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Abstract: The article presents an analysis of the accuracy of 3 popular machine learning (ML) methods: Maximum
Likelihood Classifier (MLC), Support Vector Machine (SVM), and Random Forest (RF) depending on the size of the
training sample. The analysis involved performing the classification of the content of a Landsat 8 satellite image
(divided into 6 basic land cover classes) in 10 different variants of the number of training samples (from 2664 to 34711
pixels), estimating individual results, and a comparative analysis of the obtained results. For each classification
variant, an error matrix was developed and on their basis, accuracy metrics were calculated: f1-score, precision and
recall (for individual classes) as well as overall accuracy and kappa index of agreement (generally for the entire
classification). The analysis showed a stimulating effect of the size of the training sample on the accuracy of the
obtained classification results in all analyzed cases, with the most sensitive to this factor being ML.C, showing the best
effectiveness with the largest training sample and the smallest - with the smallest, and the least SVM, characterized
by the highest accuracy with the smallest training sample, comparing to other algorithms.

Streszczenie: Artykul przedstawia analize dokladnoéci 3 popularnych metod uczenia maszynowego: Maximum
Likelihood Classifier (MLC), Support Vector Machine (SVM) oraz Random Forest (RF) w zaleznosci od liczebnosci
prébki treningowej. Analiza polegata na wykonaniu klasyfikacji tresci zdjecia satelitarnego Landsat 8 (w podziale na
6 podstawowych klas pokrycia terenu) w 10 réznych wariantach liczebnoéci probek uczacych (od 2664 do 34711 pikseli),
oszacowaniu poszczegdlnych wynikéow oraz analizie poréwnawczej uzyskanych wynikéw. Dla kazdego wariantu
klasyfikacji opracowano macierz bledéw, a na ich podstawie obliczono metryki doktadnoéci: F1-score, precision and
recall (dla pojedynczych klas) oraz ogdlna doktadno$¢ i wskaznik zgodnosci Kappa (ogdlnie dla calej klasyfikacji).
Analiza wykazala stymulujacy wptyw rozmiaru prébki uczacej na doktadno$é uzyskiwanych wynikéw klasyfikacji we
wszystkich analizowanych przypadkach, przy czym najbardziej wrazliwym na ten czynnik byt MLC, wykazujacy sie
najlepsza skutecznoscig przy najwiekszej prébce treningowej 1 najmniejsza — przy najmniejszej, a najmniej SVM,
cechujacy sie najwieksza dokladno$cia przy najmniejszej probce treningowej, w poréwnaniu do pozostalych
algorytméw.

Keywords: machine learning, classification; remote sensing; training sample size; SVM, Random Forest, Maximum
Likelihood Classifier, satellite imagery

Slowa kluczowe: uczenie maszynowe; klasyfikacja; teledetekcja; rozmiar probki treningowej, SVM, lasy losowe,
klasyfikator najwiekszego prawdopodobienstwa; zobrazowania satelitarne
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Introduction

The accurate classification of land use and land cover (LULC) is a critical task in remote sensing applications.
Over the years, the development of machine learning (ML) algorithms has significantly advanced the
(semi)automatic classification of aerial and satellite images. However, the abundance of available options poses
challenges in selecting the optimal solution.

Numerous scientific articles have been dedicated to the comparison of various ML methods in the context of
satellite image content classification. Notable works include (starting from the most recent): Bidgeli et al. (2024),
Ding (2024), Zhao et al. (2024), Mousavinezhad et al. (2023), Seydi et al. (2023), Sobieraj et al. (2022), Ghayour et
al. (2021), Liu et al. (2021), Koppaka & Moth (2020), Volke & Abarca-del-Rio (2020), Maxwell et al. (2018, 2015,
2014a, 2014b), Li et al. (2016), Maxwell & Warner (2015), Cracknell & Reading (2014), Duro et al. (2012),
Bukholder et al. (2011). The aforementioned studies analyze selected algorithms from a long list of those popular
in remote sensing, including: Minimum Distance (MD), Maximum Likelihood (MLC), Decision Trees (DT), Random
Forest (RF), Extreme Gradient Boosting (XGBoost), Support Vector Machine (SVM), and Artificial Neural
Networks (ANN). The results of these studies are not unequivocally conclusive (although it can be noted that RF
and SVM often demonstrate very good effectiveness), as the effectiveness of individual methods may depend on
the nature of the classification task, the processed data, and the size or quality of the training sample.

This very topic: the effectiveness of ML algorithms in classifying satellite image content depending on the size
of the training sample - can also be found in the scientific literature on the subject. Works such as Shang et al.
(2018), Ramezan et al. (2021), Fu et al. (2023), and Zheng et al. (2020) can be mentioned here. They clearly indicate
a positive correlation between classification effectiveness and the size of the training sample, although this
relationship varies depending on the algorithm. Similar conclusions are drawn from other studies, dedicated to
other issues, not directly related to remote sensing (Budach et al. 2022; Figueroa et al. 2012; Halevy et al. 2009;
Raudys et al. 1991).

