accuracy observed for compressed data. A typical tendency is
that this accuracy reduces if CR increases. However, there are specific situations when original images are
noisy and, due to the specific effect of noise filtering by lossy compression, there can be the so-called
optimal operation point (OOP) for which classification accuracy can be better than for original
(uncompressed) images. OOP existence and properties depend on several factors including a coder used.
In this paper, we employ the recently designed Versatile Video Coding (VVC) technique, which provides
significant compression efficiency improvements over its predecessor HEVC. We demonstrate that, under
certain conditions, OOP exists and show how it can be determined. Moreover, our studies indicate that
lossy compression in OOP is able to produce improved classification accuracy simultaneously with rather
large CR values. Experiments are carried out using two test three-channel RS images based on
components of multispectral Sentinel data.
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1. Introduction

Images acquired by modern remote sensing (RS) systems are used in numerous applications [1-3].
Due to spatial resolution that steadily improves and more frequent observations of the Earth
terrain, volume of acquired RS data increases [3-5]. This results in necessity to compress the
obtained images for their transferring downlink, storage, and dissemination [5-7].

The image compression techniques belong to two large families — lossless and lossy [8]. For
representatives of the former family, attained compression ratio (CR) values are usually too small.
For lossy techniques, the main aspect is to provide a reasonable trade-off between quality and CR
[5]. In remote sensing applications, quality can be treated in different ways. One option, as in
conventional color images, is to consider standard criteria such as mean square error (MSE) or peak
signal-to-noise ratio (PSNR) [5, 7] or visual quality metrics [9]. Meanwhile, since RS images are
usually subject to some further analysis (segmentation, object detection, classification), other
criteria and characteristics can be employed such as probability of correct classification (P.),
confusion matrix, false alarm rate [10], etc.

As a rule, a larger CR leads to worse classification accuracy, although specific effects of better
classification of compressed images (compared to uncompressed ones) are possible [11, 12]. Such
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effects often happen if compressed images are noisy [13] due to the fact that lossy compression of
noisy images is characterized by a specific noise filtering effect. This effect was discovered about 30
years ago [14, 15]. Later it was studied for coders based on discrete cosine transform [16] according
to conventional and visual quality metrics. Possible existence of the so-called optimal operation
point (OOP) was shown [14-16] where OOP is a such value of a parameter that controls
compression (PCC) for a given coder for which the compressed image is the closest to the
corresponding true (noise-free) image according to a considered metric. Then, there are two
reasons to compress noisy images in OOP (if it exists) or its close vicinity — to provide a relatively
good quality of the compressed image and to produce CR considerably larger than for lossless and
visually lossless compression. One more reason is that P, in OOP often occurs better than for
original noisy data [13].

Performance characteristics of compression in OOP (if it exists) depend on many factors
including image content, noise type and intensity, a used coder. When a new coder is introduced
(such as, e.g., Better Portable Graphics (BPG) coder [17]), special studies are needed to develop
methods for determining does OOP exist or no [16], what is PCC in OOP, etc.

Recently, Versatile Video Coding (VVC) has been proposed and studied in some papers [18-20],
designed as a part of HEVC evolution [18]. It introduces numerous advanced coding tools such as a
quadtree with nested multi-type tree partitioning, affine motion compensation, and adaptive loop
filtering, which provide significant compression efficiency improvements compared to its
predecessors. Although primarily intended for video, VVC can be effectively employed for other
purposes, exploiting its advantages over existing techniques, such as the ability to provide larger
CR for the same quality or better quality for the same CR [21, 22]. This was our main stimulus to
consider VVC applicability to lossy compression of three-channel noisy RS images with special
attention to analysis of classification accuracy. Another stimulus is that recently we have
demonstrated the possible existence of OOP in lossy compression of noisy images by VVC and
shown how OOP can be determined for the case of additive white Gaussian noise (AWGN) [23].

The main goal of this paper is to study classifier performance for uncompressed noisy and
compressed three-channel noisy images of different complexity for VVC coding approach and
neural network classifier. To the best of our knowledge, such a task has not been earlier considered
and, thus, we are interested in producing practical recommendations and possible benefits of the
proposed approaches.

