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Abstract—Nowadays land cover classification from satellite imagery is one of most actual and important
problems in remote sensing. Multispectral satellite images such as Sentinel-2 images provide high-
resolution imagery in different spectral bands, enabling detailed distinguishing of surface objects. This
study presents a method of multispectral satellite image classification based on Rayleigh distribution,
maximum likelihood method and likelihood functions. It was considered three land cover classes, such as
“Water”, “Vegetation”, and “Buildings”, applying three spectral bands (Red spectral band, Green
spectral band and Blue spectral band). Proposed classification procedure includes modeling spectral
distributions with the Rayleigh probability distribution. The Rayleigh distribution parameters for each
class and each spectral band are estimated from training data via the proposed formula. The ESA SNAP
software is applied for image processing. Maximum likelihood method is applied for classification
procedure. In remote sensing this method is used to classify pixels in satellite imagery into different
classes. This method is based on assigning each pixel to the class, for which has the highest probability of
belonging. It was described the methodology, including data preparation using the ESA SNAP sofiware
and data analysis in Microsoft Excel. The mathematical formulation of the Rayleigh distribution and the
mathematical algorithm of calculation of likelihood functions for each class and for each spectral band
have been considered. Results include fitted Rayleigh distribution parameters for each class and for each
spectral band, classification maps, calculation of likelihood functions and classification result. The
classification result depends on which class the maximum likelihood function corresponds to. An example
has been considered where the class “Vegetation” is determined using the maximum likelihood method
and Rayleigh distribution. The proposed approach can be applied for land-cover classification,
ecological monitoring, agriculture and geological tasks.

Keywords—Likelihood functions; maximum likelihood method; Rayleigh distribution; remote sensing;
satellite image classification; signal processing of spectral bands of satellite images.

I. INTRODUCTION

Accurate land cover classification from satellite
imagery is a fundamental task in remote sensing,
supporting  environmental — monitoring,  urban
planning, and resource management. Multispectral
optical satellites such as the FEuropean Space
Agency’s Sentinel-2 provide high-resolution imagery
in several spectral bands, enabling detailed
distinguishing of surface materials. The Sentinel-2
MultiSpectral Instrument (MSI) captures imagery in
different spectral bands, including visible Red, Green
and Blue bands at 10-meter spatial resolution. These
visible bands are particularly useful for

distinguishing surface cover types like water bodies,
vegetation, and urban or buildings due to their
different reflectance characteristics. Nowadays a lot
of various image classification methods are known
[7], [8], [9]- Supervised classification approaches
rely on statistical models of the spectral signatures of
known classes. One of the most popular methods is
the Maximum Likelihood Classification (MLC). This
classifier is applied to classify pixels in satellite
imagery into different classes. The Maximum
Likelihood Classification is based on assigning each
pixel to the class that has the highest probability of
producing the observed pixel values, based on the
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statistical characteristics of the classes. Each pixel is
assigned to the class for which has the highest
probability of belonging. In a classical MLC, it is
assumed that the distribution of reflectance values for
each class in each spectral band is approximately
normal (Gaussian). However, it has been noted some
disadvantages of the normal distribution by Mauricio
Acuna, Geonhwi Jung, Joowon Park, Bruna G. Palm,
Balakrishnan N. and others [1], [3]. The normality
assumption may not always hold, especially for
reflectance data that are non-negative and often
imprecise. That’s why in this paper, we explore an
alternative probability distribution — the Rayleigh
distribution — to model the pixel intensity histograms
for each class and each spectral band. The Rayleigh
distribution is a continuous probability distribution
defined only for nonnegative values. It is applied to
describe the distribution of pixel amplitudes in radar
images. The Rayleigh distribution is used for
classification of homogeneous regions [2], [3]. In the
context of optical imagery, class-specific reflectance
histograms may be described by Rayleigh
distribution. The goal of this study is to classify each
pixel of a Sentinel-2 image into one of three
categories, such as: “Water”, “Vegetation”, or
“Buildings”, applying Rayleigh distribution and
likelihood functions. We detail the methodology,
including how training data are obtained and
normalized, how the Rayleigh distribution
parameters are estimated, and how the likelihood
functions are applied. We also describe the software
tools wused: the Sentinel Application Platform
(SNAP) for image processing and sample extraction,
and Microsoft Excel for histogram analysis and
calculations of likelihood functions. SNAP is an
open-source ESA software platform that provides a
common architecture for processing Sentinel satellite
data, making it ideal for tasks such as band extraction
and selection of training samples (ROI selection).
Excel has been chosen to perform statistical
computations  (computing  histograms, fitting
distribution parameters, and applying formulas).