The research presented in this article is another attempt to answer the question about the effectiveness of
selected ML methods depending on the size of the training sample. Three popular algorithms were analyzed: MLC,
RF, and SVM. The classification of the Landsat-8 image was carried out in 10 different variants - with different
numbers of training samples, from 2664 to 34711 pixels. This allowed for the examination of the impact of the
training sample size on the effectiveness of the three analyzed ML algorithms.

Materials and Methods

Analiza sktadata sie z nastepujacych etapow:

Vectorization of the test area on the satellite scene, divided into land cover classes.

Selection of 10 groups of training fields for each class - two variants of training data were prepared.
Classification of land cover according to the adopted taxonomy, using selected ML algorithms.
Validation of accuracy based on the entire vectorized test area.

The methodology is also presented in Fig. 1.
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Fig.1. Research methodology scheme
Fig. 1. Schemat medotyki badania
Test image and test area

A Landsat-8 satellite scene from May 19, 2017, covering the area of northwestern Poland, was selected for the
study (Fig. 2). Six spectral bands were used: 2 (blue), 3 (green), 4 (red), 5 (near infrared), 6 (shortwave infrared 1),
and 7 (shortwave infrared 2). The image ground sample distance (GSD) is 30 m.
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Fig.2. Test area and test image
Fig. 2. Obszar i obraz testowy

Land cover classes

Six basic land cover classes were distinguished. Since these are mostly classes composed of many different
clusters, and thus do not show an ellipsoidal character in the feature space, subclasses were distinguished within
these classes, which were subjected to proper classification, and the results were aggregated to these six basic
classes.

The selection of training fields was carried out in two basic variants. In variant A, a large number of subclasses
were 1dentified, which fully exhausted the types of land cover within the basic classes. In variant B, several
subclasses were deliberately omitted, in order to check the impact of the quality of the training sample on the
accuracy of classification - by comparing the results obtained for variants A and B. The division into classes and
subclasses is presented in Table 1. Subclasses defining the same type of land cover (e.g., Rapeseed 1 and Rapeseed
2) were distinguished based on the analysis of differences in spectral reflectance. The accuracy of the land cover

maps obtained as a result of this aggregation/reclassification was evaluated.

Table 1. Set of classes and subclasses in the analyzed variants.
Tabela 1. zestaw klas i podklas w analizowanych wariantach.

Class name

Subclass name

Subclass name

Variant A Variant B
Deep water
Water Shallow water Water

Cloudy water

Built-up area

Built-up area 1

Built-up area 1

Built-up area 2

Dry soil Dry soil
Soil Moderately moist soil Moderately moist soil
Moist soil Moist soil
Rapeseed 1 Rapeseed 1
Rapeseed 2
Cereal 1
Cereal 2 Cereal 2
Low vegetation
Cereal 3 Cereal 3

Permanent grassland 1

Permanent grassland 1

Permanent grassland 2

Permanent grassland 3

Coniferous forest

Coniferous forest

Mixed forest Mixed forest
High vegetation Deciduous forest 1 Deciduous forest 1
Deciduous forest 2
Bushes Bushes
Wetland Wetland Wetland
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Machine learning algorithms

Three ML algorithms were analyzed: MLC, SVM, and RF, briefly characterized below. Authors used ArcGIS
software.

Maximum Likelihood

The model built on the basis of this algorithm is based on maximizing the probability function, so that within
the assumed statistical model, elements of the set are assigned to classes to which their membership is most
probable. It is indicated for its high effectiveness with a large amount of training data, with a distribution close to
normal, of good quality (without noise/erroneous observations) (Kelley, 2021).

Support Vector Machine

The model built according to this algorithm is based on hyperplanes that maximize the distance between
classes in a multidimensional feature space (Boser et al. 1992; Cortes & Vapnik, 1995). Originally developed for
distinguishing classes with linear separation, the use of kernel functions also allows for solving nonlinear problems
(Scholkopf & Smola, 2001). This method works well, among others, in issues related to a large number of features
(Nalepa & Kawulok, 2019).

Random Forest

This is an example of ensemble learning. The Random Forest model is based on a certain number of decision
trees, created independently based on bagging (bootstrap aggregation), which is the random selection of training
samples, but also feature randomness. This allows for maintaining a low correlation between trees, and as a result,
also avoids overfitting, which is often a characteristic of a single decision tree. (Ho, 1995, 1998; Breiman, 2001).
This is a method resistant to disturbances in the quality of training data (Belgiu & Dragut, 2016).

Training data

The experiment was conducted twice, for two different test areas, differing in training data and their quantity.
For each of the areas, 10 sets of training fields were prepared. Based on them, a series of independent
classifications were carried out - in such a way that in the first variant - with the smallest size of training data -
it was performed based on 1 training set, adding another set in each subsequent one. Details regarding the total
number of training data are presented in Table 2.

Table 2. Number of pixels for training sample sizes in both variants.
Tabela 2. Liczba pikseli uzywana dla poszczegélnych rozmiaréw prébek treningowych w obydwu wariantach.

