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Abstract 
 

Synthetic Aperture Radar (SAR) is an active microwave instrument that has many favourable 

characteristics. It provides high-resolution, day-and-night, and weather-independent imagery 

for a multitude of applications, which make it an indispensable tool for earth observation from 

space. This research evaluates different preprocessing steps of single-date and multitemporal 

SAR imagery using machine learning methods in order to develop a novel methodology for 

vegetation mapping.  

C-band vertical-vertical (VV) and vertical-horizontal (VH) SAR imagery acquired from the 

Sentinel satellite mission (i.e., Sentinel-1; S1) were used for vegetation mapping. In the 

preprocessing phase, the inevitable drawback of SAR imagery is the presence of noise-like 

phenomena called speckle. Speckle is a signal dependent noise that strongly degrades the image 

quality, which leads to image interpretation difficulties. Therefore, this research evaluated 

different adaptive filters for speckle reduction and estimated impact of filtering techniques on 

classification accuracy. 

Since S1 imagery provides data from a dual-polarization (i.e., VV and VH) C-band SAR sensor, 

including texture information from the grey-level co-occurrence matrix (GLCM), can produce 

new images by making use of additional spatial information and different land-cover classes, 

which reflects in improving the classification accuracy. GLCM reveals how often different 

combinations of pixel brightness with specific values and specified spatial relationships occur. 

Thus, various texture bands derived from GLCM were tested for vegetation mapping.  

Furthermore, multitemporal (MT) S1 imagery was used to characterize phenological changes 

in vegetation land-cover classes since single-date imagery often does not produce satisfactory 

results. Using MT imagery vegetation mapping, the number of input features is rapidly 

increasing. Therefore, parameter optimization of machine learning methods will increase 

vegetation mapping accuracy, as well as reduce the time needed for building a machine learning 

model. In order to develop the above-mentioned methodology for vegetation mapping, various 

machine learning methods were used, e.g., Random Forest, Support Vector Machine, boosting 

classifiers (XGBoost, AdaBoost), artificial neural network (Multi-Layer Perceptron). 

Keywords: Sentinel-1, synthetic aperture radar, vegetation mapping, machine learning, grey-

level co-occurrence matrix, speckle filtering, multitemporal, feature selection.  
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Extended Abstract in Croatian language 
 

Radar sa sintetičkim otvorom antene (engl. Synthetic Aperture Radar – SAR) se više od 30 

godina koristi za potrebe opažanja Zemljine površine. SAR radi u mikrovalnom dijelu 

elektromagnetskog spektra te prikupljanje podataka je moguće neovisno o vremenskim 

uvjetima i dobu dana. Zbog kompleksnosti obrade SAR satelitskih snimaka, njihova upotreba 

za klasifikaciju zemljišnog pokrova nije rasprostranjena u odnosu na pasivne optičke senzore. 

U doktorskom radu istražiti će se različite metode predobrade pojedinačnih i viševremenskih 

SAR snimaka, s ciljem povećanja točnosti kartiranja vegetacije, kao i utjecaj ulaznih značajki 

na točnost klasifikacije primjenom različitih metoda strojnog učenja.  

Za klasifikaciju vegetacije korištene su snimke nedavno lansirane Sentinel-1 (S1) satelitske 

misije, koja prikuplja podatke povratnog raspršenja signala u vertikalnoj-vertikalnoj (VV) i 

vertikalno-horizontalnoj (VH) polarizaciji. Zbog kompleksnosti obrade SAR satelitskih 

snimaka, njihova upotreba za klasifikaciju zemljišnog pokrova nije rasprostranjena u odnosu 

na pasivne optičke senzore. Nadalje, kao rezultat konstruktivne i destruktivne interferencije 

nasumično raspoređenih raspršivača, na SAR podacima pojaviti će se karakterističan efekt 

zrnatosti (engl. speckle). U ovoj analizi korišteni su različiti adaptivni filteri za umanjenje šuma 

na snimkama (npr., Lee, refinirani Lee, Gamma-Map, Lee Sigma filter). Istraživanje je 

pokazalo da je najviša ukupna točnost klasifikacije postignuta sa Lee filterom veličine 5x5 

piksela. S ciljem povećanja točnosti kartiranja vegetacije, dodatno je istražena analiza teksture 

u SAR snimkama. Najpoznatija statistička metoda drugog reda za analizu tekstura koja se 

temelji na statistici parova piksela nastala je prema takozvanoj matrici združenog pojavljivanja 

(engl. Grey-Level Co-occurence matrix – GLCM). Za potrebe ovog istraživanja, iz GLCM 

matrice izračunate su značajke aritmetičke sredine (engl. Mean), kontrasta (engl. Contrast) te 

varijance (engl. Variance). Osim analize utjecaja predobrade snimaka na točnost kartiranja 

vegetacije, u sklopu istraživanja analizirale su se i različite metode strojnog učenja za 

klasifikaciju snimaka. Support vector machine (SVM) algoritam je postigao veće točnosti od 

Random forest (RF) i Extreme gradient boosting (XGB) metoda. Upotrebom Lee filtera za 

filtriranje šuma pomoću SVM metode povećana je ukupna točnost klasifikacije za 14,51% u 

usporedbi sa klasifikacijom na VV i VH polarizacijskim kanalima. Dodavanjem GLCM 

teksturnih značajki (Mean i Variance) ukupna točnost klasifikacije se povećala za 19.38% u 

odnosu na VV i VH. U ovom istraživanju, rezultati nadziranih klasifikacija sa GLCM 
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značajkama pokazali su se superiornima u dva aspekta: veća točnost i smanjenje šuma na SAR 

snimkama. Ovo istraživanje potvrdilo je učinkovitost SVM metode za kartiranje vegetacije u 

urbanim sredinama uz upotrebu opisanih metoda predobrade pojedinačnih SAR snimaka i 

GLCM teksturnih značajki. 

Budući da kartiranje vegetacije na pojedinačnim SAR snimkama ne daje zadovoljavajuće 

rezultate, potrebno je provesti prostorno-vremensku analizu na viševremenskim (engl. 

multitemporal) SAR snimkama. Lansiranjem satelitskih misija koje omogućuju sistematično 

prikupljanje SAR snimaka u kratkom vremenskom razdoblju (npr. Sentinel-1 misija) 

omogućilo je globalne prostorno-vremenske analize. U ovoj analizi analizirane su točnosti 

kartiranja vegetacije na pojedinačnim i viševremenskim SAR snimkama pomoću razičitih 

metoda za strojno učenje na tri različita područja istraživanja. SVM metoda klasifikacije je 

postigla najviše točnosti na pojedinačnim SAR snimkama. Posebni oblik neuronske mreže 

(engl. Multi-Layer Perceptron – MLP) je nadmašio ostale metode strojnog učenja upotrebom 

viševremenskih SAR snimaka (tri i pet datuma). Dodavanjem SAR snimaka različitih 

vremenskih rezolucija povećalo je korisničke i proizvodne točnosti pojedinačnih klasa 

zemljišnog pokrova, pogotovo za klase šuma i niska vegetacija, čije su vrijednosti premašile 

90%. Istraživanje je pokazalo da je kartiranje vegetacije u urbanim područjima pomoću 

pojedinačnih SAR snimaka često nedovoljno, stoga treba koristiti guste vremenske serije S1 

snimaka, koje nam omogućuju praćenje fenoloških faza biljaka te razlikovanje različitih klasa 

zemljišnog pokrova. 

Primjenom viševremenskih radarskih i/ili optičkih snimaka za kartiranje vegetacije, broj 

ulaznih značajki se značajno povećava, a samim time i vrijeme potrebno za obradu podataka. 

Stoga je odabir prikladnih spektralnih, prostornih, kontekstualnih i teksturalnih značajki od 

iznimne važnosti u analizi satelitskih snimaka. Korištenjem podskupa ulaznih značajki 

osigurava se efikasno razlikovanje klasa zemljišnog pokrova s visokom točnošću. Osim odabira 

ulaznih značajki, ukupna točnost klasificirane snimke ovisi i o kvaliteti, kvantiteti i semantičkoj 

distribuciji referentnih podataka. U ovoj analizi hibridni referentni set podataka za stvaranje 

modela strojnog učenja nastati će kombinacijom iz globalnih (npr. CORINE, LUCAS) i 

nacionalnih (npr. ARKOD) baza identifikacija zemljišnog pokrova. RF metoda klasifikacije 

korištena je za klasifikaciju snimaka, zbog jednostavne parametrizacije te mogućnosti odabira 

ulaznih značajki pomoću mean decrease in accuracy (MDA) ili mean decrease in Gini (MDG). 

Za kartiranje vegetacije, najvažnje ulazne značajke kod SAR snimaka bile su GLCM Mean i 

Variance, dok je VH polarizacijski kanal bolje raspoznavao vegetaciju od VV kanala. 
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Sveukupno je digitalni model reljefa kao ulazna značajka kod RF metode najviše doprinesao 

ukupnoj točnosti klasifikacije. Može se zaključiti da se optimizacijom parametara metoda 

strojnog učenja povećava točnost kartiranja vegetacije i smanjuje vrijeme potrebno za stvaranje 

modela strojnog učenja. 

Istraživanje u ovom doktorskom radu potvrdilo je da se korištenjem viševremenskih SAR 

snimaka može kartirati vegetacija sa visokom točnošću, uz primjenu opisanih metoda 

predobrade snimaka te upotrebom teksturnih značajki. Na temelju rezultata istraživanja može 

se zaključiti da je odabir podskupa ulaznih značajki za potrebe kartiranja vegetacije najvažniji, 

dok je optimizacija hiperparametara pojedine metode strojnog učenja od manjeg značaja iako 

njihove vrijednosti utječu na konačne ukupne točnosti klasifikacija snimaka. 