2. Used images, noise model and quality criteria

In the experiments, we use two almost noise-free three-channel RS image fragments composed of
visible bands of Sentinel-2 multispectral data (see 1). The images were acquired at the end of
August 2019. Each fragment has a spatial size of 512x512 pixels with 8-bit representation per
component.

The selected scenes differ in structural complexity. The first fragment (1a, SS1) corresponds to a
rural area characterized by relatively large quasi-homogeneous regions. The second fragment (1b,
SS2) represents an urban environment with a more complex spatial structure and a high density of
fine details.

For both fragments, four thematic classes are considered: Urban, Water, Vegetation, and Bare
Soil. Ground-truth labeling is available for both scenes, which enables quantitative evaluation of
classification performance.

In practical RS systems, degradations may arise due to sensor limitations, acquisition conditions,
and physical imaging principles. In this study, we adopt the AWGN model as a baseline statistical
representation of noise.



Figure 1: Image fragments used in simulations: (a) SS1, and (b) SS2.

For each channel ke{1,2,3}, the observed pixel value at a spatial position (i,j) is modelled as:
IZ;isy:IZ;e+nkij, 1)

trus

where | Z;isy denotes the noisy ij-th pixel value, I kije is the true ij-th pixel value, and ny; is the value

of AWGN having zero mean and variance c°

The following assumptions are adopted: the noise is spatially uncorrelated, statistically
independent across channels, and has identical variance in all three components. The variance is
assumed to be known a priori or accurately estimated. Although real RS noise may exhibit signal
dependency, after appropriate variance-stabilizing processing it can often be approximated by the
AWGN model. Therefore, this model serves as a reasonable and analytically convenient starting
point.

In the classification experiments, we analyze images corrupted by AWGN with variances 6*=50
and 6°=100. These values correspond to moderate and relatively strong noise levels for 8-bit data
and allow studying the influence of noise intensity on classification accuracy under compression.

The noise level is characterized by the peak signal-to-noise ratio for the noisy image, defined as:

n_ 255° 255°
PSNR} = 101og10M— 10 1og107 [dB], 2)

k
where MSE is the mean squared error between the true and noisy images, and 255 corresponds to
the maximum possible pixel value in 8-bit representation.

Since the primary goal of the study is to evaluate the impact of compression on thematic
mapping, classification-oriented metrics are used for performance assessment. The main evaluation
measure is the F-measure, defined as the harmonic mean of precision and recall:

_y precision - recall

F . . b
precision+recall

©)

For a given class, precision is defined as the proportion of correctly classified pixels among all
pixels assigned to that class by the classifier. At the same time, recall is the proportion of correctly
classified pixels among all reference pixels of that class.

We compute both the aggregated F-measure (F.), characterizing overall classification
performance, and class-wise F-measures F,, m=1, ..., 4, that correspond to 1 — Urban, 2 - Water, 3 -
Vegetation, and 4 — Bare Soil, respectively. This evaluation framework enables analysis of class



sensitivity to noise and compression distortions, as well as comparison of behavior between
structurally simple and complex scenes.

3. Considered coder and basic rate-distortion curves

As the compression engine in this study, we employ VVC standard, specifically its VITM (VVC Test
Model) reference software. VVC represents the state-of-the-art in video coding technology, offering
significant compression efficiency improvements over its predecessors through advanced coding
tools [18].

In VVC, the compression ratio is primarily controlled by the Quantization Parameter (QP),
which determines the step size used for quantizing transform coefficients. Lower QP values result
in finer quantization, leading to better reconstructed image quality at the expense of lower
compression ratios (i.e., larger bitrates). Conversely, higher QP values produce coarser
quantization, yielding higher compression ratios but reduced image quality. The QP range in VVC
extends from 0 to 63, where 0 corresponds to nearly lossless compression and 63 to the highest
compression ratio with the most significant quality degradation.