Training Variant A Variant B
sample size training pixel number | training pixel number
1 3867 2664
2 7473 5163
3 11336 7624
4 14484 9744
5 18753 12566
6 22004 14825
7 25284 17163
8 28701 19670
9 31820 21898
10 34711 23989

Accuracy asessment
The accuracy assessment was based on the entire vectorized test area. The characteristics of the test area,
divided into classes, are presented in Table 3.

Table 3. Number of pixels in the test data.
Tabela 3. Liczba pikseli w danych testowych.

Size of validation data | Size of validation data
Class .
[pixels] [%]
Water 27300 2,1
Built-up area 27814 2,1
Soil 193246 14,9
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Low vegetation 495929 38,2
High vegetation 544250 41,9
Wetland 10853 0,8

Based on the comparison of the results of individual classifications with test data, error matrices were
developed. Based on these, precision, recall (Powers, 2007), and F1-score (Hand et al., 2021) values were calculated
for each class, as well as the Kappa index of agreement (Sim & Wright, 2005) and overall accuracy (Labatut &
Cherifi, 2012) for general classifications. The following formulas were applied:

For precision and recall (Hand et al., 2021):

.. TP
precision = ——,
TP+FP
TP
recall = ——,
TP+FN

where: TP = True Positive, FP = False Positive and FN = False Negative.
For F1-score (Hand et al., 2021):

2xprecisionxrecall
Fl==——"

precision+recall ’

For Kappa index (Sim, Wright, 2005):
Po—P¢

kappa = —=

1-p.’
where: P, = observed agreement, P. = chance agreement.
For overall accuracy:

_ Cc
=5

0A

where: Cc = number of pixels classified correctly, C, = total number of classified pixels.

Results and discussion

First, the results obtained for individual classes were analyzed, followed by the overall classification. The
results have been presented in tables and diagrams - in the following subsections. Additionally, selected output
images of the classification have been presented in the Appendix.

Water

The results for the water class are presented in Table 4 and Figure 3.

Table 4. Values of precision (P), recall (R), and F1-score (F1) depending on the ML algorithm, variant, and training sample size
(TSS) for the water class.

Tabela 4. Wartosci precision (P), recall (R) i F1-score (F1) w zaleznosci od algorytmu uczenia maszynowego, wariantu i rozmiaru
probki treningowej dla klasy woda.

MLC SVM RF
TSS Variant A Variant B Variant A Variant B Variant A Variant B
P R F1 P R F1 P R F1 P R F1 P R F1 P R F1
1 1 | 0,105 0,190 1 | 0,007 0,014 1 0,999 0,999 1 0,962| 0,981| 0,707 1 0,828| 0,992| 0,994 0,993
2 1 |0,456| 0,626 1 | 0,016/ 0,031| 0,998 1 | 0,999 0,999| 0,992| 0,995| 0,997| 0,998| 0,997 1 | 0,973| 0,986
3 1 | 0,564| 0,721 1 | 0,251] 0,401| 0,997 1 0,998 1 0,989 0,994| 0,998 1 0,999 1 | 0,995 0,997
4 1 |0,605/ 0,754 1 | 0,401] 0,572 0,997 1 | 0,998/ 0,999] 1 | 0,999/ 0,988 1 | 0,994 1 1 1
5 1 | 0,778 0,875 1 | 0,615] 0,762| 0,996 1 0,998| 0,999| 0,999 0,999| 0,998 1 0,999 1 1 1
6 1 | 0,948} 0,973 1 | 0,661] 0,796| 0,998 1 0,999| 0,998 1 0,999| 0,999 1 0,999 1 1 1
7 1 | 0,976] 0,988 1 | 0,698| 0,822( 0,996 1 0,998| 0,998| 0,997| 0,997 0,945 1 0,972 1 1 1
8 1 | 0,974| 0,987 1 | 0,776| 0,874| 0,996 1 0,998| 0,998| 0,999 0,998| 0,996 1 0,998 1 1 1
9 1 | 0,977 0,988 1 | 0,819 0,900{ 0,99 1 0,999| 0,999| 0,999 0,999| 0,995 1 0,997| 0,999 1 0,999
10 1 10,988/ 0,994 1 | 0,823 0,903 1 | 0,999 0,999 0,999] 1 | 0,999/ 0,988 1 | 0,994 0,999 1 | 0,999
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F1-score: water class —variant A F1-score: water class —variant B
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Fig. 3. Diagram of F1-score values for the water class using individual ML algorithms depending on the training sample size,
for variants A and B.

Ryc. 3. Wykres wartosci F1-score dla klasy woda z uzyciem poszczegélnych algorytmdw uczenia maszynowego w zaleznosci od
rozmiaru probki treningowej, dla wariantow A i B.