Buduća istraživanja trebala bi obratiti posebnu pozornost na napredne metode dubokog učenja 

(konvolucijske mreže), kao i na fuziju optičkih i radarskih snimaka budući da njihove ulazne 

značajke pružaju komplementarne informacije koje povećavaju ukupnu točnost klasifikacije 

snimaka. 

Ključne riječi: Sentinel-1, radar sa sintetičkim otvorom antene, kartiranje vegetacije, strojno 

učenje, matrica združenog pojavljivanja, filtriranje šuma, multitemporal, odabir značajki. 

 



TABLE OF CONTENTS 

x 

 

Table of Contents 

DECLARATION OF AUTHORSHIP .................................................................................... i 

ACKNOWLEDGMENT .......................................................................................................... ii 

THESIS INFORMATION ...................................................................................................... iv 

ABSTRACT ............................................................................................................................. vi 

EXTENDED ABSTRACT IN CROATIAN LANGUAGE................................................. vii 

LIST OF ACRONYMS ......................................................................................................... xiii 

CHAPTER 1 INTRODUCTION ............................................................................................ 1 

1.1 Pre-processing of the SAR data.................................................................................................. 4 

1.2 Grey Level Co-occurrence Matrix ............................................................................................. 6 

1.3 Feature selection techniques for multitemporal SAR imagery ............................................... 8 

1.4 Machine learning classification ................................................................................................ 10 

1.5 Thesis objectives ........................................................................................................................ 14 

1.6 Expected scientific contributions ............................................................................................. 15 

1.7 Chapter summary...................................................................................................................... 15 

CHAPTER 2 GREEN INFRASTRUCTURE MAPPING IN URBAN AREAS USING 

SENTINEL-1 IMAGERY ...................................................................................................... 17 

2.1 Introduction ............................................................................................................................... 19 

2.2 Materials and Methods ............................................................................................................. 21 

2.2.1 Study areas ........................................................................................................................... 22 

2.2.2 Data ...................................................................................................................................... 24 

2.2.3 Pre-processing of the SAR data ............................................................................................ 24 

2.2.4 Machine learning methods for land-cover classification ...................................................... 27 

2.2.5 Accuracy assessment ............................................................................................................ 28 

2.3 Results ........................................................................................................................................ 30 

2.3 Discussion ................................................................................................................................... 36 

2.4 Conclusion .................................................................................................................................. 40 

2.5 References .................................................................................................................................. 41 

2.6 Appendix A ................................................................................................................................ 47 



TABLE OF CONTENTS 

xi 

 

CHAPTER 3 COMPARATIVE ASSESSMENT OF MACHINE LEARNING 

METHODS FOR URBAN VEGETATION MAPPING USING MULTITEMPORAL 

SENTINEL-1 IMAGERY ...................................................................................................... 50 

3.1 Introduction ............................................................................................................................... 52 

3.2 Study Areas and Dataset ........................................................................................................... 55 

3.2.1 Study Areas .......................................................................................................................... 55 

3.2.2 Data ...................................................................................................................................... 56 

3.3 Methods ...................................................................................................................................... 57 

3.3.1 Pre-Processing ...................................................................................................................... 57 

3.3.2 Speckle Filtering ................................................................................................................... 58 

3.3.3 Classification and Accuracy Assessment ............................................................................. 58 

3.4 Results ........................................................................................................................................ 63 

3.5 Discussion ................................................................................................................................... 71 

3.6 Conclusions ................................................................................................................................ 74 

3.7 References .................................................................................................................................. 75 

3.8 Appendix A ................................................................................................................................ 85 

CHAPTER 4 SENTINEL-1 AND 2 TIME-SERIES FOR VEGETATION MAPPING 

USING RANDOM FOREST CLASSIFICATION: A CASE STUDY OF NORTHERN 

CROATIA ............................................................................................................................... 86 

4.1 Introduction ............................................................................................................................... 88 

4.2 Study Area and Datasets ........................................................................................................... 90 

4.2.1 Study area ............................................................................................................................. 90 

4.2.2 Satellite Datasets .................................................................................................................. 91 

4.2.3 Reference Data ..................................................................................................................... 94 

4.3 Methods ...................................................................................................................................... 95 

4.3.1 Jeffries–Matusita (JM) Distance ........................................................................................... 95 

4.3.2 Random Forest (RF) Classification ...................................................................................... 96 

4.3.3 Accuracy Assessment ........................................................................................................... 97 

4.4 Results and Discussion .............................................................................................................. 97 

4.4.1 Optical NDVI and Radar Backscatter (VV, VH) Time-Series ............................................. 97 

4.4.2 Jeffries–Matusita (JM) Distance Variability Results of Each Class ..................................... 99 

4.4.3 Random Forest Hyperparameter Tuning Results ............................................................... 100 

4.4.4 Importance and Selection of S1 and S2 Input Features for Vegetation Mapping .............. 100 



TABLE OF CONTENTS 

xii 

 

4.4.5 Accuracy Assessment ......................................................................................................... 102 

4.4.6 . Impact of the Reference Dataset on Classification Accuracies ........................................ 105 

4.5 Conclusions .............................................................................................................................. 107 

4.6 References ................................................................................................................................ 108 

CHAPTER 5 JOINT DISCUSSION ................................................................................... 117 

CHAPTER 6 CONCLUSION ............................................................................................. 123 

BIBLIOGRAPHY ................................................................................................................ 126 

LIST OF FIGURES ............................................................................................................. 139 

LIST OF TABLES ............................................................................................................... 141 

CURRICULUM VITAE ...................................................................................................... 142 

  



List of Acronyms 

xiii 

 

List of Acronyms 
 

AB   AdaBoost 

AD  Allocation Disagreement 

AE   Unsupervised Autoencoders 

ASM  Angular Second Moment 

B  Blue Band 

BAEI  Built-Up Area Extraction Index 

BUI  Built-Up Index 

C   Comission Error 

CART  Classification And Regression Trees 

CNN   Convolutional Neural Network 

DEM   Digital Elevation Model 

DL   Deep Learning 

DN   Digital Number 

DPN   Deep Belief Networks 

DT   Decision Tree 

ELM   Extreme Learning Machine 

EM  Electromagnetic 

EMR   Electromagnetic Radiation 

ESA   European Space Agency 

EVI  Enhanced Vegetation Index 

FoM   Figure of Merit 

FS   Feature Selection 

G  Green Band 

GI   Green Infrastructure 

GLCM Grey Level Co-occurrence Matrix 

GNDVI Green Normalized Vegetation Index 

GPT   Graph Processing Tool 

GPUs   Graphics Processing Units 

GRD   Ground Range Detected 

HH   Horizontal-Horizontal Backscatter 

HV   Horizontal-Vertical Backscatter 

IML   Improved Multi-Look 

IRECI  Inverted Red-Edge Chlorophyll Index 

JM  Jeffries–Matusita Distance 

K  Kappa Coefficient 

KELM Kernel Extreme Learning Machine 

LC   Land-Cover 

LCC   Land-Cover Classification 

LPIS   Land Parcel Identification System 

LUCAS European Land Use and Coverage Area Frame Survey  

LULC  Land-Use and Land-Cover 



List of Acronyms 

xiv 

 

MCARI Modified Chlorophyll Absorption in Reflectance 

MDA   Mean Decrease Accuracy 

MDG   Mean Decrease Gini 

ML   Machine Learning 

MLP   Multi-Layer Perceptron 

MSAVI Modified Soil Adjusted Vegetation Index 

MSI   Multispectral Instrument 

MT   Multitemporal 

NDBI  Normalized Difference Built-Up Index 

NDI45  Normalized Difference Index 45 

NDVI   Normalized Difference Vegetation Index 

NDWI  Normalized Difference Water Index 

NIR  Near-Infrared Band 

NN   Neural Networks 

O   Omission Error 

OA   Overall Accuracy 

PA   Producer's Accuracy 

PCA   Principal Component Analysis  

PSSRa  Pigment Specific Simple Ratio 

QD  Quantity Disagreement 

R  Red Band 

RBF   Radial Basis Function 

RE1  Red-Edge 1 Band 

RE2  Red-Edge 2 Band 

RE3  Red-Edge 3 Band 

RELUs  Rectified Linear Units 

RF   Random Forest 

RNN   Recurrent Neural Network 

RS  Remote sensing 

RVI  Radar Vegetation Index 

S1   Sentinel-1 

S1A   Sentinel-1A 

S1B   Sentinel-1B 

S2   Sentinel-2 

SAR  Synthetic Aperture Radar 

SAVI  Soil Adjusted Vegetation Index 

SLC   Single Look Complex 

SRTM  Shuttle Radar Topography Mission 

SVM   Support Vector Machine 

UA   User's Accuracy 

UAVs   Unmanned Aerial Vehicles 

UTM   Universal Transverse Mercator 

VH   Vertical-Horizontal Backscatter 

VHRSI Very High Spatial Resolution Imagery 

VV  Vertical-Vertical Backscatter 

VH  Vertical-Horizontal Backscatter 

XGB   Extreme Gradient Boosting    



Dobrinić, D.: Development of a Novel Methodology for Vegetation Mapping using Radar Satellite Imagery  

1 

 

Chapter 1  

 

Introduction 

 

The results of different climate change scenarios confirm that Europe will have to face changes 

in average temperatures over the next 100 years to an increase of 3° C in central Europe and 4° 

C – 5° C in northern Boreal and parts of the Mediterranean (Jacob et al. 2014). The regions with 

the highest expected warming are in Western and Southern Europe. Climate change will bring 

numerous and complex effects on forests and agricultural areas in different EU regions, such 

as rising CO2 concentrations in the atmosphere, higher temperatures, changes in precipitation, 

floods, duration and frequency of droughts, the temporal and spatial dynamics of pest species, 

affecting frequency, intensity and consequences of the onset of the disease (Gornall et al. 2010).  