Since our work focuses on still image compression rather than video sequences, we operate
VVC in intra-frame coding mode. Furthermore, given that our test images are three-channel color
composites, we employ the 4:4:4 chroma format, which preserves full spatial resolution for all color
components without subsampling. This ensures that the structural relationships between spectral
bands are maintained during compression, which is particularly important for subsequent
classification tasks where color information plays a crucial role.

In this paper, rate-distortion curves (RDCs) are presented as the dependence of objective quality
on the QP parameter that controls VVC compression. 2 shows RDCs for three objective full-
reference metrics: PSNR, SSIM (Structural Similarity Index) [24], and HaarPSI (Haar Wavelet-Based
Perceptual Similarity Index) [25], computed for both compressed original noise-free images and
compressed noisy images. PSNR is the most traditional metric. It is simple and widely used, but
does not account for structural or perceptual image characteristics. SSIM evaluates image similarity
through luminance, contrast, and structure comparisons. It is designed to better reflect human
visual perception by focusing on structural information rather than pixel-wise errors. HaarPSI is a
recent metric based on Haar wavelet decomposition. It analyzes images across multiple scales and
incorporates weighting factors that correlate with human visual system sensitivity, aiming for high
correlation with subjective quality assessments. For all three metrics, higher values indicate better
quality. Here, these curves provide the foundation for understanding how compression parameter
QP influence visual fidelity.

From 2a, which shows RDCs corresponding to compressed noise-free images, it can be observed
that these curves are monotonically decreasing. Additionally, it can be noted that these curves
depend on the source image content, which is particularly pronounced for the SSIM metric. These
RDC shapes change significantly when compressing noisy images for the PSNR and SSIM metrics
(2a and 2b). According to these two metrics, an OOP (maximum of objective quality) exists when
compressing the noisy SS1 image, and according to PSNR, a weakly pronounced maximum also
exists for the noisy SS2 image at variance 100. This confirms some earlier observations that the
existence of OOP depends on the source image content, i.e., that the probability of OOP existence is
higher for images that are less rich in details and contain smooth regions. Additionally, as the noise
power increases, OOP positions shift to the right toward higher QP values. Thus, PSNR-based
OOPs for image SS1 are 27 and 30, for noise variances 50 and 100, respectively. In contrast to these
two metrics, HaarPSI RDCs for compressed noisy images are monotonically decreasing, so no
OOPs are detected using this metric. Determining these objective scores requires access to the
original images, so the use of these metrics is limited to laboratory tests or to their application in
determining ground-truth OOPs.
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Figure 2: Full-reference metrics RDCs for: (a) noise-free, and (b) and (c) noisy compressed images.

In our previous research [26], based on the observed relationship between PSNR and QP at the
OOP (QPoop), it was shown that a reliable prediction of QPoop can be obtained using the relation:

QP,,»,=10.87+1010g,,0°". (4)

The accuracy of this prediction depends on the noise variance estimation, for which reliable
algorithms exist even for highly textured images [27]. For exact variance values (50 and 100),
according to (4), the QPoop values are 28 and 31, respectively. This agrees with the PSNR- and
SSIM-based OOPs. Even if an OOP does not exist, this prediction guarantees obtaining high-quality
noisy compressed images (see RDCs in 2b and 2c; particularly note the HaarPSI RDCs), with quality
almost identical to that achieved with compression at QP=0. Thus, we can also speak of a certain
type of optimum here, which enables the maximum CR value while maintaining excellent visual
quality.

An alternative to the full-reference are no-reference metrics, which do not require knowledge of
the original image. In this paper, two variants of the well-known SISBLIM metric are selected,
which is designed for quality assessment of singly and multiply distorted images [28]. These two
variants (SISBLIM, and SISBLIM..) employ distortion-specific quality measures intended for
assessing blurring (using the same approach) and noise (using different approaches). 3 shows
SISBLIM RDCs for compressed noise-free and noisy images, where lower metric values correspond
to better quality.
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Figure 3: No-reference metrics RDCs for: (a) noise-free, and (b) and (c) noisy compressed images.

