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Abstract

Classification accuracy of remote sensing data depends on many factors including level of
distortions if lossy compression is applied to original data. However, it is difficult to predict
what compression ratio or characteristics of distortions have to be provided in order to ensure
classification accuracy reduction due to lossy compression is appropriate for a given image.
We show that, under certain conditions, the distortions introduced by many modern techniques
of lossy compression can be described as additive white Gaussian noise (AWGN). Then, the
task can be divided into two simpler subtasks. First, one needs to understand what is the
maximal allowed level (mean square error, peak signal-to-noise ratio) of AWGN to ensure
appropriate classification accuracy (or its deterioration). Second, how to provide such level of
distortions for a given coder and a given image. The second task has been solved for many
existing coders. Hence, the first task is addressed in this paper. We analyze four thee-channel
images composed of three bands of multispectral Sentinel-2 images. Then, AWGN with
different variance values is added. Two methods of image pixel-wise classification are studied.
The obtained results show that the classification accuracy depends on a classifier used and
image complexity whilst dependence on noise variance is also obvious. Whilst PSNR of
compressed images of the order 38 dB has practically no negative impact on classification
accuracy, larger distortions might have a considerable negative impact. Several ways to attain
a desired PSNR are mentioned.
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1. Introduction

Remote sensing (RS) has become a popular tool for solving many important tasks of environment
monitoring, estimation of sensed terrain parameters, control of agricultural plant state [1, 2], etc. One
important stage of image processing is image classification [3, 4] that produces maps which can be the
final product of remote sensing or a pre-final result if certain characteristics are then determined for
objects (fragments) that belong to particular classes.

A general modern tendency in remote sensing is data size increasing. This is due to better spatial
resolution of sensors, more frequent observation of terrains, larger number of channels (bands,
polarizations) for which images are acquired. This leads to necessity to compress data especially at
stages of their downlink transfer from satellite and aerial platforms. As known, there are lossless and
lossy image compression techniques [5, 6]. Lossless compression often does not provide high enough
compression ratio (CR). Meanwhile, lossy compression allows providing a larger and variable CR but
by the expense of introduced distortions. There are many factors that determine how these distortions
effect classification. At the first glance, it might be surprising but such situations are possible that lossy
compression provides better classification than classification of uncompressed (original, compressed in
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a lossless manner) data [7, 8]. Meanwhile, in most cases, lossy compression results in worse
classification than for the corresponding uncompressed images. Thus, one needs to find a reasonable
compromise between parameters of lossy compression (CR, metrics that characterize compressed
image quality, resources and time spent on attaining a desired quality) and acceptable degradation of
classification characteristics (accuracy).

Note that known results of studies carried out so far [5-10] allow expecting that classification
accuracy depends upon a great number of factors: 1) properties of original images (number of channels,
spectral range of sensing, total PSNR and particular PSNRs in component images); 2) properties of a
sensed scene including the number of classes, mean size of objects, etc.; 3) classifier properties as type,
used features, methodology of its learning or design, etc. This means that a complex research has to be
carried out to answer the question on how to provide an appropriate quality of compressed images.

To get some preliminary answers, we perform a research for three-channel images which are the
simplest variant of multichannel RS data. Pixel-wise classification is applied. Maximal likelihood (ML)
and neural network (NN) based classifiers are considered. The novelty consists in methodology of
simulating distortions introduced by lossy compression. We show that for several methods of image
compression the distortions have distribution close to Gaussian and spatially they are almost
uncorrelated. This allows simulating them as additive white Gaussian noise without carrying out
numerous compression/decompression for obtaining different levels of distortions for the analyzed set
of compression techniques. In turn, this allows saving time and obtaining generalized conclusions that,
later, can be discussed more in detail for particular image compression techniques.

2. Brief analysis of distortions due to lossy compression and related studies

An inherent property of lossy compression is that it introduces distortions irrespectively of an image
compression technique used. Meanwhile, statistical and spectral characteristics of such distortions have
not been intensively studied yet.