II. METHODOLOGY

We used Sentinel-2 imagery covering an area of a
part of Kyiv region (containing a mix of water,
vegetated land, and buildings) for 25.08.2025 (Fig. 1).
Specifically, the study area includes open water
bodies (such as river), dense green vegetation (forest
or cropland), and built-up urban features (buildings,
roads). The Sentinel-2 data provides 10 m resolution
in the visible bands, which allows identification of
these classes at a fine spatial scale. The image was
loaded and examined in SNAP software. In SNAP,
we performed basic preprocessing steps: selecting the

Red, Green, and Blue spectral bands. The digital pixel
values in this product are physically scaled
reflectances (surface reflectance) in each spectral
band, typically given as dimensionless reflectance
factor (with values between 0 and 1).
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Fig. 1. Sentinel-2 satellite image of the part of Kyiv

region (25.08.2021)

Then we define a Region of Interest and Training
Samples (Fig. 2). In order to model the class
distributions, we needed representative sample pixels for
each of the three classes [4] — [6], [10].

Using SNAP’s visualization and ROI tools, we
identified three regions:

1) Water: an area entirely covering a section of a
water body (for example, part of a river) was selected to
gather water pixels.

2) Vegetation: an area of dense vegetation (forest or
field) was selected for vegetation pixels.

Buildings: an urban area (with building rooftops, etc.)
was selected for built-up class pixels.

Then we conduct a classification procedure and
get a classification map (Fig. 3). Maximum
Likelihood classifier is applied. The Maximum
Likelihood Classification procedure is based on
assigning each pixel to the class that has the highest
value of the probability of producing the observed
pixel values, based on the statistical characteristics
of the classes. Each pixel is assigned to the class for
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Fig. 2. Training samples
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Fig. 3. Classification map

From each ROI, we extracted the pixel intensity
values in the Red, Green and Blue bands. These
intensities (reflectance values) served as the training
data for estimating the statistical distribution of each
class in each spectral band. We exported these
values and imported them into Microsoft Excel for
analysis. We also get histograms of the pixel
intensities for each class and for each spectral band.
For each class-band combination, we constructed a
histogram of the pixel intensities. X-axis displays the
numerical values of pixel measurements (signal
intensity), and Y-axis displays the number of pixels
that have the corresponding value on the X-axis.
Let’s note, that each histogram can be described by
an empirical probability density function. For
example, we constructed a histogram of the pixel
intensities for class “Vegetation” for the Blue Band
(Fig. 4)
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Fig. 4. Distribution of pixel intensities and their
corresponding number for the class “Vegetation” and for
the Blue Band

III. RAYLEIGH DISTRIBUTION MODELING

We hypothesize that the distribution of pixel
intensities for each class in each spectral band can be
modeled by a Rayleigh distribution. The Rayleigh
distribution is defined by a single parameter,
commonly denoted 6>0, which determines the

spread of the distribution [3]. Let’s note, that the
Rayleigh distribution is a continuous probability
distribution  for  nonnegative-valued random
variables. The probability density function of the
Rayleigh distribution is defined by the formula:

X x2
= A >

f(x:8)=18 CXP( 252} *20, (1)
0, x<0,

where 9§ is the scale parameter of the distribution.
V. PARAMETER ESTIMATION

For each class and each spectral band, we
estimate the Rayleigh parameter 6 from the training
pixel values via the formula:

" 1
§P=—>x", k=1.,K, 2
X 2n§], 2)

where x; are values of pixel intensities of training

sample; K is the total number of classes; 7 is the
number of values of pixel intensities of training
sample.

Formula (2) substitute into the formula (1) and
get formula (3), that describes the Rayleigh

distribution with parameter §,,, that describes the

graph of the distribution of pixel intensities for class
“Vegetation” in Blue spectral band:

2

X X
*) exp(__*zjﬂ x 2 05
Sfis(x) = O5 28, 3)
0, x<0,

Similarly, we get the Rayleigh distributions with
another 8 parameters, that describe the graphs of the
distribution of pixel intensities for another 8 class-
band combinations [3]. We applied the values of
pixel intensities of the training sample x; for the
construction estimates of the scale parameter & for 3
classes and for 3 spectral bands. Next, we need to
create a new test sample that needs to be classified.
In this same satellite image, we select another test
sample for one specific class (for example, we select
a test sample for a class “Vegetation”) and conduct
the classification procedure again using the
maximum likelihood method. As a result, we get
new pixel intensities for 3 classes and for 3 spectral
bands. We also get 9 new histograms (graphs) that
display the distribution of pixel intensities for all
class-band combinations. We substitute new values
of pixel intensities y, i=L..,m and parameter

estimates 6;2 into the formulas for the densities of
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the Rayleigh distribution and calculate new
probability density functions for the new test
sample. Then we calculate the log-likelihood
function for the new test sample for class
“Vegetation” for 3 spectral bands (Blue Band, Red
Band, Green Band). The logarithm of the likelihood
function for the class “Vegetation” is equal to the
sum of the logarithms of the partial likelihood
functions for 3 spectral bands. It is defined by the
next formulas (4) — (7):