In this case as well, it can be concluded that the presence of noise in the image significantly
affects the RDC profiles. Also, as the noise power increases, OOP positions shift to the right. Unlike
full-reference metrics, the existence of OOP can be observed for both images and both noise levels.
However, the OOP is not as pronounced since there is a range of QP values for which
approximately the same quality values are obtained. Compared to OOPs detected with full-
reference metrics, it can be said that no-reference-based OOPs lag by several QP values. Regardless
of this difference, the goal of this paper is to examine classification accuracy in the vicinity of OOPs
in the analysis that follows.

4. The studied classifier and its training

For three-channel RS images, various classification approaches can be applied [29, 30]. Based on
previously obtained results [29], a feedforward neural network implemented as a sequential
multilayer perceptron (MLP) is used in this study. The classifier is selected due to its relatively
simple architecture, stable convergence properties, and sufficient representational capacity for low-
dimensional spectral feature spaces.

Each pixel is represented by a three-dimensional feature vector corresponding to the visible
spectral components. Before training, input data are normalized to the range [0, 1] by dividing
pixel values by 255.

The network consists of five fully connected hidden layers containing 128, 64, 32, 16, and 8
neurons, respectively, followed by an output layer with Softmax activation. Hidden layers employ
the ReLU activation function:

ReLU (x)=max(0,x), (5)

which provides computational efficiency and favorable convergence behavior in deep networks.
The output layer produces posterior probabilities for five categories. Four neurons correspond
to the thematic classes (Urban, Water, Vegetation, and Bare Soil), while the fifth neuron represents
background/unlabeled pixels required for consistent mask-based processing. The final class label is
assigned according to the maximum posterior probability criterion.
The network is trained in a supervised manner using sparse categorical cross-entropy as the
loss function:



LZ-;log pyi, (6)

where p, denotes the predicted probability of the true class for pixel i

Optimization is performed using the RMSProp algorithm, which is a modernized error
backpropagation algorithm.

The network is trained for 70 epochs. Training loss and sparse categorical accuracy are
monitored across epochs to ensure stable convergence. The network is trained using a batch size of
515 and default RMSProp parameters, without applying additional regularization techniques such
as dropout or batch normalization.

For each 512x512 image fragment, spatial masks are constructed to divide pixels into training
and test subsets. The masks used for the structurally simple and structurally complex images are
shown in 4 and 5, respectively. The spatial masks are fixed across all experiments to ensure
consistent evaluation conditions.
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Figure 4: Fragments employed for the classifier training for the test images:(a) SS1, and (b) SS2.
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Figure 5: Fragments employed for the classifier verification for the test images:(a) SS1, and (b)
SS2.



Training and test regions are spatially separated in order to reduce statistical dependence
between samples and to provide an unbiased estimation of classification performance. The
corresponding training and verification sample sizes for SS1 and SS2 images are summarized in
Table 1.

Table 1
The training and verification sample sizes for the test images
Class SS1 SS2
Training samples, Verification Training samples, Verification
pixels samples, pixels pixels samples, pixels
Urban 7441 12154 11469 28040
Water 52310 96852 4201 7117
Vegetation 19936 38258 5993 6032
Bare Soil 6296 7898 15081 19125

5. Analysis of the obtained results

Recall that our classifier has been trained on noise-free images and then applied to noisy or noisy
compressed images. This allows studying how noise and distortions due to lossy compression with
different QP (and CR) influence classification accuracy in general and for particular classes. Thus, 2
presents class-wise and overall classification performance for noise-free, noisy, and noisy
compressed images, together with the corresponding CR values of the noisy compressed images.
Performance is presented for both noise variances and for several QP values. For convenience, we
mark cases in the leftmost column. Analysis of data in 2 shows the following:

1.  Noise presence leads to reduction of F, as well as F for all particular classes (consider Cases
1 and 8); the more intensive AWGN results in less F. and F for all particular classes
(compare data for Cases 1 and 8); noise influence appears in multiple point-like
misclassifications (compare data in 6a and 6b);

2. Lossy compression using QP<QPoop-5 does not make the classification results worse but,
simultaneously, it does not lead to significant improvement of classification metrics
(compare the Cases 1 and 2; compare the Cases 8 and 10);