The easiest way to monitor forests and agricultural areas is by using satellite remote sensing 

techniques. Remote sensing (RS) is the science of collecting information by a remote device 

that is not in direct contact with the object under investigation (Aggarval 2004). Satellite 

imagery is the most commonly used due to its cyclical observation and wider area coverage. In 

general, RS sensors can be divided into two categories, active and passive. Passive (or optical) 

sensors rely on the presence of an external illumination source for RS, i.e., the Sun. The energy, 

measured by the sensor emits from the Sun towards the Earth, is reflected in the visible and 

near-infrared electromagnetic (EM) spectrum or is emitted by the Earth itself because of its 

temperature (Zhang and Moore 2015). Examples of passive RS instruments include cameras (at 

visible and infrared wavelengths), radiometers, spectrometers. The energy measured by the RS 

passive sensor is usually collected in several spectral bands. Therefore, passive sensors acquire 

the information only when the Sun illuminates the Earth, i.e., during the day, because there is 

no energy source at night. On the contrary, active RS systems use their source of energy for 

acquiring information about Earth's surface (Hay 2000). An antenna, placed on the active 

sensor, emits the energy towards the Earth's surface and measures the energy scattered back. 

Examples of active RS instruments include, for example, altimeters, LIDARs, limb sounders, 

most radars, and scatterometers. There are three main atmospheric windows: the optical 

window (~0.3 – 0.7 µm) spanning from ultraviolet to red, the infrared window (~0.7 – 8 µm) 
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at near-infrared to mid-infrared, and the radio window (~1 cm – 11 m) spanning the 

wavelengths from microwaves into radio waves (Horning 2019). 

The use of satellites for vegetation mapping started in the early 1970s when the USA launched 

the first Landsat satellite for agricultural landscape classification (Xie et al. 2008). Since then, 

several other optical RS satellite sensors, with improved spatial, temporal, spectral, and 

radiometric resolutions, have been launched (e.g., SPOT, IRS, IKONOS, Quickbird, 

WorldView, GeoEye, Pleiades, etc.) (Dash and Ogutu 2016). Data from the above-mentioned 

sensors have been used to monitor various aspects of global terrestrial ecosystems, including 

land use and land cover (Zhang et al. 2018), crop production (Turker and Ozdarici 2011), 

wildfire mapping (Dragozi et al. 2016), vegetatison condition, and growth (Zylshal et al. 2016), 

and ecosystem services (Chopra et al. 2010). The main flaw of the passive optical sensors is 

that optical imaging is not possible in dark or cloudy weather or returns imagery of low quality. 

Thus, with its ability to collect imagery day or night, regardless of cloud coverage, synthetic 

aperture radar (SAR) offers the ideal balance for vegetation mapping, since SAR satellites emit 

waves in the micro range of the spectrum, which penetrate through clouds. 

SAR is a side-looking active microwave instrument that produces high-resolution images of the 

reflectivity of the ground at microwave wavelengths (spanning from centimeters to meters 

depending on the sensor). The EM waves emitted by the radar are scattered in the target, and 

the backscattered echoes received by the antenna are used to construct the radar image. A large 

antenna aperture (e.g., tens of kilometers) is needed to achieve a similar spatial resolution as 

optical instruments. It is not feasible to carry such a large antenna on a space platform (Zhu et 

al. 2017). Aperture refers to the opening that is used to collect reflected energy and form an 

image. Synthetic aperture is a technique used to synthesize a long antenna by combining signals, 

or echoes, received by the radar as it moves along a flight track. The analogous feature of a 

camera to the aperture would be the shutter opening (Harding et al. 2001). Image acquired by 

radar is presented in the form of pixels representing the intensity of the backscattered signal. 

Each transmitted pulse from a radar carries energy which can be expressed by radar equation 

(Barton 1988): 
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 Eq. (1.1) 

where rP is the received power, λ is the wavelength, G is the gain of the antenna, tP  is the 

transmitted power, σ is the radar cross section, and R is the range from sensor to the target. 
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Transmitted pulse travels through the atmosphere and illuminates a target, and its backscatter 

travels back to reach the antenna where the signal intensity is received. A 2D image is created 

as the pulses are emitted from the sensor mounted on a moving platform, and each pulse defines 

one line. The radar sensor, therefore, measures distances and detects backscattered signal 

intensities.  

SAR images appear in gray scale tones, while dark and bright pixels represent low and high 

backscatter, respectively. In the latter case, the antenna detects a large percentage of energy, 

while dark features mean a minimal amount of backscattered energy from the target (White et 

al. 2015). Moreover, the amplitude and phase of the backscattered signal depend on the physical 

(i.e., geometry, roughness) and electrical properties (i.e., permittivity) of the imaged object. 

Depending on the frequency band, considerable penetration can occur so that the imaged objects 

and media must be modeled as a volume (e.g., vegetation, ice and snow, dry soil). More 

penetration of the electromagnetic pulses in media will occur for radar systems using longer 

wavelengths which usually have an accentuated volume contribution in the backscattered 

signal. For example, an X-band radar, which operates at a wavelength of about 3 cm, has 

minimal capability to penetrate into the broadleaf forest and thus primarily interacts with leaves 

at the top of the tree canopy (Tanase et al. 2015). On the other hand, an L-band signal has a 

wavelength of about 23 cm, achieving greater penetration into a forest and allowing for more 

interaction between the radar signal and large branches and tree trunks (Hajj et al. 2018). 

Imagery acquired from the Sentinel-1 (S1) sensor operates at C-band whose capability 

concerning vegetation canopies or soils is limited to the top layers. But, since S1 data is free of 

charge and available every six days, it represents a significant trade-off between the possibility 

for multitemporal (MT) analysis and their penetrating capability for vegetation mapping. 

Microwave polarization is vital in imaging radar systems. Polarization depends on the 

orientation of transmitted and received EM waves and is defined by the orientation of the 

electric field vector with respect to the horizontal direction. Most radars are designed to transmit 

microwave radiation either horizontally polarized (H) or vertically polarized (V). Similarly, the 

antenna receives either the horizontally or vertically polarized backscattered energy, and some 

radars can receive both (Bhatta 2013). Most important is that backscatter from co-polarization 

(VV, HH) (i.e., same transmit and receive components) is typically stronger for surface 

scattering components. In contrast, the energy measured from cross-polarized (VH or HV) 

detection (i.e., measuring energy returning at a 90° offset to the transmitting wave) is associated 

with measuring volume scattering (Srivastava et al. 2009). The latter polarization is essential 
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for biomass applications (Hosseini and McNairn 2017), vegetation mapping (Vreugdenhil et al. 

2020), and forest degradation monitoring (Hansen et al. 2020). 

Satellite data should be pre-processed before conducting analysis, calculation, segmentation, or 

classification. However, compared to the optical satellite data, there are several challenges 

regarding SAR image analysis for land-cover (LC) applications (e.g., speckle, radar shadow 

caused by layover, and foreshortening). Additionally, numerous researchers still use optical 

satellite data for LC mapping due to the complex pre-processing and interpretation of radar 

data. Therefore, pre-processing of the S1 SAR data is essential for several earth observation 

applications, including LC classification, change detection, vegetation monitoring, etc. Only 

after pre-processing steps of SAR imagery are done correctly, additional input features can be 

calculated (e.g., texture bands), as well as their selection in the multitemporal analysis and 

classification can be conducted. 

1.1 Pre-processing of the SAR data 

The Sentinel-1 (S1) mission is a constellation of two polar-orbiting satellites (i.e., Sentinel-1A; 

S1A and Sentinel-1B; S1B) conducted by the European Space Agency within the Copernicus 

Programme. S1 Level-1 products are produced as Single Look Complex (SLC) and Ground 

Range Detected (GRD) (Hansen et al. 2020). This research evaluates GRD products for 

vegetation mapping. S1 GRD products consist of focused SAR data that has been detected, 

multi-looked, and projected to ground range using an Earth ellipsoid model. Phase information 

is lost, and the resulting product has approximately square spatial resolution pixels and square 

pixel spacing with reduced speckle at the cost of worse spatial resolution (Ali et al. 2018). 

Therefore, S1 GRD data must be radiometrically corrected, terrain corrected, and filtered due 

to the speckle noise.  

Within the radiometric calibration, the pixel values of the images have to be transformed from 

radar reflectivity (stored as digital numbers) to a measure of the ground reflectivity or radar 

cross-section. Though uncalibrated SAR imagery is sufficient for qualitative use, calibrated 

SAR images are essential to the quantitative use of SAR data (Döring and Schwerdt 2013). 

Moreover, the radiometric correction is necessary to compare SAR images acquired under 

different conditions (e.g., using other sensors or at different dates). The GRD scenes must be 

terrain-corrected from slant range to ground range geometry due to the terrain effects 

(foreshortening, layover, or shadowing effects). The distortions are induced by side-looking 

(rather than straight-down looking or nadir) imaging, and compounded by rugged terrain 
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(Bayanudin and Jatmiko 2016). The process is mostly performed using a digital elevation model 

(DEM). It ensures that the location of any pixel in the SAR imagery is directly associated with 

a map coordinate system. Speckle filtering is the most crucial component of SAR image pre-

processing since speckling degrades the quality of the radar imagery. Speckle is an effect 

inherited by SAR images caused by the constructive and destructive interference of returned 

signals reflected from different scatters in each resolution cell (Nuthammachot et al. 2017). It 

appears as granular noise, and there are two techniques of mitigating speckle noise: multi-look 

processing and spatial filtering. In the case of multi-look processing, the final image is obtained 

using the average of consecutive radar beams, and it reduces the spatial resolution of the image. 