Certainly, there is a lot of studies dealing with analysis of rate distortion curves and comparison of
coder performance (see, e.g., [9-12] and references therein). The following main tendencies are
demonstrated there: 1) image quality (characterized in terms of standard metrics as mean square error
(MSE) and peak signal-to-noise ratio (PSNR) or visual quality metrics as SSIM, PSNR-HVS-M, FSIM
and so on [13]) decreases if CR increases; 2) rate/distortion curves behave individually, the general
tendencies are similar but particular curves can be quite different depending on image properties
(complexity) [11]; 3) it might happen that for a given image one coder performs in the best way whilst
for another image another coder is the best; 4) it is possible to provide a desired quality of an image
subject to lossy compression according to a given quality metric in two iterations (steps) quite
accurately [11] and with more iterations very accurately but by the expense of larger time and
computational resources; 5) there is a certain correlation between conventional metrics that describe
lossy compression and classification accuracy; however, this correlation is not strict and it is not
perfectly established yet; it is mainly shown that lossy compression with a rather small compression
ratio (CR) has a little impact on classification while a larger CR leads to considerable degradation [6].

Thus, let us start from considering available information on statistical and spectral characteristics of
introduced distortions. For this purpose, it can be useful to analyze behavior of three rate/distortion
curves for the coder AGU (http://ponomarenko.info/agu.htm). This is the DCT based coder that has
relatively good performance (better than for JPEG and JPEG2000) due to three peculiarities: use of
32x32 pixel blocks, better coding of quantized DCT coefficients, and embedded deblocking of
decompressed images. Metrics that we will jointly use are PSNR, PSNR-HVS
(http://ponomarenko.info/psnrhvsm.htm) and PSNR-HVS-M (http://ponomarenko.info/psnrhvsm.htm)
where HVS stands for human vision system and M relates to masking. The visual quality metrics PSNR-
HVS and PSNR-HVS-M are organized in such a manner that they are equal to PSNR for the case of
AWGN if masking effect is absent. If masking effect is present (it deals with noise masking by textures),
then PSNR-HVS-M is larger than PSNR. In turn, PSNR-HVS and PSNR-HVS-M values are smaller
than PSNR if noise or distortions are spatially correlated (and, for PSNR-HVS-M, if masking effect is
absent or its influence is negligible).


http://ponomarenko.info/psnrhvsm.htm

Below we present the curves for the test image Goldhill (Figure 1, a). As one can see, for small CR
the values of PSNR and PSNR-HVS are practically the same whilst PSNR-HVS-M is sufficiently
larger. This is due to masking effect as well as thanks to the absence of spatial correlation of distortions.
If CR is quite large (e.g., about 20) PSNR and PSNR-HVS-M are almost the same (masking effect
becomes smaller and introduced errors become spatially correlated), PSNR-HVS is smaller than PSNR
(due to spatial correlation of introduced errors).

Figure 1, b shows other examples. They are for two coders, AGU and SPIHT [14], the test image is
Baboon which is more complex (textural) than Goldhill. The more complex structure of Baboon image
leads to smaller PSNR values than for Goldhill for the same CR (e.g., compare the data for CR=10 in
Figures 1, aand 1, b). Again, PSNR and PSNR-HVS-M values become practically equal for large CR.
One more observation is that for entire range of CR values the coder AGU outperforms SPIHT
according to both metrics (Figure 1, a) but the difference is not large.
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Figure 1: Rate distortion curves for AGU coder for the test image Goldhill (a) and rate/distortion curves
for the coders SPIHT and AGU for the test image Baboon (b)

Statistical and spatial correlation properties of introduced losses can be analyzed in another manner
as well. One way is to obtain difference images as A(i,j) = I1(i,j) — I.(i,j) where i =1, ... I},
j=1,..Jmm: Imm and J,, denote the image size, 1(i, ) and I.(i, j) are original and compressed image
values in the ij-th pixel.

Then, it is possible to carry out different operations of statistical and spectral-correlation analysis of
the data array {A(i,j),i =1, ...I;;n,j = 1, ...Jpm }. In particular, it is possible to calculate mean and
variance of integer variables {A(i,j),i =1, .11, = 1, ...J;m }, check its Gaussianity or determine
skewness and kurtosis. We have carried out such preliminary analysis for several test images and for
three values of quantization step (QS) for the AGU coder.

Data are presented in Table 1 for six grayscale test images where the images Baboon and Grass are
the most textural and the images Fly and Pole are the simple structure ones.