The sensitivity of MLC to the size of the training sample is very noticeable. While SVM and RF are
characterized by very good accuracy essentially for all sizes of the training sample, the results obtained using ML.C
are clearly worse, especially for training samples of smaller sizes. It is worth noting that this is due to very low
recall values, and thus a large omission error. This may be related to an insufficiently representative distribution
of training sample values for this class. It’s worth noting that the water class is usually very well distinguishable
from the other classes, due to its unique low spectral values, especially in the infrared range - this is shown by the
very good results obtained for the SVM and RF methods. Significantly worse results for ML are probably due to
an insufficiently large number of pixels allowing for statistically reliable calculation of the class signature. The
values obtained for variant B are clearly worse for ML.C than for variant A. This is probably not due to the size of
the training sample itself, but to the fact of generalizing all subclasses of this class. As a result, the training sample
stopped showing an ellipsoidal character, so the assumption of a normal distribution, effective with large training
samples in variant A, gave an unsatisfactory result. In the case of using the other two tested methods, the analyzed
values approach 1, in both variants, even with the smallest training samples.

Built-up area
The results for the built-up area class are presented in Table 5 and Figure 4.

Table 5. Values of precision (P), recall (R), and F1-score (F1) depending on the ML algorithm, variant, and training sample size
for the built-up area class.

Tabela 5. Wartosci precision (P), recall (R) i F1-score (F1) w zaleznosci od algorytmu uczenia maszynowego, wariantu i rozmiaru
probki treningowej dla klasy tereny zabudowane.

MLC SVM RF

TSS Variant A Variant B Variant A Variant B Variant A Variant B

P R F1 P R F1 P R F1 P R F1 P R F1 P R F1

1 0,136| 0,996| 0,239| 0,144| 0,993| 0,252| 0,889| 0,948| 0,918| 0,893| 0,677 0,770 0,790| 0,923| 0,851| 0,698| 0,660| 0,678

2 0,320( 0,992| 0,484| 0,280| 0,988| 0,436| 0,951| 0,877| 0,913| 0,913| 0,873| 0,893| 0,921 0,890| 0,905 0,874| 0,788| 0,829

3 0,366| 0,990| 0,534| 0,324| 0,981| 0,487| 0,962| 0,913| 0,937| 0,953| 0,705| 0,810( 0,917| 0,921| 0,919| 0,915/ 0,805| 0,856

4 0,475 0,989| 0,642| 0,434| 0,987 0,603| 0,961| 0,910| 0,935| 0,955| 0,721| 0,822 0,920| 0,909| 0,914| 0,922| 0,793| 0,853

5 0,609| 0,980| 0,751| 0,564| 0,975| 0,715| 0,969| 0,887| 0,926| 0,942 0,730| 0,823| 0,928 0,883| 0,905 0,859| 0,700| 0,771

6 | 0,699 0,979 0,816| 0,596| 0,972| 0,739| 0,980| 0,877 0,926| 0,970| 0,740| 0,840| 0,953| 0,875| 0,912 0,894| 0,658| 0,758

7 0,703| 0,977 0,818| 0,601| 0,972| 0,743| 0,974| 0,865| 0,916| 0,975| 0,748 0,84 | 0,931| 0,862 0,895 0,862| 0,714| 0,781

8 0,733| 0,978| 0,838| 0,646| 0,976| 0,777| 0,968| 0,886| 0,925| 0,962| 0,747| 0,841 0,903| 0,867| 0,885 0,943| 0,689 0,796

9 0,770( 0,973| 0,860| 0,683| 0,975| 0,803| 0,964| 0,878| 0,919| 0,966| 0,778 0,862 0,960| 0,889| 0,923| 0,931| 0,720| 0,812

10 | 0,788| 0,971| 0,870| 0,696| 0,973| 0,812| 0,779| 0,976| 0,866| 0,979| 0,766/ 0,860| 0,964| 0,876| 0,918 0,961| 0,701| 0,811
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F1-score: built-up area class —variant A F1-score: built-up area class — variant B
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Fig. 4. Diagram of F1-score values for the built-up area class using individual ML algorithms depending on the training sample
size, for variants A and B.

Ryc. 4. Wykres wartosci F1-score dla klasy tereny zabudowane z uzyciem poszczegélnych algorytmow uczenia maszynowego w
zaleznosci od rozmiaru probki treningowej, dla wariantéw A i B.

The accuracy obtained for this class is noticeably lower than for the water class, which results from the great
diversity of the built-up area class and the lesser distinctiveness of its spectral values. The values obtained for
SVM and RF are quite similar (although generally slightly better for SVM), some fluctuations in results may result
from random errors, but a relatively constant level of accuracy can be observed, regardless of the size of the
training sample. It looks different in the case of ML.C, where, as with the water class, the accuracy of identification
very clearly depends on the size of the training sample. Again, for samples of the smallest sizes, the values obtained
are very low. This time it results from small precision values and is largely related to the water class: there is a
large overestimation of built-up areas at the expense of water. The values for variant A are better than those
obtained for variant B.

Soil

The results for the soil class are presented in Table 6 and Figure 5.
Table 6. Values of precision (P), recall (R), and F1-score (F1) depending on the ML algorithm, variant, and training sample size
for the soil class.

Tabela 6. Wartosci precision (P), recall (R) i F1-score (F1) w zaleznosci od algorytmu uczenia maszynowego, wariantu i rozmiaru
probki treningowej dla klasy gleba.