3. For OOQP or its close neighborhood (Case 3 for AWGN variance 50 and Case 11 for AWGN
variance 100), the classification accuracy is considerably better than for the classifier
applied to noisy images; it is comparable to classification data for the noise-free image
(Case 0); see the classification map in 6¢;

4. Meanwhile, even slightly better results have been obtained for QP~QP qop+10 (Cases 4-6 for
AWAGN variance 50 and Cases 12 and 13 for AWGN variance 100);

5. However, for QP>50, classification accuracy decreases and the obtained maps are
characterized by artifacts (see the classification map in 6d);

6. Even for QP~QPqop (Cases 3 and 11) the attained CR are large enough; furthermore, larger
CR values can be provided if one sets QP slightly larger than QPoop without loss in
classification accuracy.



Table 2

Classification accuracy for the test image SS1 particular classes, and general

Case Noise Image used for F F, F; F, Total F. CR
variance classification

0 - noise-free 0.83 0.99 0.93 0.79 0.95 -
1 50 noisy 0.79 0.94 0.81 0.70 0.88 -
2 50 noisy, QP=22 0.79 0.95 0.84 0.70 0.89 5.37
3 50 noisy, QP=27 0.84 0.99 0.93 0.80 0.95 29.66
4 50 noisy, QP=32 0.83 0.99 0.92 0.83 0.95 69.74
5 50 noisy, QP=37 0.88 0.99 0.95 0.87 0.97 144.43
6 50 noisy, QP=42 0.81 0.99 0.95 0.83 0.96 288.28
7 50 noisy, QP=57 0.75 0.93 0.81 0.77 0.87 2488.7
8 100 noisy 0.77 0.88 0.71 0.59 0.81 -
9 100 noisy, QP=22 0.77 0.90 0.74 0.61 0.83 4.49
10 100 noisy, QP=27 0.77 0.96 0.87 0.70 0,91 13,19
11 100 noisy, QP=32 0.86 0.99 0.94 0.83 0.96 66.37
12 100 noisy, QP=37 0.86 0.99 0.95 0.84 0.96 143.56
13 100 noisy, QP=42 0.88 0.99 0.96 0.89 0.97 288.81
14 100 noisy, QP=52 0.78 0.98 0.92 0.71 0.94 1219.3
15 100 noisy, QP=57 0.70 0.85 0.70 0.61 0,78 25534

Let us now analyze the data in 3. The conclusions drawn are the following:

Noise results in reduction of F, as well as F for all particular classes (see data for Cases 1
and 9); the more intensive AWGN leads to smaller F. and F for all particular classes
(compare data for Cases 1 and 9); the presence of noise in this case also leads to
misclassifications (compare data in 7a and 7b);

Compression using QP<QPoop-5 does not make the classification slightly better (compare
the Cases 1 and 2 as well as the Cases 9 and 11);

For QPoop<QP<QPoop+10 the best classification results are obtained (Cases 3-6, Cases 12-
15); accuracy is considerably better than for the classifier applied to noisy images (Case 1)
and comparable to classification results for the noise-free image (Case 0); see the
classification map in 7c;

For QP>45, classification accuracy decreases and the classification maps are characterized
by artifacts (see 7d);

For QP~QPoop (Cases 4 and 12) the attained CR are quite large although smaller than for
SS1 image; larger CRs can be provided if QP is set slightly larger than QP oop practically
without reduction of classification accuracy.