InZ, (6:) = lnLB(ST) +InL, (8?) + lnLG(ST), @)
where

m m 2
L) =1/ (v 8s)= H[g:f; exp[— g:i B (5)
i=1 1B

i=1 1B

or

. 1 m m 1 m
LB(S])Z[STzJ [HyiBjexp[_%_*zZ]y?BJ‘ (6)
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Applying the properties of natural logarithms, we
get formula:

InL,8)=-2m-In8, +> yy -3y (D)
i=1 28, =

So, we found formulas (8), (9) for the partial log-

likelihood function of the Rayleigh distribution for

the first class “Vegetation” and for the Blue Band.

Similarly, we get partial log-likelihood functions of

the Rayleigh distribution for the first class

“Vegetation” and for the Red Band and Green Band
accordingly:

. , . m' 1 m'
InL,(8)==2m"-In8}, + Y vz —26—*22%@, (8)
1R i=l

i=l1

. . . m" 1 m"
InL;(8)==2m"-n8 5+ v, —26—*22%@. 9)
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Similarly, we get a log-likelihood function for the
second class “Water”:

InL,(8,)=1InL,(8,)+InL,(8,)+InL,(5,). (10)

The log-likelihood function for the third class
“Buildings” is defined by the formula:

InL,(8;)=InL,(5;)+InL,(8;)+InL,(5]). (11)

Then we apply the criterion of the maximum log-
likelihood function. We look for the maximum value
among log-likelihood functions for the first, second,
and third classes in 3 spectral bands:

max{In£,(8}), InL,(3;), InL,(3;)}.

Depending on which value of the log-likelihood
function for which class is maximized, the test
sample will belong to the same class.

V. CONCLUSIONS

In this paper, we presented a detailed
methodology for land cover classification of
Sentinel-2 multispectral imagery using a maximum
likelihood classifier based on Rayleigh distribution
models of pixel intensities. By applying histograms
of training pixels from three classes (“Water”,
“Vegetation”, “Buildings”) and fitting Rayleigh
distributions, we derived probabilistic models that
characterize each class’s spectral behavior in the
Red, Green and Blue bands. The results demonstrate
that the Rayleigh-based model can effectively
distinguish between the chosen classes in the test
scene vegetation by its high green reflectance. The
process of comparing log-likelihoods for each class
was shown to provide a clear decision rule, and the
example calculations illustrate why the chosen class
is the most probable given the pixel’s signature. We
also provided insight into how the Rayleigh
distribution’s one-parameter nature captures the
essence of skewed reflectance distributions. From a
methodological perspective, this work highlights
how classical statistical techniques can be applied in
a remote sensing context with minimal resources —
open-source tools like SNAP and software like
Excel. The approach is scientifically transparent and
rooted in well-established probability theory,
making it a useful exercise for preliminary analysis.
Future work could expand on this foundation by
incorporating more spectral bands and additional
classes, as well as by comparing the performance of
the Rayleigh MLE classifier against more common
approaches (Gaussian MLE, or even modern
machine learning classifiers). It would be interesting
to investigate hybrid models where some classes use
Rayleigh distributions and others use Gaussians or
other distributions as appropriate. In conclusion, the
study provides a comprehensive example of
maximum likelihood classification using an
alternative statistical model for class-conditional
densities. The successful classification of Sentinel-2
imagery into vegetation category using the Rayleigh
distribution attests to the flexibility of the MLE
framework. This work contributes to the broader
theme of probabilistic remote sensing, illustrating
how probabilistic models, when appropriately
applied, can yield effective land cover mapping
results.
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I. T. IIpokonenko, C. I. Anbnept, M. 1. Anbneprt, A. 10. JImutpyk. KinacudikyBannsa 3nimky Sentinel-2 i3
BUKOPUCTAHHSAM MO/IeJIi PeJIeEBCHKOro po3moaiay