Table 1

Statistical characteristics of {A(i,j),i =1, ...I;;p,j = 1, ... ];m }, QS=5

Test image Statistical characteristics CR
Variance Kurtosis Skewness St. deviation

Baboon 2.12 2.98 -0.0077 1.45 2.22
Boat 1.95 3.00 -0.0062 1.39 3.21
Fly 1.43 3.33 0.0173 1.19 5.46
Grass 2.14 3.02 0.0051 1.46 1.65
Lenna 1.86 3.03 0.0013 1.36 4.06

Pole 1.26 3.58 0.0084 1.12 5.14




Analysis of the obtained data shows the following. First, for complex structure images, the variance
of introduced losses is approximately equal to QS?/12 whilst variance is smaller for simpler structure
images. Second, there is a sufficient difference (by almost 3 times) in CR. Third, skewness is almost
equal to zero, mean (not shown in Table 1) is practically equal to zero as well. Thus, the distribution is
symmetric and it is not surprising. Finally, kurtosis is about 3 for all images except the test image Pole
and (in less degree) the test image Fly. Thus, distributions are close to Gaussian except of distributions
for simple structure images for which a heavier tail takes the place.

To partly confirm these conclusions, let us present histograms of distributions. Figure 2 shows the
histograms for the test images Baboon (a) and Fly (b). They both look close to normal.
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Figure 2: Histograms of {A(i,j), i=1,...,lim, j=1,...,Jim}, QS=5, for the images Baboon (a) and Fly (b)

Magnified absolute values of differences is represented as image in Figure 3, a. Below (Figure 3, ¢)
the test image Fly is given. Joint analysis shows that larger variations of differences are observed for
locally active areas (pixels that correspond to edges, detail, textures) of the image Fly. The latter
property appears itself even more obviously for the difference map for the test image Pole (Figure 3, b)
where the more intensive distortions take place for edge and detail neighborhoods (compare the images
in Figure 3, b and d, jointly). Analysis of central cross-sections of 2D autocorrelation functions and
spectra of differences has shown that differences are practically spatially independent for QS=5.

Data for QS=15 are collected in Table 2. Their analysis shows the following. First, for complex
structure images variance of introduced losses is less than QS?/12 and variance is considerably smaller
than QS?/12 for simpler structure images. The difference in CR becomes larger (the maximal and
minimal values differ by almost 4 times). Second, skewness is close to zero, mean is close to zero, too.
Hence, the distribution is close to symmetric. Third, kurtosis is about 3 for the most complex structure
images. Meanwhile, for the test image Pole and Fly, the kurtosis is considerably larger than 3.
Therefore, distributions can be close to Gaussian and they might also have a heavy tail.

Table 2
Statistical characteristics of {A(i,j),i =1, ...}, j = 1, ... ];m }, QS=15
Test image Statistical characteristics CR
Variance Kurtosis Skewness St. deviation

Baboon 16.10 3.08 -0.0022 4.01 3.83
Boat 11.56 3.29 0.0126 3.40 7.37
Fly 5.90 7.79 -0.0991 2.43 11.93
Grass 18.14 3.03 -0.0002 4.25 2.44
Lenna 9.19 4.28 -0.1306 3.03 12.50

Pole 5.35 8.52 0.0169 2.31 10.02




c d
Figure 3: Magnified absolute values of differences for the test images Fly (a) and Pole (b) and the test
images Fly (c) and Pole (d)

a
Figure 4: Magnified absolute values of differences for the test image Baboon, QS=15 (a) and the test

image Baboon (b)

Although the distribution of differences is close to Gaussian for the test image Baboon, there is a
certain heterogeneity in local intensity of distortion fluctuations. The smallest intensity is observed in
the central part (baboon’s nose) where image is quasi-homogeneous (less textural, Figure 4).



Note that Gaussianity of the introduced distortions is observed not only for the coder AGU. We have
done the tests for the coders ADCT (http://ponomarenko.info/adct.htm), SPIHT, and 3D version of
AGU (see the histograms in Figure 5) that confirmed Gaussianity for CR that are not too large. Under
this condition, AWGN can serve as a good model of introduced distortions. The model is approximately
valid for rather small noise variance when PSNR exceeds 36 dB and it is visually unseen.