The spatial filters are categorized into two different groups, i.e., non-adaptive and adaptive. 

Former ones take the parameters of the whole image signal into consideration and leave out the 

local properties of the terrain backscatter or the nature of the sensor. In contrast, the latter group 

of filters modifies the image based on statistics extracted from the local environment of each 

pixel (Lopera et al. 2010). 

Historically, foundations in the domain of radar speckle properties have been laid down 

throughout the latter half of the 20th century. Multi-look processing of SAR data was 

investigated by Cuchi (1986) from dynamic ocean surfaces. The speckle pattern in the images 

of such surfaces has non-Gaussian statistical proper- ties that depend on the random motion's 

statistics. Therefore, Moreira (1990) proposed an improved multi-look (IML) technique for 

improving the radiometric resolution in SAR imagery without altering the geometric resolution. 

The final image is formed by giving each look a proper size and weighting and adding them 

incoherently. Still, the computational time needed for the IML technique is 50% greater than 

the traditional multi-look approach. Nowadays, spaceborne sensors can deliver high-quality 

SAR data with decimeter resolution (e.g., SAR imagery acquired in X-band). Therefore, Vavriv 

and Bezvesilniy (2013) investigated the advantages of multi-look SAR processing using data 

obtained with an X-band airborne sensor. The suggested technique can be effectively used for 

the geometric and radiometric image distortions. However, since the multi-look method does 

not consider the statistical characteristics of speckle noise, the spatial domain filtering methods 

have been widely studied. 

Hereafter, adaptive spatial filters will be described since non-adaptive filters are not appropriate 

for non-stationary scene signals. The ideal speckle filter should adaptively reduce the speckle 

noise without sacrificing the information content (e.g., retain the edge and feature boundary 

sharpness). Therefore, adaptive filters modify the image based on statistics extracted from the 
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local environment of each pixel (Fan et al. 2019). Typically, the original pixel value is replaced 

with the new value calculated based on the surrounding pixels of a finite window that satisfy 

the standard deviation criterion. Touzi (2002) made a comprehensive review of adaptive filters 

for speckle reduction, such as Lee’s, Kuan’s, Frost, Gamma filter, etc. Most of the 

aforementioned filtering methods are pixel-based, and adaptive spatial filtering is performed 

using a strategy that is adaptive to the coefficient variation in the local window of the pixel. 

Recently, deep learning methods have been investigated for image denoising tasks (Lattari et 

al. 2019; Mullissa et al. 2020). While these methods outperform classical filters, they still show 

some weakness in texture preservation, so additional research is suggested. 

All the research, as mentioned above, mainly used only one spatial filter for speckle reduction 

with fixed window size. Furthermore, the performance of the multitemporal speckle filtering 

against single adaptive filtering using MT SAR data for vegetation mapping needs to be 

analyzed in-depth. This doctoral dissertation will examine the influence of various speckle 

filters with different window sizes and develop pre-processing methodology needed for 

successful vegetation mapping. 

1.2 Grey Level Co-occurrence Matrix 

The ground surface texture within the image provides additional information regarding the 

land-cover type that can be used for classification. The texture is a set of continuous variables 

that describe the local spatial arrangement of reflectance values (Hall-Beyer 2017). The output 

is a single raster layer that contains these measurements for all pixels and may be input into 

further analysis.  

A wide range of techniques is available for computing texture indices from remotely-sensed 

images (Berberoglu et al. 2000). Based on the number of pixels, statistical methods can be 

further classified as first-order statistics, second-order statistics, and high-order statistics. The 

first-order statistics consider the original image statistics of the local area derived from first-

order histograms and do not consider pixel neighbor relationships (Ramola et al. 2020). The 

second-order statistics consider the relationship between the groups of two neighboring pixels 

in the original image. The most used statistical method for describing the texture and image 

classification is the grey level co-occurrence matrix (GLCM). Texture variables derived from 

third and high-order statistics consider the relationship among three or more pixels, but their 

computational time is very long, and interpretation is difficult (Nyoungui et al. 2002). 
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GLCM is the most promising and efficient technique for deriving texture features for image 

classification among all the discussed methods. Introduced by Haralick et al. (1973), who 

defined fourteen different texture features which extract useful textural by using the frequency 

of occurrence of the image pixels followed by the same or another gray level (Ramola et al. 

2020). Each texture measure is calculated using one input layer chosen by the user and yields 

one output layer. If multiple inputs and many texture measures are desired, many new bands 

are produced (Hall-Beyer 2017). 

 1 2 3 

1 0 3 1 

2 0 2 2 

3 2 0 2 

 

Figure 1.1 (a) Input grey-level image of dimension 4x4 (b) quantized intensity levels of grey scale 

and (c) derived co-occurrence matrix. 

Figure 1.1a and Figure 1.1b represent a grey-level image and numeric grey-levels of dimension 

4x4, respectively, whereas Figure 1.1c means a GLCM of the input image. While calculating 

GLCM from an input image, two factors are considered most important: distance d and 

orientation angle ϴ, which are set to 1 and 0° in this example, respectively. Once input band 

and window size are chosen, the texture measures to use must be selected. GLCM textures can 

tackle all dimensions of texture simultaneously (Hall-Beyer 2017). 

Although many different texture calculation approaches were investigated for image 

classification, GLCM remained a widely implemented method for deriving texture measures. 

Furthermore, since some of the texture features are highly correlated, their use for vegetation 

mapping needs to be investigated in order to avoid any redundancy of information (Baraldi and 

Parmiggiani 1995). Its utility has been corroborated for classification tasks using SAR imagery 

(Ismail et al. 2014; Numbisi et al. 2019). GLCM texture has been incorporated into object 

classification in object-based tasks (Caballero et al. 2020); however, the texture may also help 

define edges when forming geographical objects (Zakeri et al. 2017). The idea is that particular 

texture measures produce contrasting (bright or dark) pixels where textures change, in other 

words, on natural patch (or object) edges (Hall-Beyer 2017). 

Most image classification research uses only several out of fourteen features that can be derived 

from the GLCM matrix. As mentioned above, a careful analysis is necessary to select the most 
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suitable ones for vegetation mapping using SAR imagery. This doctoral dissertation will 

examine various texture features derived from the GLCM at different distance d and orientation 

angle ϴ, without any redundancy of information, and separate window or kernel sizes suitable 

for vegetation mapping. 

1.3 Feature selection techniques for multitemporal SAR imagery 

Since the classification of vegetation in urban areas using single-date SAR imagery does not 

produce satisfactory results, it is necessary to perform spatio-temporal analysis on 

multitemporal (MT) SAR imagery. For remote sensing applications in agriculture, MT analysis 

is particularly important for vegetation mapping, crop yield estimation, and crop phenology 

monitoring (Shao et al. 2018). The use of satellite image time series, which provides spectral-

temporal profiles of the crops at different stages of growth, emerges as a promising approach 

in remote sensing-based crop type classification (Paul and Kumar 2019). Global spatio-

temporal analysis of the SAR imagery was enabled by launching satellite missions that allow 

systematic acquisitions within short revisit times (e.g., Sentinel-1). Sentinel-1 satellites (i.e., 

S1A and S1B) were launched in 2014 and 2016, respectively, and currently, six days revisit 

time can be achieved in most regions.  

The potential of vegetation indices (e.g., Normalized Difference Vegetation Index – NDVI), 

derived from optical remote sensing data, has already been proven for vegetation mapping 

(Dusseux et al. 2014; Mastrorosa et al. 2018), and solely using optical data outperforms solely 

using SAR data (Schuster et al. 2015). As already mentioned, optical RS data is not always 

available due to the cloud cover and solar illumination. Therefore, SAR imagery has the most 

significant advantage due to the signal ability of cloud penetration and works without 

illumination. Recently, radar vegetation indices have been developed and used for various 

agricultural tasks (Kim et al. 2012). Furthermore, Holtgrave et al. (2020) investigated a generic 

correlation between optical and SAR indices for agricultural areas and whether their 

relationship is interchangeable or complementary. Although the generic correlation was not 

found between optical and SAR indices, some distinct relationships could be stratified 

depending on the phenophase or land use type. Furthermore, VH backscatter outperformed VV 

backscatter for agricultural vegetation monitoring and strongly correlated with optical indices. 

With the use of MT radar and optical imagery for vegetation mapping, the number of input 

features is rapidly increased, and thus the time required to process the data. Many features in 

the datasets mentioned above are highly correlated, which causes noise that hinders the 
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classification itself (Sáez et al. 2013). Hence, selecting appropriate spectral, spatial, contextural, 

and textural features is of utmost importance in satellite image analysis. Using a subset of 

optimal features through feature selection (FS) ensures high accuracy efficient differentiation 

of the land-cover classes. Following Chen et al. (2020), FS techniques can be organized into 

three categories: filter methods, wrapper methods, and embedded methods. 

Filter methods rank the relevance of individual features by their correlation with the dependent 

variable, and low-scoring features that fall below a specified threshold are removed. This 

technique is computationally very efficient and independent of the classification algorithm 

(Bommert et al. 2020). Mostly used filter-based FS method is Principal Component Analysis 

(PCA). In wrapper methods, the FS process is based on a specific machine learning algorithm 

that evaluates the importance of various feature subsets. Finally, it selects the combination of 

features that gives the optimal results for the specified machine learning algorithm. The most 

commonly used wrapper methods are forward, backward, and stepwise selection (El Aboudi 

and Benhlima 2016). If a dataset consists of many input features, this FS method needs high 

computational time, and it has high chances of over-fitting because it involves training data of 

machine learning models with different combinations of features. Embedded methods (Lal et 

al. 2006) include the feature selection in the model fitting process, reducing the computation 

time taken up for reclassifying different subsets needed in the wrapper methods. Examples of 

predictive methods that use embedded FS methods are tree based methods (e.g., Random 

Forest) and gradient boosting (Chen et al. 2020). 