MLC SVM RF

TSS Variant A Variant B Variant A Variant B Variant A Variant B

P R F1 P R F1 P R F1 P R F1 P R F1 P R F1

1 0,995| 0,759| 0,861| 0,994| 0,873| 0,930 0,999| 0,971| 0,985| 0,942| 0,999 0,970 0,971 0,999| 0,985 0,938| 0,999| 0,938

2 | 0,987 0,949| 0,968| 0,986| 0,951| 0,968| 0,972| 0,999| 0,985| 0,966| 1 | 0,983 0,968 0,999 0,983| 0,939 1 | 0,969

3 ] 0,991] 0,961| 0,976| 0,989 0,962| 0,975 0,975 0,999| 0,987| 0,946| 0,999| 0,972| 0,975| 0,998 0,986| 0,953 0,999 0,975

4 | 0,989 0,953| 0,971| 0,988 0,953| 0,970 0,976 0,999 0,987| 0,950| 0,999| 0,974 0,971| 0,999| 0,985| 0,952| 0,999| 0,975

5 0,978| 0,983( 0,980( 0,979| 0,982| 0,980| 0,967| 0,999 0,983| 0,948| 0,999 0,973| 0,962| 0,998 0,980 0,936 1 | 0,967

6 0,979| 0,982( 0,980( 0,979| 0,981| 0,980| 0,970| 0,998 0,984| 0,952| 0,999| 0,975 0,962| 0,998 0,980 0,934 1 | 0,966

7 0,980 0,978| 0,979| 0,981| 0,978| 0,979| 0,966/ 0,999| 0,982| 0,951 0,999| 0,974| 0,959| 0,997 0,978 0,939 1 | 0,969

8 0,982( 0,977 0,979| 0,982| 0,977 0,979| 0,968 0,999| 0,983| 0,951 0,999| 0,974| 0,961 0,991| 0,976 0,938 1 | 0,968

9 0,983| 0,977 0,980] 0,983| 0,977| 0,980 0,971| 0,999| 0,985| 0,956 0,999| 0,977| 0,968| 0,999| 0,983| 0,943 1 | 0,971

10 | 0,976| 0,976 0,976| 0,946| 0,977 0,976 0,998| 0,955| 0,976/ 0,949| 0,999| 0,973 0,964| 0,999| 0,981 0,938 1 | 0,968
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Fig. 5. Diagram of F1-score values for the soil class using individual ML algorithms depending on the training sample size, for
variants A and B.
Ryc. 5. Wykres wartosci F1-score dla klasy gleba z uzyciem poszczegélnych algorytméw uczenia maszynowego w zaleznosci od
rozmiaru probki treningowej, dla wariantow A i B.

The results obtained for the soil class are quite similar for all algorithms, excluding the effectiveness of ML.C
for the smallest training samples. In other cases, it is high accuracy with fairly similar values across the entire

spectrum of tested training samples.

Low vegetation

The results for the low vegetation class are presented in Table 7 and Figure 6.

Table 7. Values of precision (P), recall (R), and F1-score (F1) depending on the ML algorithm, variant, and training sample size
for the low vegetation class.
Tabela 7. Wartosci precision (P), recall (R) i F1-score (F1) w zaleznosci od algorytmu uczenia maszynowego, wariantu i rozmiaru
probki treningowej dla klasy niska roslinnosé.

MLC SVM RF
TSS Variant A Variant B Variant A Variant B Variant A Variant B
P R F1 P R F1 P R F1 P R F1 P R F1 P R F1
1 0,967| 0,885| 0,924| 0,982| 0,727| 0,835| 0,895 0,955| 0,924| 0,953| 0,922| 0,937| 0,949| 0,881| 0,914 0,942| 0,871| 0,905
2 | 0,944| 0,967 0,955 0,976| 0,899| 0,936| 0,951| 0,898| 0,924| 0,944| 0,935| 0,939| 0,948| 0,942| 0,945| 0,945| 0,879| 0,911
3 ] 0,951] 0,929 0,940( 0,973| 0,845| 0,904| 0,955| 0,896| 0,925| 0,946| 0,928| 0,937| 0,951| 0,901| 0,925| 0,943| 0,895| 0,918
4 | 0,950| 0,961| 0,955 0,970| 0,910( 0,939| 0,955| 0,894| 0,923| 0,943| 0,925| 0,934| 0,951| 0,905| 0,927| 0,937| 0,871| 0,903
5 0,950| 0,969| 0,959| 0,943| 0,967| 0,955| 0,955 0,906| 0,930| 0,934| 0,939 0,936| 0,944| 0,932| 0,938| 0,952| 0,908| 0,929
6 0,949| 0,971| 0,960 0,941| 0,980| 0,960| 0,955 0,907| 0,930| 0,936{ 0,940| 0,938| 0,952| 0,943| 0,947| 0,952| 0,943| 0,947
7 0,947| 0,975 0,961 0,939| 0,986| 0,962| 0,953| 0,920| 0,936| 0,945 0,927| 0,936| 0,949| 0,956| 0,952| 0,947 0,946| 0,946
8 | 0,946| 0,982 0,964| 0,940| 0,986 0,962| 0,954| 0,920| 0,937| 0,943| 0,931| 0,937| 0,949| 0,956| 0,952| 0,943| 0,948| 0,945
9 | 0,944| 0,984| 0,964| 0,943| 0,981| 0,962| 0,953| 0,922| 0,937| 0,949| 0,947| 0,348| 0,942| 0,961| 0,951| 0,942| 0,943| 0,942
10 | 0,944| 0,986| 0,965| 0,941 0,985| 0,962| 0,923| 0,953 0,941| 0,950| 0,922| 0,936( 0,946| 0,962| 0,956| 0,942| 0,947| 0,944
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F1-score: low vegetation class —variant A F1-score: low vegetation class —variant B
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Fig. 6. Diagram of F1-score values for the low vegetation class using individual ML algorithms depending on the training
sample size, for variants A and B.