One interesting observation is that distortions are more intensive in locally active areas of images.
This fact can be taken into account in later studied after more thorough analysis of dependence of
distortion statistics on true image local activity. Meanwhile, it is possible to predict that the
aforementioned phenomenon leads to a larger degradation of classification accuracy for classes
represented by locally active image areas as textures, i.e. the class “Urban” or, in less degree, “Forest”.
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Figure 5: Histograms of differences for blue (a) and green (b) components of color image Goldhill
compressed by the 3D AGU coder

3. Used images and classification approach

We have already mentioned that classification results depend on many factors, including the used
classifiers. Because of this, here we analyze the results obtained for two known classifiers with
supervised learning.

The task of image classification is usually treated as creation of an optimal (or quasi-optimal)
classifier that maps a set of available observations of class attributes (features) into a set of classes
which is represented by unique names or numbers (indices) d(x): X — A. The optimality is often
treated as follows: if elements x from the observation space X are presented in the classification process,
correct decisions have to be undertaken as often as possible.

Supervised classification procedures that we deal here presume the presence of training samples
which are collections of pixels representing a recognizable pattern or a potential class. These are some
areas in the image(s) which are well-defined and/or identified based on the ground truth data taken from
the Earth's surface maps.

For the maximum likelihood (ML) approach [15, 16], the classification is based on obtaining feature
distributions for each class and their analytical description. Features obviously have non-Gaussian
distributions [16]. Because of this, densities have been approximated by Johnson's SB-distribution that
have four unknown (variable) parameters that can be adjusted in iterative way.

Another considered approach to classification is based on a trained neural network [17].
Convolutional NN has been employed [17]. The used model includes a sequence of four hidden layers
which are densely connected and have 64, 32, 16, and 8 neurons, respectively. The hidden layers are
activated by the ReLU function. The output layer has linear activation function. The RMSProp
optimizer for the MLP training has been employed.



To analyze the effect of lossy compression (using AWGM model) on classification results, four
three-channel images of the size 512x512 pixels have been used. These images have been obtained
from multichannel data acquired by Sentinel-2 satellite sensor (see these fragments in Figure 6). Visible
range components have been used.

After visual analysis and using the maps of the corresponding regions, it has been assumed for all
four fragments that in each image there are four classes of objects: 1 — Urban, 2 — Water, 3 — Vegetation,
4 — Bare soil. The RS images represent the territory fragments for Kharkiv (images SS2 and SS4) and
its environs (images SS1 and SS3), Ukraine. At training stage (carried for each fragment individually),
we have chosen relatively homogeneous area of image fragments representing each particular class.
Pixels that correspond to each class were marked with conditional colors: Urban — yellow, Water — blue,
Vegetation — green, Bare Soil — black. The obtained sets of marked pixels have been divided into two
subsets, training and control (verification) samples that did not overlap. The marked areas (sets of
reference pixels) have been divided into two subsets, which were used for training and assessing the
quality of the classifier. The amount of pixels in the training samples were of the order of (4... 20) x
10® whilst the volumes of the verification samples were larger — about (7... 50) x 10° pixels.

Figure 6: Three-channel image fragments used in our analysis: SS1 (a), SS2 (b), SS3 (c), and SS4 (d)



4. Experimental results

Let us present some classification results for the ML classifier.

In accordance with this criterion, it is considered that the control sample x* (that is, the values of the
classification features x in the current pixel s of the image I(i, j)) belongs to the class a,,, 1 <v <K, for
which the likelihood function is maximum:

(%% 6|a,) = 1rsnlfis)§({f(f*; flax)} = s € a,, (1)
where f(ic’; §|ak) is a conditional distribution density of features for the k-th class (more precisely, its

estimate obtained at the stage of training the classifier); 6 is a vector of distribution parameters.

The reliability of classification is characterized by the probabilities of correctly recognized pixels
and errors. The statistical estimates of these probabilities are the percentage of correctly and falsely
recognized image pixels. Reference images are used for evaluation.

The percentage of correctly recognized pixels of the k-th class is calculated as follows:

1 N
Qx = N E Cr(x7),
i Lmdi jis(ij)ea

where N, is the number of pixels belonging to the k-th class on the reference image; Cj, (x*) = 1 if the
classifier decision is correct, otherwise C, (X*) = 0.