Random Forest (RF) has become a widely used classification approach for various tasks, 

including remote sensing, due to the ability to deal with noise, high dimensional, and 

unbalanced datasets. As mentioned before, FS can be done during the modelling algorithm’s 

execution of RF, based on the following indices for variable importance: Mean Decrease 

Accuracy (MDA) and Mean Decrease Gini (MDG) (Louppe et al. 2013). After randomly 

permuting the values of a feature, MDA measures a feature's importance by the reduction in the 

accuracy of a model (Li et al. 2019). In such a way, feature rankings can be derived based on 

their impact on model accuracy (i.e., whether the feature is important or insignificant during 

random permutation, the model accuracy should increase or decrease, respectively). Gini index 

or Gini impurity measures the degree or probability of a particular variable being wrongly 

classified when it is randomly chosen. Therefore, MDG is the sum of all decreases in Gini 

impurity due to a given variable, normalized by the number of trees (ntree) (Calle and Urrea 

2011). Feature importance rankings using MDA and MDG within RF classifier were deeply 
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investigated by Behnamian et al. (2017) in order to define the number of model runs and trees 

required to achieve stability in variable importance measures. 

All mentioned research is still primarily based on optical remote sensing. Unfortunately, two-

thirds of the Earth observation data provided by optical remote sensing sensors are often 

covered by clouds throughout the year, making multitemporal analysis difficult. Hence, it may 

be challenging to overcome weather conditions to obtain an acceptable quality of optical remote 

sensing data. Therefore, the MT series of SAR imagery needs to be investigated for vegetation 

mapping. Furthermore, feature selection techniques should be included in data pre-processing 

in order to achieve efficient data reduction for classification tasks. 

1.4 Machine learning classification 

Remote sensing is the technique of observing and analyzing objects from a distance without 

direct contact with them. The term Earth observation is often used when studying the Earth, 

which primarily means information collected from sensors mounted on board satellites, aircraft, 

or unmanned aerial vehicles (UAVs) that record reflected or emitted electromagnetic radiation 

from features on the Earth’s surface (Sivakumar et al. 2004). The reflected or emitted 

electromagnetic radiation (EMR) from elements on the Earth’s surface is captured as a pixel, 

which is then converted to a digital number (DN) in order to produce a remotely-sensed image 

(Kamusoko 2019). Remote sensing (RS) image classification plays an essential role in Earth 

observation technology using RS data, having been widely exploited in both military and civil 

fields. However, classifying remotely sensed data into a thematic map remains a challenge 

because many factors, such as the complexity of the landscape in a study area, selected remotely 

sensed data, and image-processing and classification approaches, may affect the success of a 

classification (Lu and Weng 2007). 

Typically, machine learning (ML) algorithms can be organized into a taxonomy based on the 

considered problem and the given data set as unsupervised and supervised learning (Kotlyar et 

al. 2019). Unsupervised classification uses clustering in order to identify hidden patterns in 

unlabeled data, where a set of patterns are grouped into clusters in such a way that patterns in 

the same cluster are similar in some sense and patterns in different clusters are dissimilar in the 

same meaning (Maulik and Chakraborty 2017). Today, frequently used methods for 

unsupervised LCC are k-means (Hartigan and Wong 1979) and ISODATA (Bezdek 1980). For 

supervised learning, example input and output data are known as training data. The goal is to 

predict the outcome based on the input data (Hastie 2009). The learning algorithms help in 
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identifying the class boundaries in the training set as correctly as possible by minimizing the 

training error. Supervised classification is more often used for remote sensing image 

classification. For vegetation mapping, commonly used ML classifiers are Random Forest (RF), 

Support Vector Machine (SVM), gradient boosting classifiers (e.g., Extreme Gradient 

Boosting, AdaBoost), and recently neural networks and deep learning. 

Random Forest (RF) makes predictions by using bootstrap aggregated sampling (bagging) to 

construct many individual decision trees from which a final class assignment is determined 

(Mellor et al. 2013). Bootstrap aggregating is a technique used for training data creation by 

resampling the original dataset randomly with replacement (i.e., with no deletion of the data 

selected from the input sample for generating the following subset). The primary 

hyperparameters that need to be optimized are the number of decision trees to be combined 

(ntree) and the maximum number of features considered at each split (mtry). As a result, the 

Random Forest algorithm can handle high dimensional data and use a large number of decision 

trees in the ensemble (Gislason et al. 2006). 

Support Vector Machine (SVM) classifier was initially designed for binary (two-class) 

problems, and the SVM training algorithm aims to determine a hyperplane that discriminates 

the dataset into a discrete predefined number of classes in a fashion consistent with the training 

examples (Cortes and Vapnik 1995). The term optimal separating hyperplane refers to the 

decision boundary that minimizes misclassification attained during the training phase. The most 

important part of the SVM classification is the proper definition of a kernel function that 

accurately reflects the similarity among samples (Maulik and Chakraborty 2017). The radial 

basis function (RBF) kernel is mostly used for vegetation mapping since land cover classes 

might not be linearly separable. When training an SVM with the RBF kernel, two parameters 

must be considered: the cost parameter (C) and the gamma (γ). The former parameter decides 

the size of misclassification allowed for non-separable training data, whereas the latter defines 

the kernel width. 

Similar to RF, gradient boosting is a set of decision trees. However, boosting ensemble methods 

consist in fitting several weak learners sequentially, where, at each iteration, more weight is 

added to the observations with the worst prediction from the previous iteration (Saini and Ghosh 

2017). The idea is to improve the previous model's results at each iteration, unlike the RF, which 

combines results at the end of the process (i.e., by averaging or majority rules). Therefore, in 

boosting, the final classification is the most vigorous, as it includes the combined improvement 



Dobrinić, D.: Development of a Novel Methodology for Vegetation Mapping using Radar Satellite Imagery  

12 

 

of all the previously modeled trees (Chen and Guestrin 2016). For vegetation mapping, 

frequently used boosting classifiers are, e.g., Extreme gradient boosting (XGB) and AdaBoost 

(AB). If hyperparameters of the above-mentioned boosting classifiers are carefully tuned, 

gradient boosting can perform better than RF (Bentéjac et al. 2020). Neural networks (NN), the 

basis of deep learning (DL) algorithms, have been used in the remote sensing community for 

many years, usually with one or two hidden layers (Atkinson and Tatnall 2010). All of this 

changed at the turn of the 21st century with the increased availability of Big EO Data and 

computing resources that merited the use of more (i.e., deeper) hidden layers and complex 

network architectures—hence, the term “deep learning” (Ma et al. 2019). A specific type of 

NN—Multi-Layer Perceptron (MLP) consists of several layers of neurons that are fully 

connected. The usual architecture of a model, which can separate nonlinear data, is the input 

layer, one or more hidden layers, and the output layer (Atkinson and Tatnall 2010). Nowadays, 

because of the efficient use of graphics processing units (GPUs), rectified linear units (ReLUs), 

and many training examples, convolutional neural networks (CNN), recurrent neural networks 

(RNN), unsupervised autoencoders (AE), and deep belief networks (DBN) are found to perform 

very well for many applications in the field of remote sensing. 

The most common approach for SAR data classification are various nonparametric (i.e., do not 

make assumptions about the data distribution) machine learning algorithms which are generally 

able to model complex class signatures and can accept a variety of input data (Maxwell et al. 

2018). As noted in the review paper from Joshi et al. (2016), a roughly even split exists between 

studies that analyzed data from a single time period and those that used multitemporal data. 

Furthermore, forests were the most represented form of land-cover in the studies, whereas the 

majority of studies focused on a single type of land use/cover category, with the remaining 

studies included two or more categories.  

Besides using state-of-the-art machine learning methods for vegetation mapping, the overall 

accuracy of the classified image depends on the quality, quantity, and semantic distribution of 

the reference data. Weigand et al. (2020) tested the use of LUCAS in-situ reference data for LC 

classification. In an iterative training process, by including various positioning and semantic 

selection approaches, the OA improved by 3.7%. Furthermore, many research (Baudoux et al. 

2021; Dabija et al. 2021) used CORINE Land Cover reference data for land-cover mapping in 

study areas across various European countries.  
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As mentioned above, all mentioned research performed vegetation mapping on SAR data from 

a single time period using only one or two classification methods, or they either used 

multitemporal data for vegetation mapping solely. In this doctoral dissertation, the performance 

of six machine learning classification methods will be evaluated using single-date and 

multitemporal SAR data to confirm the possibility of C-band SAR imagery for vegetation 

mapping. Furthermore, a reference dataset for vegetation mapping, derived from European LC 

datasets, will be proposed.  
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1.5 Thesis objectives 

The thesis objective is to develop a novel methodology for vegetation mapping using radar 

satellite imagery. Furthermore, the performance of the various preprocessing methods using 

single-date and multitemporal imagery will be evaluated to increase vegetation mapping using 

machine learning methods. 

The main research hypotheses of this thesis are: 

1. Radar satellite imagery can be used for vegetation mapping, 

2. It is possible to increase the vegetation mapping accuracy by applying different adaptive 

spatial filters and textural features, 

3. It is possible to increase the vegetation mapping accuracy using multitemporal radar 

satellite imagery. 