Ryc. 6. Wykres wartosci F1-score dla klasy niska roslinnosé z uzyciem poszczegélnych algorytmdéw uczenia maszynowego w
zaleznosci od rozmiaru probki treningowej, dla wariantow A i B.

We can observe a clear trend of increasing accuracy with the size of the training sample, although this trend
varies depending on the algorithm. It is least visible in the case of SVM, where the values increase slightly, and
strongest in the case of MLC. As a result, it can be noticed that for samples of the smallest sizes, SVM achieves
the best effectiveness, while MLC - the worst (especially in the case of variant B), and for samples of larger sizes -
the opposite: MLC gives the best results and SVM - the worst.

High vegetation
The results for the high vegetation class are presented in Table 8 and Figure 7.

Table 8. Values of precision (P), recall (R), and F1-score (F1) depending on the ML algorithm, variant, and training sample size
for the high vegetation class.

Tabela 8. Wartosci precision (P), recall (R) i F1-score (F1) w zaleznosci od algorytmu uczenia maszynowego, wariantu i rozmiaru
probki treningowej dla klasy wysoka roslinnosé.

MLC SVM RF

TSS Variant A Variant B Variant A Variant B Variant A Variant B

P R F1 P R F1 P R F1 P R F1 P R F1 P R F1

1 | 0,890 0,797 0,841| 0,781| 0,812| 0,796/ 0,962 0,908| 0,934 0,929| 0,958 0,943| 0,894| 0,848 0,870| 0,885| 0,857| 0,871

2 0,971f 0,888| 0,928 0,913| 0,920| 0,916| 0,910] 0,960| 0,934| 0,941| 0,949| 0,945| 0,947| 0,936| 0,941| 0,896/ 0,887| 0,891

3 0,936| 0,918 0,927 0,871| 0,939 0,904| 0,908| 0,963| 0,935| 0,933| 0,951| 0,942| 0,913| 0,949| 0,931| 0,905/ 0,903| 0,904

4 0,966| 0,947 0,956| 0,924| 0,968| 0,945| 0,906/ 0,963| 0,934| 0,929| 0,949| 0,939| 0,916| 0,94 | 0,930| 0,888| 0,938| 0,912

5 | 0,973| 0,948 0,960 0,970| 0,943| 0,956| 0,916| 0,961| 0,938| 0,942| 0,939| 0,940| 0,941| 0,950| 0,945| 0,921| 0,950| 0,935

0,975| 0,947 0,961| 0,981| 0,940| 0,960| 0,916 0,962| 0,938| 0,942| 0,942 0,942 0,950| 0,948| 0,949| 0,949| 0,952| 0,950

0,979| 0,944( 0,961| 0,988| 0,938 0,962| 0,927| 0,959| 0,943| 0,932| 0,951| 0,941| 0,961| 0,948| 0,954| 0,952| 0,937| 0,944

0,984| 0,946( 0,965 0,987| 0,941| 0,963| 0,928| 0,960 0,944| 0,936| 0,950| 0,943| 0,961| 0,953| 0,957| 0,953| 0,947| 0,950

0,985| 0,946| 0,965 0,982| 0,945| 0,963| 0,929| 0,960| 0,944| 0,949| 0,954| 0,951| 0,964| 0,946| 0,955 0,948| 0,946| 0,947

10 | 0,987 0,945 0,966| 0,981| 0,943| 0,964| 0,960| 0,935| 0,947 0,928 0,956| 0,942| 0,965| 0,948| 0,956| 0,952| 0,945| 0,948
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F1-score: high vegetation class —variant A F1-score: high vegetation class —variant B
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Fig. 7. Diagram of F1-score values for the high vegetation class using individual ML algorithms depending on the training
sample size, for variants A and B.

Ryc. 7. Wykres wartosci F1-score dla klasy wysoka roslinnosé z uzyciem poszczegélnych algorytmow uczenia maszynowego w
zaleznosci od rozmiaru prébki treningowej, dla wariantéw A i B.

The results obtained for the high vegetation class show a similar trend to the low vegetation class. The difference
is that the dependence of the effectiveness of identifying this class on the size of the training sample is more
noticeable, but only in the case of MLC and RF algorithms, which are clearly weaker than SVM for training
samples of small sizes. However, the trend shown by SVM is almost identical to that of the low vegetation class.

Wetland
The results for the wetland class are presented in Table 9 and Figure 8.