The estimate of the total probability of correct recognition based on the classification results of a

test image containing images of K classes is found by the formula
A (3)
Py = X klek-

This criterion is considered the most general and suitable for many recognition problems with a
limited number of classes.

For the image SS1, the verification areas are shown in Figure 7, a.

The classification map for the original image (without added AWGN) is presented in Figure 7, b.
As one can see, even for noise-free image, the classification is not perfect. There are quite many
misclassifications, especially for the classes Urban and Bare Soil. There are also quite many
misclassifications for the classes Water and Vegetation.

Classification errors are due to several reasons. First, the spectral composition of each pixel is a set
of spectral characteristics of the objects that form this pixel. Significant distortions in the obtained
spectra are also introduced by the fact that different parts of the surface are in different conditions during
the shooting. Secondly, the classes in the feature space are not uniquely separable (in other words, the
decision-making areas in favor of one or another class intersect). Thirdly, the quality of training samples
also affects - these samples may be not representative enough, that is, they may not adequately describe
the stochastic properties of classes. Finally, the accepted class standard models may not accurately
approximate empirical distributions.

The confusion matrix of the original image SS1 is presented in Table 3.

(2)

Table 3
Confusion matrix [18] for the ML classifier applied to original SS1 image fragment
Class Probability of Decision
Urban Water Vegetation Bare soil
Urban 0.695 0.001 0.049 0.255
Water 0.001 0.979 0.019 0.001
Vegetation 0.026 0.029 0.9 0.044
Bare soil 0.124 0 0.025 0.85

The classification results for images to which noise has been artificially added are given in Figure
7, ¢ and d. Their comparison between each other and to the classification map in Figure 7, b clearly
demonstrate that the percentage of misclassifications increases when AWGN variance becomes larger.
This fact can be also confirmed quantitatively.



c
Figure 7: Classification results for SS1 fragment: verification areas (a); classification maps for original
(b) and noisy (6%=9, ¢; 6%=25, d) images, ML classifier

The confusion matrix for AWGN variance equal to 49 is presented in Table 4. Consider its diagonal
elements. Probability of correct classification for the first class P11 has slightly increased, but the
probabilities P2, P33, and Pas for the corresponding classes have considerably reduced. Percentage of
misclassifications has greatly increased.

Table 4
Confusion matrix for SS2 image fragment corrupted by AWGN with 02=49
Class Probability of Decision
Urban Water Vegetation Bare soil
Urban 0.745 0.0 0.05 0.205
Water 0.07 0.756 0.086 0.088
Vegetation 0.101 0.053 0.771 0.076

Bare soil 0.368 0 0.034 0.598




This means that even for 6?=49 (PSNR about 31 dB) the degradation of classification accuracy due
to noise (that simulate distortions due to lossy compression) is sufficient. To carry out a more detailed
study, we have calculated probabilities for particular classes as well as total probability P for several
values of noise variance. They are presented in Table 5.

Table 5
Particular class and total probabilities of correct classification for image SS1 with different noise
intensity, ML classifier

Class Original 0=3 0=5 o=7 0=10
Urban 0.70 0.72 0.74 0.75 0.76
Water 0.98 0.95 0.86 0.76 0.61
Vegetation 0.90 0.88 0.83 0.77 0.65
Bare soil 0.85 0.81 0.71 0.60 0.43
Total 0.856 0.839 0.784 0.718 0.615

Analysis of the presented data shows that added distortions might increase the probability of correct
classification for a particular class. However, for most classes, there is reduction of probabilities of
correct classification as well as total probability. While for 6=3 the reduction is appropriate (0.02 —
0.04), it becomes too large for already =5 and catastrophic for =10.

It is impossible to make conclusions based on only one image. So, consider other test data. Table 6
presents the probabilities for the image fragment SS2. Again, the distortions have practically no
negative impact on correct classification for the class Urban. Meanwhile, it has considerable negative
impact on classification results for all three other classes leading to noticeable degradation of correct
classification for c=3 and catastrophic degradation for ¢>5.