Ha nanuii yac knacuikyBaHHS 3€MHOIO MOKPUBY 3a CYNYTHHKOBHMHU 3HIMKaMH € OJIHIEIO 3 HaWaKTyalbHIIIHX Ta
HaMBaXXIMBIIIKX 3a]1a4 JUCTAHIIHHOTO 30HAyBaHHs. baraTocneKkTpanbHi CymyTHUKOBI 3HIMKH, Taki K 3HIMKU Sentinel-2,
3a0e3MeuyroTh 300pakeHHs. BUCOKOI PO3JUIBHOI 3JaTHOCTI Y Pi3HUX CIIEKTPaJbHUX KaHajaxX, IO JA03BOJISE ACTAIBHO
PO3pi3HITH Ha3eMHi 00’ ekTH. Y JaHiii poOOTi MpenCcTaBIeHO METOA Kiacu(iKyBaHHs CyMyTHHUKOBHX 3HIMKIB Ha OCHOBI
posmoniny Penesi, Merony MakcumaibHOI TpaBAONOAIOHOCTI Ta QYHKLIN MpaBaonoxioHocTi. Po3risHyTO TpU Kiacu
3eMHOT0 ITOKPHBY, a came: “Bona”, “PocnunHicTs” Ta “3a0ynoBu” Ta TpH CIIEKTpalbHI KaHAIN (YEPBOHMM, 3€JIeHNH Ta
CHHIH CIIeKTpaJIbHUH KaHa). 3anponoHOBaHa Npolenypa Kiacu(pikyBaHHs BKIIOYAE€ MOACTIOBAHHS PO3MOALTY CIIEKTPY
i3 BUKOpUCTaHHSIM PeneeBcbkoro posmoxiny. Ilapamerpu posnoxiny Pemes mis KoXHOro Kiacy Ta Al KOXXHOTO
CHEKTPaJbHOrO KaHally OLIHIOIOTHCS Ha OCHOBI HaBYaJbHUX JaHUX 3a HaBeneHowo (opmynoro. s oOpobdku
300pakeHb BUKOPUCTOBYEThCS TporpamuHe 3abesmeueHHs ESA SNAP. Jns mpornenypu  kiacuikyBaHHS
BUKOPDHCTOBYETBCS METOJ MaKCUMaJbHOI —NIpaBAonofiOHOCTI. Y  NUCTaHLIHOMY 30HAYBaHHI LeH MeTo[
BUKOPHCTOBYETBCSL Ul Kiacu(piKyBaHHs IIKCENiB Ha CYNYTHHKOBHX 3HIMKax 3a pi3HMMH Kinacamu. lleii meron
0a3yeTbCs Ha BiJHECEHHI KOXKHOTO ITIKCENSi TOMY KJacy, A0 SIKOrO BiH HAJICKUTH 13 HaWOIIBIIOK HMOBIPHICTIO.
OnucyeTbesi METOIONOTS, sIKa BKIIOYae B ceOe MATOTOBKY NaHuX i3 BUKopucTtaHHsM ESA SNAP ta ananiz ganux y
Microsoft Excel. PosrnsiHyro mMatemarnuHe (opMyiioBaHHS po3moaily Pemes Ta anroputM po3paxyHKY (GYyHKITH
MIPaBJOIONIOHOCTI [Tl KOXKHOTO KJIacy Ta JUIs KOXXHOTO CHEKTPabHOTO KaHally. Pe3ynbTaTi BKIIIOYAIOTh MapaMeTpu
posmoniny Penest 1yt KOKHOro Kiacy Ta Ui KOKHOTO CHEKTPAIbHOTO KaHajlla, KapTH Kiacugikalii, po3paxyHOK
¢GyHKIIH mpaBIonoAiOHOCTI Ta pe3yibTaT NMpoueAypu KiacudikyBaHHs. Pe3ymbrar kiacuikyBaHHs 3aJI€KHUTh Bif
TOrO, SIKOMY caMe KJIacy BIAIOBiJa€ MakCHMMaibHa (YHKIIS NpaBiomnoxioHocTi. Bymo posrisHyro mpukman, ne i3
BUKOPHCTaHHIM METOJy MaKCUMaJIbHOI MpaBAomnoAiOHocTi Ta posnoniny Penes Bu3Hadaetbest kiac “PocmunHICT”.
3anpornoHoBaHUi MiAXiA Moke OyTH 3aCTOCOBaHMM JUIs Kiacu(iKyBaHHS 3E€MHOTO IOKPHBY, €KOJOT1YHOI'O
MOHITOPHUHTY, CIIbCBKOI'OCIIOIAPCHKUX Ta T€OJNOTIYHHX 3a/1a4.

KurouoBi ciioBa: QyHKINT IpaBaonoiOHOCTI; METOA MaKCUMAaJILHOI MPaBIONOAIOHOCTI; po3nonii Pernes; auctaHmiline
30HyBaHHs; KIacH(iKyBaHHs CYMYTHUKOBOTO 300pa)kKeHHs; 00pOOKa CHTHATIB CHEKTPAIBbHUX KaHAIB CyMyTHHKOBHX
300pakeHb.
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