Table 9. Values of precision (P), recall (R), and F1-score (F1) depending on the ML algorithm, variant, and training sample size
for the wetland class.

Tabela 9. Wartosci precision (P), recall (R) i F1-score (F1) w zaleznosci od algorytmu uczenia maszynowego, wariantu i rozmiaru
probki treningowej dla klasy tereny podmokte.

MLC SVM RF

TSS Variant A Variant B Variant A Variant B Variant A Variant B

P R F1 P R F1 P R F1 P R F1 P R F1 P R F1

1 | 0,971} 0,370] 0,536| 0,956| 0,398| 0,562| 0,997| 0,528/ 0,690 0,999| 0,529| 0,692| 0,078| 0,382| 0,130| 0,070{ 0,350| 0,117

2 | 0,234] 0,198| 0,215| 0,234| 0,198 0,215| 0,998| 0,519| 0,683| 0,997 0,477 0,645 0,350 0,487| 0,407| 0,130| 0,604 0,207

3 0,854| 0,246| 0,382| 0,854| 0,246| 0,382 0,995 0,517| 0,680| 0,996| 0,536| 0,697| 0,492| 0,478| 0,485 0,169| 0,484| 0,251

4 0,999 0,305| 0,467 0,999| 0,305| 0,467| 0,998 0,533| 0,695| 0,998 0,532 0,694| 0,424| 0,783| 0,452| 0,552| 0,478| 0,512

5 0,999 0,315 0,479| 0,999| 0,315| 0,479| 0,999| 0,490| 0,658| 0,998| 0,478| 0,646| 0,957| 0,647 0,696| 0,691| 0,543| 0,608

0,999| 0,430{ 0,601| 0,999| 0,430| 0,601| 0,996| 0,542 0,702| 0,998| 0,535 0,697 0,557 0,5682| 0,569| 0,805/ 0,555| 0,657

0,996/ 0,469| 0,638| 0,996/ 0,469| 0,638| 0,997 0,504| 0,670| 0,995| 0,542| 0,702| 0,826| 0,535 0,469| 0,499| 0,566 0,530

® [ |

0,992 0,483| 0,650| 0,992 0,483| 0,650| 0,998| 0,511| 0,676| 0,992( 0,530] 0,691| 0,878 0,553| 0,679 0,918 0,566 0,700

9 0,993| 0,5650{ 0,708| 0,993| 0,550| 0,708| 0,999 0,522 0,686 0,998| 0,551| 0,710| 0,916| 0,565 0,699| 0,905/ 0,550| 0,684

10 | 0,992 0,552( 0,709| 0,992 0,552 0,709| 0,998| 0,524| 0,687 0,996/ 0,480| 0,648 0,841| 0,551| 0,666| 0,851| 0,545| 0,664
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F1-score: wetlands class — variant A F1-score: wetland class - variant B
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Fig. 8. Diagram of F1-score values for the wetland class using individual ML algorithms depending on the training sample size,
for variants A and B.

Ryc. 8. Wykres wartosci F1-score dla klasy woda z uzyciem poszczegilnych algorytmow uczenia maszynowego w zaleznosci od
rozmiaru probki treningowej, dla wariantow A i B.

Also in the case of the wetland class, it can be noticed that SVM shows relatively good accuracy with small
sizes of the training sample, clearly better than RF and MLC. The difference between the results for this class and
the results for the low and high vegetation classes is that for samples of the largest sizes, the accuracy of SVM is
similar to ML.C and RF, while for the vegetation classes it was noticeably lower.

Overall classification
The results for the entire classification are presented in Table 10 and Figure 9.

Table 10. Values of overall accuracy (OA) and kappa agreement coefficient (k) depending on the ML algorithm, variant, and
training sample size for the entire image.

Tabela 10. Wartosci ogélnej doktadnosci (OA) oraz wspétczynnika zgodnosci kappa (k) w zaleznosci algorytmu uczenia
maszynowego, wariantu i rozmiaru prébki treningowej dla catego obrazu.

MLC SVM RF

TSS | Variant A | Variant B | Variant A | Variant B | Variant A | Variant B

OA k OA k OA K OA k OA k OA k

1 81,1| 0,726 77,2| 0,668| 93,8| 0,905 94,1| 0,910 88,4| 0,828 87,8| 0,818

2 91,4| 0,875 89,3| 0,840| 93,7| 0,904| 94,7| 0,919 94,4| 0,925 89,7| 0,845

3 91,7| 0,875 88,7| 0,829| 93,8| 0,906 94,2| 0,911 93,4| 0,900, 91,1| 0,865

4 94,2 0,912| 92,7| 0,888| 93,8| 0,905 94,0| 0,908 93,4 | 0,899 91,6| 0,872

5 95,3 0,928| 94,7| 0,919 94,1| 0,910| 94,1| 0,910 94,6 | 0,918 93,4| 0,899

6 95,8 0,936| 95,2 0,927 94,2| 0,911] 94,3 | 0,913 95,0 0,924 94,7| 0,919

7 95,91 0,937 95,4| 0,930 94,5| 0,916 94,2| 0,912 95,4| 0,930 94,3 | 0,913

8 96,2 | 0,942 95,7| 0,934| 94,6| 0,918 94,3| 0,913 95,6| 0,932 94,8| 0,920

9 96,3 | 0,944 95,8| 0,936| 94,7| 0,918 95,2| 0,927 95,6| 0,934| 94,6 | 0,917

10 96,3 | 0,944 95,9| 0,937 94,7| 0,919 94,2| 0,911 95,7| 0,935 94,7| 0,919
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Fig. 9. Diagram of kappa values for the entire classification using individual ML algorithms depending on the training sample
size, for variants A and B.