Table 6
Particular class and total probabilities of correct classification for image SS2 with different noise
intensity, ML classifier

Class Original o0=3 0=5 o=7 0=10
Urban 0.92 0.91 0.91 0.91 0.91
Water 0.92 0.87 0.78 0.67 0.56
Vegetation 0.69 0.65 0.60 0.55 0.46
Bare soil 0.86 0.78 0.65 0.52 0.38
Total 0.847 0.805 0.735 0.663 0.557
Table 7

contains data for the image fragment SS3. Only for the class Urban there is no negative impact of
the noise on classification accuracy. For other classes, the negative impact is sufficient. The analysis
shows that it is strongly undesired to have noise with 6>3, i.e. PSNR<38 dB for compressed images.

Table 7
Particular class and total probabilities of correct classification for image SS3 with different noise
intensity, ML classifier

Class Original o0=3 0=5 o=7 0=10
Urban 0.91 0.92 0.92 0.92 0.92
Water 0.99 0.87 0.74 0.63 0.52
Vegetation 0.90 0.90 0.85 0.76 0.63
Bare soil 0.71 0.60 0.47 0.34 0.21
Total 0.877 0.822 0.743 0.662 0.568

Finally, the data for the image fragment SS4 are collected in Table 8. There is P11 increase if noise
variance increases. For other classes, there is a sufficient reduction of probabilities of correct



classification. We have carried out special study to understand why this happens. To our opinion, this
is because distributions for the classes Water and Bare Soil (and, in less degree, for the class Vegetation)
are quite narrow. Then, if noise is present, the distorted pixel values (features) can fall into Urban class
feature area which is very wide.

Table 8
Particular class and total probabilities of correct classification for image SS4 with different noise
intensity, ML classifier

Class Original 0=3 0=5 o=7 0=10
Urban 0.65 0.65 0.66 0.68 0.69
Water 0.86 0.79 0.71 0.63 0.52
Vegetation 0.94 0.89 0.84 0.73 0.53
Bare soil 0.80 0.74 0.64 0.55 0.42
Total 0.811 0.768 0.712 0.642 0.540

5. Discussion

Summarizing the results, we can state the following. First, the total probability of correct
classification P; has a steady tendency to reduction if noise variance increasing. The reduction can be
acceptable for o about 3 but it becomes too large for larger o. Probably, reduction also depends on
image complexity. However, to determine this dependence, we need more images and a parameter (or
parameters) able to characterize image complexity adequately.

Second, misclassifications are “point-wise” and this is due to pixel-wise classification of RS images.
Maybe, the use of spatial information (either at getting the features or at post-classification stage) can
improve classification. This will make it possible to include in the decision rules not only the spectral
values of individual pixels, but also the complex brightness-structural characteristics of the groups of
pixels that form the segments.

This use of spatial information can be realized in different ways:

1. asuse of spatial features at classification stage [19] (it is also worth mentioning here that only

three input features (i.e., pixel color) are used in classification and this can be not enough);

2. by filtering of decompressed images before classification;

3. as post-classification processing [20].

Consider now the results for the NN-classifier.

The classification maps for the test image fragment SS1 are shown in Figure 8. It is seen that, in
general, they look better than for the ML-classifier (compare the maps in Figure 7, ¢ and Figure 8, b
and in Figure 7, d and Figure 8, c). There are less misclassifications, at least, for the class Water.

Quantitative data summarizing the results for the test image SS1 are given in Table 9.

Most probabilities are sufficiently better than for the ML classifier (compare the data in Table 5 and
Table 9). For 0<5, the results can be considered acceptable. For all classes, a general tendency to
degradation of classification results is observed if AWGN variance increases.

Table 9
Particular class and total probabilities of correct classification for image SS1 with different noise
intensity, NN classifier

Class Original o0=3 0=5 o=7 0=10
Urban 0.80 0.80 0.75 0.79 0.73
Water 0.99 0.98 0.97 0.93 0.92
Vegetation 0.93 0.92 0.88 0.81 0.75
Bare soil 0.77 0.76 0.73 0.71 0.64

Total 0.873 0.865 0.833 0.805 0.760




Figure 8: Classification results for SS1 fragment maps for original (a) and noisy (0?=9, b; 6?=25, ¢;
02=49, d) images, NN classifier

The classification results for the test image fragment SS2 are presented in Table 10. In general, they
are slightly worse than for the ML classifier (compare data in Table 10 to the corresponding data in
Table 6). Reduction of all particular probabilities as well as P; takes the place if noise intensity increases
and this reduction can be considered appropriate only for o=3.