Table 3

Classification accuracy for the test image SS2 particular classes, and general

Case Noise Image used for F F, F; F, Total F,. CR
variance classification

0 - noise-free 0.93 0.78 0.68 0.91 0.87 -
1 50 noisy 0.83 0.48 0.49 0.72 0.71 -
2 50 noisy, QP=22 0.84 0.48 0.50 0.75 0.73 3.81
3 50 noisy, QP=27 0.91 0.70 0.61 0.90 0.85 7.59
4 50 noisy, QP=28 0.93 0.72 0.67 0.92 0.87 9.50
5 50 noisy, QP=32 0.94 0.70 0.72 0.95 0.89 17.93
6 50 noisy, QP=37 0.94 0.70 0.73 0.96 0.90 38.04
7 50 noisy, QP=42 0.91 0.62 0.60 0.91 0.85 98.99
8 50 noisy, QP=47 0.88 0.53 0.44 0.89 0.81 296.88
9 100 noisy 0.78 0.31 0.43 0.54 0.63 -
10 100 noisy, QP=22 0.80 0.37 0.44 0.60 0.66 3.38
11 100 noisy, QP=27 0.82 0.52 0.45 0.63 0.68 5.15
12 100 noisy, QP=31 0.93 0.68 0.65 0.92 0.87 14.05
13 100 noisy, QP=32 0.94 0.69 0.70 0.93 0.88 16.63
14 100 noisy, QP=37 0.94 0.69 0.68 0.95 0.88 37.00
15 100 noisy, QP=42 0.93 0.66 0.60 0.95 0.88 96.49
16 100 noisy, QP=47 0.91 0.68 0.46 0.94 0.85 292.14
17 100 noisy, QP=57 0.85 0.36 0.35 0.84 0,75 2721,2

Finally, our practical recommendations for applying VVC compression to noisy three-channel

remote sensing images are the following: calculate QPoopr based on objective quality metrics or

depending on the noise variance; then use QP values larger than the determined QPoor (up to
QPoop+10) to achieve good classification accuracy and rather large compression ratios; avoid using

QP=50 to prevent artifacts.
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Figure 6: SS1 image classification maps for: (a) Case 0, (b) Case 1, (c) Case 3, and (d) Case 7.

6. Conclusions

In this paper, the possibility of applying the VVC standard to noisy three-channel remote sensing
images has been systematically investigated. The study was motivated by the need to achieve
efficient compression of increasingly large volumes of remote sensing data while preserving or
even improving the usability of such data for subsequent classification tasks.

It is shown that an optimal operation point (OOP) can exist according to different full-reference
(PSNR, and SSIM) and no-reference (SISBLIMy, and SISBLIM...,) metrics, approximately for the
same QP values, where QPoop mainly depends on the noise variance. The likelihood of OOP
existence is higher for larger noise variances and for images with simpler spatial structure, such as
those containing large homogeneous regions. For images with complex structure (e.g., urban
areas), the OOP is less pronounced but still observable under certain noise conditions. However,
even if OOP does not exist for a given image, its lossy compression using QPoop calculated
according to the proposed formula does not lead to a significant reduction of image quality.

Furthermore, lossy compression of noisy images in the vicinity of the OOP leads to improved
classification accuracy, both in terms of aggregate criteria (F-measure) and per-class probabilities of
correct classification. This improvement is observed not only at QPqop itself, but also, within certain
limits, for QP values larger than QPoop, which allows for higher compression ratios while
preserving or even enhancing classification performance. Such benefits are attainable even for
images with complex structure, although the achievable compression ratios may be somewhat



lower compared to simpler images. However, for QP=50, compression artifacts begin to appear,
affecting both visual quality and classification accuracy. This indicates that there is an upper bound
on QP beyond which compression becomes detrimental regardless of noise level.

The results also demonstrate that VVC, operating in intra-mode with 4:4:4 chroma format, is
well-suited for remote sensing image compression, offering not only state-of-the-art compression
efficiency but also the potential to exploit noise filtering effects for improved classification
accuracy.

In future work, we plan to extend the analysis to a larger set of test images covering diverse
land cover types and acquisition conditions. We also intend to investigate other types of classifiers,
including deep learning-based approaches, and to explore the possibility of adapting compression
parameters based on image content and noise characteristics. Additionally, the influence of more
complex noise models (e.g., signal-dependent noise) on OOP existence and classification accuracy
will be addressed.
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(c) noisy, 6°=50, QP=28

(d) noisy, 6°=50, QP=47
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Figure 7: SS2 image classification maps for: (a) Case 0, (b) Case 1, (c) Case 4, and (d) Case 8.
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