The research hypotheses resulted in the following papers: 

Paper A Green Infrastructure Mapping in Urban Areas Using Sentinel-1 Imagery 

Paper B Comparative Assessment of Machine Learning Methods for Urban Vegetation 

Mapping Using Multitemporal Sentinel-1 Imagery 

Paper C Sentinel-1 and 2 Time-Series for Vegetation Mapping Using Random Forest 

Classification: A Case Study of Northern Croatia 

The first and second research hypotheses are addressed in Paper A, where the vegetation 

mapping accuracy was evaluated through different pre-processing steps of SAR imagery. The 

single-use of SAR imagery for land-cover mapping has not been well-researched, partly due to 

the complexity, diversity, and availability of SAR data and partly due to difficulties in data pre-

processing. Machine learning (ML) methods were applied using single-date Sentinel-1 (S1) 

imagery in three different study areas: random forest (RF), support vector machine (SVM), and 

extreme gradient boosting (XGB). Additionally, texture variables were derived from S1 

imagery in order to provide additional input information for vegetation mapping.  

The first and third research hypotheses are addressed in Paper B, where the performance of 

various machine learning methods was compared using single-date and multitemporal Sentinel-

1 (S1) imagery. Up to five S1 imagery from 2019 were used for vegetation mapping in urban 

areas across Europe since the time-series of SAR imagery (e.g., S1) allow us to capture the 

phenological stages and discriminate various land-cover classes. Urban vegetation was 
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classified using six classifiers—random forests (RF), support vector machine (SVM), extreme 

gradient boosting (XGB), multi-layer perceptron (MLP), AdaBoost.M1 (AB), and extreme 

learning machine (ELM).  

Paper C explores the classification accuracy using the recent Sentinel-1 (S1) radar and 

Sentinel-2 (S2) optical time-series data for vegetation mapping. Additionally, ancillary data, 

such as texture features, spectral indices from S1 and S2, respectively, and digital elevation 

model (DEM), were used in different classification scenarios. Random Forest (RF) was used 

for classification tasks using a proposed hybrid reference dataset derived from European Land 

Use and Coverage Area Frame Survey (LUCAS), CORINE, and Land Parcel Identification 

Systems (LPIS) land-cover database. Additionally, the RF variable selection algorithm selected 

the most pertinent S1 and S2 features for vegetation mapping.  

1.6 Expected scientific contributions 

The expected scientific contributions of the thesis are: 

▪ The development of a novel methodology for vegetation mapping using the single-date 

and multitemporal radar satellite imagery. 

▪ Various methods of image pre-processing and using textural features will increase 

vegetation mapping accuracy. 

▪ A new methodological solution will be proposed through parameter optimization and 

feature selection techniques which achieves the highest accuracy of vegetation mapping 

using multitemporal radar imagery. 

1.7 Chapter summary 

The doctoral dissertation is structured in six chapters. The first chapter describes the 

background of the research and literature review for pre-processing of the SAR data, use of 

grey-level co-occurrence matrix (GLCM), feature selection techniques, and machine learning 

classification. In this chapter, motivation, hypotheses, and expected scientific contributions of 

the research are described.  

Chapter 2 presents the green infrastructure mapping in urban areas using S1 imagery. This 

research evaluated how different pre-processing steps of SAR imagery affect classification 

accuracy. Further in this chapter, state-of-the-art machine learning methods were compared for 

vegetation mapping. 
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Chapter 3 analyses machine learning methods using single-date and multitemporal (MT) S1 

imagery for urban vegetation mapping. This research aimed to assess the possibility of 

vegetation mapping using MT S1 imagery in urban areas across Europe and on a related 

comparative assessment of different classifiers.  

Chapter 4 analyses the integration of the recent radar (i.e., S1) and optical (i.e., S2) time-series 

imagery for land-cover (LC) mapping, especially vegetation classes. Classification accuracy is 

analyzed on eight LC classes, which were derived from global and national LC datasets. 

Furthermore, using Random Forest (RF) classifier, feature selection was conducted in order to 

detect the most pertinent features for vegetation mapping. 

Chapter 5 provides a joint discussion on each of the published papers. Each paper's contribution 

to research scientific contribution is explained, as well as the joint contribution of all three 

scientific articles. The discussion provides information about results obtained in published 

papers and their connection to previous research. 

Chapter 6 presents the conclusions and scientific contributions of this dissertation.
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Abstract 

High temporal resolution of synthetic aperture radar (SAR) imagery (e.g., Sentinel-1 (S1) 

imagery) creates new possibilities for monitoring of green vegetation in urban areas and 

generating land-cover classification (LCC) maps. This research evaluates how different pre-

processing steps of SAR imagery reflect on classification accuracy. Machine learning (ML) 

methods were applied in three different study areas: random forest (RF), support vector 

machine (SVM), and extreme gradient boosting (XGB). Since the presence of the speckle noise 

in radar imagery is inevitable, different adaptive filters were examined. Using the 

backscattering values of the S1 imagery, the SVM classifier achieved a mean overall accuracy 

(OA) of 63.14%, and a Kappa coefficient (Kappa) of 0.50. Using the SVM classifier with a Lee 

filter with a window size of 5 × 5 (Lee5) for speckle reduction, mean values of 73.86% and 

0.64 for OA and Kappa were achieved, respectively. An additional increase in the LCC was 

obtained with texture features calculated from a grey-level co-occurrence matrix (GLCM). The 

highest classification accuracy obtained for the extracted GLCM texture features using the 

SVM classifier, and Lee5 filter was 78.32% and 0.69 for the mean OA and Kappa values, 

respectively. This study improved LCC with an evaluation of various radiometric and texture 

features and confirmed the ability to apply an SVM classifier. For the supervised classification, 

the SVM method outperformed the RF and XGB methods, although the highest computational 

time was needed for the SVM, whereas XGB performed the fastest. These results suggest pre-

processing steps of the SAR imagery for green infrastructure mapping in urban areas. Future 

research should address the use of multitemporal SAR data along with the pre-processing steps 

and ML algorithms described in this research. 
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2.1 Introduction 

Forests are the most widely distributed terrestrial vegetation type, and thus play an important 

role in ecology and shaping the dynamics of regional and global ecosystem processes (Wulder 

1998). The monitoring of green urban areas using remote sensing (RS) techniques can be used 

as a tool for integrated spatial planning (Gašparović and Dobrinić 2020). Moreover, using 

satellite imagery, urban areas with different characteristics and densities can be determined 

(Zhang et al. 2014). Benefits of green infrastructure (GI) in urban environments, such as 

mitigation of heat island effects and flood alleviation, are burdened by severe anthropogenic 

impacts that can diminish potential GI functionality. To counter that, the European Commission 

adopted the European Green Infrastructure Strategy which aims to address the increasing 

fragmented nature of Europe urban areas as a result of human activities. 

Optical satellite imagery is historically mostly used for monitoring of the urban forest areas. As 

a result of easier interpretation and pre-processing methods, optical data is usually preferred to 

synthetic aperture radar (SAR) data. The optical RS system relies on the illumination of the 

Earth by the sun and measures the reflected radiation from a surface. Optical image quality can 

be seriously affected by atmospheric conditions (Jensen 2005). Active systems (like SAR) 

provide illumination by sending out microwaves and are mostly cloud independent. A radar 

system sends pulses of microwaves towards the Earth and records the intensity of the returned 

echoes for each pixel. Sentinel-1A (S1A), the first of the dual Sentinel-1 satellites, was 

launched in 2014 and has begun providing multi-temporal series of SAR imagery (C-band) at 

a time interval of 12 days. With Sentinel-1B (S1B), launched in 2016, the data provision has a 

repeat cycle of six days while operating in a pre-programmed conflict-free mode (Veloso et al. 

2017). Due to its all-weather, all-day imaging capability, several authors (Martinis et al. 2018; 

Twele et al. 2016) evaluated the possibility of the Sentinel-1 (S1) imagery for flood mapping 

or for irrigation mapping (Ferrant et al. 2017, Gao et al. 2018). 

However, the single-use of SAR imagery for land-cover mapping has not been well-researched, 

partly as a result of the complexity, diversity, and availability of SAR data, and partly due to 

difficulties in data interpretation associated with speckle. Speckle noise, a common 

phenomenon in SAR systems is associated to random interference between the coherent returns, 

and many filtering methods have been proposed, such as multi-looking, spatial filtering method, 

and transform domain filtering (Yuan et al. 2018). Idol et al. (2017) used the Lee-Sigma filter 

for radar speckle reduction on Radarsat-2 C-band imagery with a pixel resolution of 8 m. A 

maximum-likelihood decision rule was applied to create a classification map for four land cover 
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classes. Overall accuracy (OA) for the despeckled radar imagery for both 3 x 3 and 5 x 5 

windows sizes were 60.3% and 62.2%, respectively. Maghsoudi et al. (2012) improved 

classification results by applying speckle reduction on Radarsat-1 data and 7 x 7 enhanced Frost 

filter. Using a Bayes’ classifier to determine nine land-cover classes, OA was 60% for a single 

radar image. 

Including texture information from the grey-level co-occurrence matrix (GLCM) can produce 

new images by making use of additional spatial information and different land-cover classes, 

which reflects in improving classification accuracy. Balzter et al. (2015) investigated S1A 

imagery at 100 m spatial resolution for European CORINE land-cover mapping. Several 

random forest (RF) classifications of 27 land-cover classes were performed with different input 

bands. By using only horizontal-horizontal and horizontal-vertical backscatter values for 

classification, OA, and Kappa values were 47.5% and 0.38, respectively. The highest 

classification accuracy of 68.4% and Kappa of 0.63 was achieved with auxiliary texture and 

geomorphometric input bands. Zakeri et al. (2017) used S1 and ALOS-2 PALSAR-2 imagery 

for land-cover classification (LCC) in Tehran. Using the backscattering values only on S1 

imagery for the SVM classification of five land-cover classes, the OA was 45.70%, and Kappa 

was 0.30. In addition, texture features were selected from the PCA, and stacked with the 

backscattering polarised images. For SVM classification, the OA was increased to 54.25%, and 

Kappa to 0.41. Idol et al. (2017) added a variance texture measure created with the original 

Radarsat-2 image. Depending on the window size used for computing texture measure, OA 

ranged between 62.8% and 71.8%. Li et al. (2012) made a comparative analysis of ALOS 

PALSAR L-band and RADARSAT-2 C-band imagery. Different classification algorithms were 

examined for LCC on 10 classes in a tropical moist region. Classification accuracy on C-band 

data with maximum likelihood classifier achieved OA of 54.72% and Kappa of 0.42. 