Table 10
Particular class and total probabilities of correct classification for image SS2 with different noise
intensity, NN classifier

Class Original 0=3 0=5 o=7 0=10
Urban 0.92 0.90 0.87 0.84 0.81
Water 0.71 0.64 0.52 0.53 0.37
Vegetation 0.62 0.60 0.55 0.52 0.44
Bare soil 0.90 0.87 0.80 0.74 0.67

Total 0.788 0.753 0.660 0.633 0.598




Table 11 contain data of SS3 image fragment classification. The classification by NN is worse than
for the ML classifier for the class Urban (compare data in Table 7

and Table 11). For other classes and, in aggregate, the NN classifier performs better. Classification
accuracy reduction is acceptable if 6=3 but for larger considered values of AWGN standard deviation
the reduction is too large. Thus, again we come to necessity to provide PSNR of compressed data about
38 dB or larger, i.e. to ensure invisibility of introduced distortions (this usually happens if PSNR
exceeds 36 dB).

Table 11
Particular class and total probabilities of correct classification for image SS3 with different noise
intensity, NN classifier

Class Original o=3 o=5 o=7 0=10
Urban 0.86 0.86 0.83 0.83 0.76
Water 0.99 0.95 0.84 0.75 0.68
Vegetation 0.99 0.94 0.87 0.82 0.78
Bare soil 0.83 0.83 0.79 0.72 0.71
Total 0.918 0.895 0.833 0.780 0.733

Finally, Table 12 presents the classification results for the image fragment SS4. The results, in
general, are comparable for the considered classifiers.

Table 12
Particular class and total probabilities of correct classification for image SS4 with different noise
intensity, NN classifier

Class Original o0=3 0=5 o=7 0=10
Urban 0.83 0.81 0.77 0.72 0.62
Water 0.87 0.64 0.49 0.41 0.29
Vegetation 0.95 0.92 0.89 0.82 0.69
Bare soil 0.82 0.74 0.67 0.67 0.54
Total 0.878 0.778 0.705 0.653 0.535

Figure 9: Classification maps for the original image (a) and image contaminated with AWGN with
noise variance equal to 49



As for the SS4 image, the NN classifier recognizes the class water worse but the class Vegetation
better compared to the ML classifier. There are a lot of misclassifications between the classes Water
and Vegetation. One possible reason is that the images have been acquired at the end of August when
water basins in the city were blossoming (see the classification maps in Figure 9. Even for o=3, the
reduction of P is too large.

Summarizing the obtained results, we can state the following.

First, there is a sufficient dependence of classification accuracy on image complexity. For complex
structure images, sufficient reduction of accuracy can take the place even if PSNR is about 38 dB. For
simpler structure images, images compressed with PSNR about 35 dB can produce acceptable
classification accuracy.

Second, the NN classifier produced better classification accuracy than the ML classifier for simple
structure images. Meanwhile, the accuracy of both used classifiers was approximately the same for
complex structure images. It might be also so that classifiers produce essentially different probabilities
for different classes.

Third, training has been done for the original (undistorted) images. Meanwhile, it has been shown
in [20] that training for compressed images is able to provide certain benefits. Note that sometimes we
have only compressed images subject to further classification. Thus, this aspect has to be additionally
studied.

6. Conclusions

In this paper, analysis of classification accuracy has been performed for the ML and NN classifiers
applied pixel-wise to three-channel images. The peculiarity of analysis is that a coder is not specified
but the effects of lossy compression are simulated as AWGN. Such an opportunity stems from statistical
and spectral analysis of introduced distortions carried out for several techniques of lossy image
compression.

The performed research shows that the AWGN presence leads to reduction of classification accuracy
in general and for most particular classes (at least, those ones that have rather narrow distribution of
features). This reduction becomes sufficient if PSNR of distorted images is about 38 dB for complex
structure images and for slightly smaller PSNR if the structure of an image is simple. This
approximately corresponds to PSNR-HVS-M=45 dB.

In the future, we plan to analyze more test images, in particular, those one produced by other
multispectral sensors. It is also expected that classification accuracy can be improved using spatial
information in one or another way.
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