Ryc. 9. Wykres wartosci kappa dla klasy calej klasyfikacji z uzyciem poszczegélnych algorytmow uczenia maszynowego w
zaleznosci od rozmiaru probki treningowej, dla wariantow A i B.

Obviously, the results obtained for the entire classification are the consequence of the results for individual
classes. Therefore, we can point out the relationships observed earlier - although for both variants they are similar,
except that for variant A, generally better results were obtained. First of all, the accuracy generally increases with
the size of the training sample. This trend is most noticeable in the case of MLC: for samples of the smallest sizes,
the method gives very poor results, clearly worse than the best in such cases SVM (the difference in Kappa values
exceeds 0.2). As TSS increases, the accuracy increases very significantly and is already the highest among the
compared ones for samples of size 5 and larger. As a result, the difference between the highest and lowest accuracy
for this method, among the tested training sample sizes, is - within a single variant - even 18 percentage points
OA or over 0.2 Kappa. Also, a clearly upward trend with increasing TSS can be seen in the case of RF, although
the differences between the best and worst result are not as large as in the case of MLC: approx. 8 percentage
points OA or approx. 0.1 Kappa. TSS seems to have little effect on the effectiveness of SVM - the differences
between the best and worst results obtained by this method are approx. 1 percentage point OA or less than 0.02
Kappa. It is worth noting here that for the smallest TSS, SVM gives clearly the best results, but at the largest -
the worst.

Summary and conclusions

As part of the research, 60 scenarios of Landsat-8 satellite image classification were tested - for various ML
algorithms: ML.C, SVM, and RF, and different training sample sizes.

The research showed that MLC is characterized by the highest sensitivity to TSS, which gives very low
classification effectiveness for small training samples, while for very large samples it surpasses the other analyzed
methods in this respect. The least sensitive to T'SS is SVM, which shows high result stability, regardless of TSS,
with the smallest T'SS being clearly the best against the other two algorithms, while with the largest T'SS - slightly
worse than them. RF, on the other hand, is in the middle of these methods: the impact of TSS on classification
effectiveness is noticeable, but not as strong as in the case of MLC.

This indicates that while MLC is potentially a very effective algorithm, it is very sensitive to imperfections in
the training data. It is worth noting that in most cases, classes were divided into coherent subclasses of an
ellipsoidal nature in a distribution similar to normal, but when this division was abandoned, ML.C showed very
poor accuracy (especially compared to other algorithms), even with very large T'SS. This proves that ML.C requires
very careful preparation of training data, numerous, noise-free and divided into ellipsoidal subclasses, regardless
of the final classification systematics. On the other hand, SVM shows a very high resistance to imperfections in
the training sample, giving good results also with a very small training sample and for non-ellipsoidal classes. It
therefore appears as a “safe” choice, especially when there is no possibility of using well-prepared training data.
By the way, the research results, especially those obtained for SVM, suggest the direction of further potential
research: analysis of the accuracy of selected algorithms (mainly SVM) for even smaller TSS, in order to find the
sample size for which a clear deterioration of SVM accuracy can be observed.

Author Contributions: Conceptualization, P.K. and S.N.; methodology, P.K. and S.N.; formal analysis, P.K.; investigation, S.N.;
resources, S.N.; data curation, S.N.; writing, P.K..; visualization, P.K.; All authors have read and agreed to the published version
of the manuscript.”
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Appendix A
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Fig. 10. Fragment of the image (10 km x 8.5 km) — the result of classification using ML.C with the use of the maximum (a) and
minimum (b) set of training data in variant A.

Ryc. 10. Fragment obrazu — wyniku klasyfikacji z wykorzystaniem MLC przy zastosowaniu maksymalnego (a) i minimalnego (b)
zestawu danych treningowych w wariancie A.
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Fig. 11. Fragment of the image (10 km x 8.5 km) — the result of classification using SVM with the use of the maximum (a) and
minimum (b) set of training data in variant A.

Ryc. 11. Fragment obrazu — wyniku klasyfikacji z wykorzystaniem SVM przy zastosowaniu maksymalnego (a) i minimalnego (b)
zestawu danych treningowych w wariancie A.
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Fig. 12. Fragment of the image (10 km x 8.5 km) — the result of classification using RF with the use of the maximum (a) and
minimum (b) set of training data in variant A.

Ryc. 12. Fragment obrazu — wyniku klasyfikacji z wykorzystaniem RF przy zastosowaniu maksymalnego (a) i minimalnego (b)
zestawu danych treningowych w wariancie A.
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