Many research only focus on speckle filtering of SAR imagery, or for extracting texture 

variables. This paper will evaluate how classification results change for S1 imagery during the 

classification of GI in urban areas on: (i) original vertical-vertical (VV), vertical-horizontal 

(VH) bands; (ii) speckled bands with different spatial filters; (iii) GLCM texture features added 

to speckled image bands. Furthermore, different machine learning methods were evaluated for 

the ability to produce LCC maps. 
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2.2 Materials and Methods 

The objective of this study was to evaluate the use of single S1 imagery for land-cover mapping 

on three different study areas with an extent of 50 km × 50 km. To reduce the speckle effect 

and to increase LCC accuracy, different adaptive filters were tested (Lee, refined Lee, Gamma-

Map, and Lee-Sigma). Furthermore, VV and VH image texture were added along with speckled 

image bands, and the classification accuracy was compared. For this research, the machine 

learning (ML) methods used for land-cover mapping on the S1 imagery were random forest 

(RF), support vector machine (SVM), and extreme gradient boosting (XGB). Because of the 

high classification accuracy and their nonparametric nature, RF and SVM are mostly used for 

LCC (Noi and Kappa 2018, Rodriguez-Galiano et al. 2012), while the XGB classifier slightly 

outperformed RF and SVM in similar research (Man et al. 2018, Hirayama et al. 2019). 

This paper is organized as follows (Fig. 2.1): (1) study area selection and data collection (see 

Section 2.2.1 and 2.2.2 for more details); (2) pre-processing of the SAR data, involving speckle 

noise filtering (SPK) and creation of the GLCM for deriving texture features (see Section 2.2.3 

for more details); (3) land-cover classification using the RF, SVM, and XGB ML methods (see 

Section 2.2.4 for more details); and (4) evaluation to assess the classification accuracies 

obtained by the RF, SVM, and XGB (see Section 2.2.5 for more details). 
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Fig. 2.1 The workflow of land-cover mapping used in this research 

2.2.1 Study areas 

The land-cover mapping was applied to study areas across Europe with different geographical 

and environmental conditions (Fig. 2.2a), including towns Zagreb in Croatia, Hannover in 

Germany, and Porto in Portugal. Zagreb (Fig. 2.2b) is surrounded by Medvednica mountain on 

the north and River Sava on the south, and the rest represents a continental landscape with a 

uniform relief (Fig. 2.2e). Hannover (Fig. 2.2c), the capital and largest city of the Federal State 

of Lower Saxony, Germany. The city is situated on the River Leine, and sometimes called the 

‘garden city’ for numerous parks, public gardens, and forests (Fig. 2.2f). Porto (Fig. 2.2d) is 

located in the northeast of the Iberian Peninsula and above the Douro River estuary. The city 

has a high population density and covering an area of approximately 45 km2 (Fig. 2.2g). The 

extent of the land-cover mapping in this research had the same dimensions (50 km × 50 km).  
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Fig. 2.2 (a) Study area locations; (b), (c), and (d) are entire study areas illustrated using a 

green band of Sentinel-2 (S2) imagery (band 3) with example subset locations (black square); 

(e), (f), and (g) are example subsets with an extent of 8 km × 8 km for Zagreb, Hannover, and 

Porto 
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2.2.2 Data 

A polar-orbiting two-satellite S1 constellation was launched in 2014 (S1A) and 2016 (S1B). 

Both satellites carry a C-Band with the capability of providing dual polarisation observations 

in several measuring modes. The default mode over land is the interferometric wide-swath (IW) 

mode (Torres et al. 2012). S1 Ground Range Detected (GRD) products were acquired in the 

IW mode and used in this research. Level-1 GRD has been multi-looked and projected to the 

ground range. The characteristics of the used imagery and the acquisition dates are listed in 

Table 2.1. 

Table 2.1 Characteristics of the Sentinel-1 (S1) data used in this research 

 Zagreb Hannover Porto 

Acquisition date 07-June-2018 09-July-2018 19-June-2018 

Satellite S1A S1B S1A 

Acquisition orbit DESC ASC DESC 

Relative orbit 124 66 125 

Product Unique ID ASFA 2500 B4D7 

Pixel spacing  10 m x 10 m  

Polarisation VV, VH VV, VH VV, VH 

2.2.3 Pre-processing of the SAR data 

Pre-processing steps of the S1 imagery were executed with the Graph Processing Tool (GPT) 

of ESA’s S1 Toolbox (S1TBX), which is embedded in the Sentinel Application Platform 

(SNAP, version 6.0). The GPT allows for consecutive execution of all individual pre-processing 

modules within a fully-automated processing chain (Twele et al. 2016). After applying an orbit 

file for precise orbit information, the SAR images must be radiometrically-corrected, terrain-

corrected, and filtered due to the speckle noise. After pre-processing, each study area was 

cropped to the extent of 50 km × 50 km. Visual analysis of classification maps were conducted 

for example subsets of 8 km × 8 km. 

Within the radiometric calibration, the pixel values of the images have to be transformed from 

radar reflectivity (stored as digital numbers) to a measure of the ground reflectivity or radar 

cross-section. The radiometric calibration is performed by calculating the sigma nought (σ0) or 

normalised radar cross-section coefficient. The source of the speckle noise is attributed to the 

random interference between the coherent returns. Image interpretation is difficult since the 

quality of the radar imagery is influenced by speckle. The speckle effect can be reduced using 

either multi-looking, filtering methods or transform domain filtering (Woodhouse 2006). In this 
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research, several adaptive filters were evaluated using the SAR data. Filters are designed to 

adjust to local image variations to smooth the values and thereby reduce speckle, and lines and 

edges are enhanced to maintain the sharpness of the imagery. Based on previous studies (Hong 

et al. 2014, Kupidura 2016, Mansourpour et al. 2006), the filters used were Lee filters with 

window size 3 × 3 (Lee3), 5 × 5 (Lee5), refined Lee (RefLee), a Gamma-Map with window 

size 3 × 3 (Gamma3), and Lee sigma with window size 5 × 5 (LeeSigma5). Lee filter belongs 

to the local-statistics filter family, and smooths speckle in homogeneous areas while details and 

high-frequency information are preserved in heterogeneous areas (Shi and Fung 1994). Many 

adaptive filters for speckle reduction have been developed on the basis of the Lee filter model 

(Ciuc et al. 2001). 

Due to the terrain effects (foreshortening, layover, or shadowing effects), geometric distortions 

are not considered in the GRD imagery provided by ESA. Therefore, the GRD scenes have to 

be terrain-corrected from slant range to ground range geometry (Twele et al. 2016). One 

arcsecond Shuttle Radar Topography Mission (SRTM) digital elevation model (DEM) is used 

in this research. SRTM tiles are automatically downloaded by the S1TBX, and the S1 imagery 

is terrain-corrected. The images were projected in WGS 1984/UTM Zone 33 N (Zagreb), Zone 

32 N (Hannover), and Zone 29 N (Porto). In the end, the σ0 coefficients were converted to dB 

using a logarithmic transformation (Zheng 2017): 

 𝜎0
𝑑𝑏 = 10𝑙𝑜𝑔10𝜎0 (2.1) 

The ground surface texture within the image provides additional information regarding the land 

cover type that can be used for classification (Chand and Badarinath 2007, Masjedi et al. 2016). 

GLCM can be interpreted as joint grey level probability density distributions or 2-D image 

histograms. It characterises the texture parameters by calculating how often different 

combinations of pixel brightness with specific values and specified spatial relationships occur 

(Kuplich et al. 2005). Haralick et al. (1973) defined fourteen features that are calculated from 

this matrix. Principal component analysis (PCA) was used prior to classification for deriving 

the maximum possible information into the minimum additional texture information, which 

were then stacked with speckled input bands. In this research, the GLCM texture features – 

Mean (2.2), Contrast (2.3), and Variance (2.4) were calculated as follows (Zakeri et al. 2017): 
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 𝐺𝐿𝐶𝑀 𝑀𝑒𝑎𝑛 = ∑ 𝑖𝑃𝑥 + 𝑦(𝑖)
2𝑁𝑔

𝑖=2
 (2.2) 

 𝑇𝑒𝑥𝑡𝑢𝑟𝑒 𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡 =  ∑ 𝑛2 {
∑ ∑ 𝑃(𝑖, 𝑗)

𝑁𝑔

𝑗=1

𝑁𝑔

𝑖=1

|𝑖 − 𝑗| = 𝑛
}

𝑁𝑔−1

𝑛=0  (2.3) 

 𝐺𝐿𝐶𝑀 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 =  ∑ ∑ (𝑖 − 𝜇)2
𝑗𝑖 𝑃(𝑖, 𝑗) (2.4) 

 

Where: 

pij (i,j) is the matrix cell index 

R total sum of P 

Px(i) which is equal to ∑ 𝑃(𝑖, 𝑗)
𝑁𝑔

𝑗=1
 is the i-th entry in the matrix retreived by the row sums 

of p(i,j). 

Prior to supervised classification, ten textural parameters were calculated from the original S1 

imagery. In the research from Idol et al. (2017), higher classification results were obtained when 

texture measures were extracted from original S1 images than from despeckled imagery. After 

that, the first three components from the PCA result that contained the greatest variance of input 

variables were chosen (Fig. 2.3a, Fig. 2.3b, and Fig. 2.3c). The preliminary classification results 

in the Hannover area (Fig. 2.3d) are shown in Fig. 2.3e. With further investigation using various 

combinations of PCA components, it was decided to use the Mean, and the Variance as the 

input texture features for the GLCM classification (Fig. 2.3f). 
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Fig. 2.3 The results of PCA for the 8 km × 8 km example subset in the Hannover study area: 

(a) GLCM mean; (b) texture contrast; (c) GLCM variance; (d) study area illustrated using a 

near-infrared band of S2 imagery (band 8); (e) SVM classification with a Lee5 filter and 

three GLCM texture bands; (f) SVM classification with Lee5 filter and two GLCM texture 

bands 

2.2.4 Machine learning methods for land-cover classification 

2.2.4.1 Random Forest 

RF is an ensemble of a large number of tree-type classifiers, which are trained in parallel with 

bootstrapping followed by aggregation, jointly referred to as bagging. Bootstrapping reduces 

the overall variance of the RF classifier by using different subsets of available features in the 

model (Breiman 2001). Hence, some of the training samples will be chosen more than once 

while some others will not be chosen at all in a new set. Essentially, random forest enables a 

large number of weak or weakly-correlated classifiers to form a strong classifier. For LCC, the 

RF algorithm is robust to the presence of mislabelled data, has high accuracy performance for 

large-scale study, and has easy-to-tune parameters (Pelletier et al. 2019). 
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2.2.4.2 Support Vector Machine 

Like the RF, SVMs are also used for the production of land-cover maps through satellite image 

classification, due to their insensitivity to noise and overfitting of the data (Breiman 2001). The 

SVM was initially designed for binary (two-class) problems. To separate the two classes, the 

objective is to find an optimal hyperplane that represent the largest separation. The instances 

from which rely on the margins are called support vectors, and by using them, the margin of 

the classifier is maximized (Cortes and Vapnik 1995). In this research, the classes might not be 

linearly separable. Kernel representations offer a solution in locating complex decision 

boundaries between classes. Different types of kernels can be used in the SVM classification: 

linear, polynomial, radial basis function (RBF), and sigmoid (Taati et al. 2015). According to 

Knorn et al. (2009), in LCC studies, the RBF kernel should provide the best overall results for 

GI mapping. When training an SVM with the RBF kernel, two parameters must be considered: 

the cost parameter (C) and the width of the kernel function named gamma (γ) (Qian et al. 2015). 

The C parameter decides the size of misclassification allowed for non-separable training data, 

and the γ parameter affects the smoothing of the shape of the class-dividing hyperplane (Noi 

and Kappas 2018). A large value of C may create an overfitted model, whereas adjusting the γ 

will influence the shape of the separating hyperplane. 

2.2.4.3 Extreme Gradient Boosting 

Extreme gradient boosting (XGBoost; XGB) is a regularised extension of traditional boosting 

ensemble techniques that belong to the classification and regression trees (CART) family of 

machine learning. As an ensemble tree-boosting method, the algorithm converts weak learners 

into strong learners (Georganos et al. 2018). Incorrectly classified samples receive higher 

weights at the next step, forcing the classifier to focus on their performance in the following 

iterations. The final classification is the most vigorous, as it includes the combined 

improvement of all the previously modeled trees (Chen and Guestrin 2016). Previously, 

gradient boosting models lacked a robust regularization factor, making them susceptible to 

overfitting. In contrast, XGB overcomes this shortcoming by providing a stronger 

regularization framework (Georganos et al. 2018).  

2.2.5 Accuracy assessment 

For this study, the land-cover classes were selected following similar research and are shown 

in Table 2.2 (Gašparović and Jogun 2018, Gašparović et al. 2019). Polygons representing the 

aforementioned classes were chosen from Google Earth imagery, and from S2 satellite imagery 

acquired on similar dates as the S1 imagery for each study area. Following the examples of 
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good practices for sampling design (Olofsson et al. 2014), stratified random sampling was 

applied to a single-date land-cover map. To classify the randomly-generated samples collected 

over the entire study area, the reference samples were divided into training (70%) and validation 

(30%) subsets (Table 2.2). In order to ensure the independence between training and validation 

subsets, a separate probability sample for accuracy assessment was implemented (Stehman and 

Foody 2019). 

Table 2.2 Overview of training and validation samples for each land-cover class 

 Zagreb Hannover Porto 

Land-cover class Train. Valid. Train. Valid. Train. Valid. 

Water 100 50 100 50 100 50 

Bare soil 200 100 200 100 200 100 

Forest 200 100 200 100 200 113 

Built-up 200 100 200 100 200 100 

Low vegetation 170 80 200 100 170 80 

Total 870 430 900 450 880 443 

 

The classification accuracy was assessed using the Kappa coefficient (Kappa), and the overall 

accuracy (OA) (Congalton 1991). Furthermore, additional accuracy metrics, i.e., the user's 

accuracy (UA) and the producer's accuracy (PA) were derived from the confusion matrix. In 

such a way, the UA and PA are computed to represent individual class accuracies, instead of 

merely the OA accuracy. Training of the ML models and the accuracy assessment were 

conducted using the R programming language, version 3.4.1 (R Core Team, 2017). 
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2.3 Results 

Overall, 11 classifications were computed for each study area. Classifications were computed 

for a radiometric classification on backscatter values (VV, VH); a radiometric classification on 

speckled VV, VH polarisations with different adaptive filters (SPK); and an integrated 

radiometric and texture feature classification with SPK polarisations (GLCM). Accuracy 

assessment for the pixel-based classifications was computed in terms of OA, Kappa, PA 

metrics, and UA metrics. 

The highest classification results (Table 2.3) for VV, VH classification in Zagreb, Hannover 

and Porto was achieved by the SVM method, the OA was 65.70%, 61.79% and 61.92%, 

respectively. In the SPK classification in Zagreb, Hannover and Porto, the highest accuracy was 

achieved with the Lee5 filter with OA of 77.04%, 72.17% and 72.36% and using the SVM 

classifier, respectively. Classifications using GLCM features performed better than VV, VH 

and SPK in all test areas. For the GLCM classification, the highest accuracy in Zagreb, 

Hannover and Porto was obtained using a Lee5 filter with the SVM method, with OA values of 

79.68%, 76.08% and 75.77%, respectively. 

In all study areas, the SVM obtained higher accuracies than RF and XGB, with mean OA values 

for all classifications of 71.61%, 68.06%, and 69.15%, respectively (Table 2.3). Generally, the 

SPK classification achieved higher OA and Kappa values than radiometric classification on 

VV, VH polarisations. An additional increase in OA was obtained with classification using 

GLCM texture bands. If we compare only GLCM results, the computed OA and Kappa values 

are similar, but the highest accuracies were achieved with the Lee5 filter. 
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Table 2.3 Overall accuracy (OA) and Kappa values of RF, SVM, and XGB, as applied to all 

three study areas 

   Zagreb Hannover Porto Mean values 

  Method OA (%) Kappa OA (%) Kappa OA (%) Kappa OA (%) Kappa 

O
ri

g
in

al
 

V
V

, 
V

H
 

RF 59.91 0.41 55.64 0.43 57.21 0.46 57.58 0.43 

SVM 65.70 0.48 61.79 0.49 61.92 0.52 63.14 0.50 

XGB 62.99 0.45 58.49 0.46 59.23 0.49 60.24 0.47 

S
P

K
 

L
ee

3
 

RF 68.99 0.53 59.48 0.47 63.11 0.54 63.86 0.51 

SVM 72.30 0.57 67.23 0.56 68.10 0.60 69.21 0.58 

XGB 70.11 0.55 62.96 0.51 64.84 0.56 65.97 0.54 

L
ee

5
 

RF 74.39 0.61 66.00 0.56 68.39 0.60 69.60 0.59 

SVM 77.04 0.64 72.17 0.63 72.36 0.65 73.86 0.64 

XGB 74.92 0.62 67.13 0.57 69.34 0.61 70.46 0.60 

R
ef

L
ee

 RF 60.02 0.42 55.60 0.43 57.30 0.46 57.64 0.44 

SVM 65.74 0.48 61.78 0.49 61.92 0.52 63.15 0.50 

XGB 62.80 0.45 58.49 0.46 59.29 0.49 60.19 0.47 

G
am

m
a3

 RF 69.09 0.53 59.51 0.47 63.07 0.53 63.89 0.51 

SVM 72.30 0.57 67.23 0.56 68.10 0.60 69.21 0.58 

XGB 70.11 0.55 62.96 0.51 64.98 0.56 66.02 0.54 

L
ee

S
ig

m
a5

 

RF 59.97 0.41 55.63 0.43 57.30 0.46 57.63 0.43 

SVM 65.70 0.48 61.79 0.49 61.91 0.52 63.13 0.50 

XGB 62.99 0.45 58.49 0.46 59.31 0.49 60.26 0.47 

G
L

C
M

 

L
ee

3
 

RF 75.72 0.64 72.43 0.64 73.92 0.67 75.70 0.65 

SVM 78.97 0.68 75.04 0.67 74.81 0.68 77.35 0.68 

XGB 76.32 0.65 72.73 0.64 73.81 0.67 75.49 0.65 

L
ee

5
 

RF 76.45 0.65 73.47 0.65 74.81 0.68 76.24 0.66 

SVM 79.68 0.69 76.08 0.68 75.77 0.69 78.32 0.69 

XGB 76.75 0.65 73.98 0.66 74.11 0.67 76.22 0.66 

R
ef

L
ee

 RF 75.53 0.64 71.65 0.63 73.33 0.66 75.44 0.64 

SVM 78.24 0.67 74.22 0.66 74.43 0.68 76.52 0.67 

XGB 76.09 0.64 71.67 0.63 73.11 0.66 75.15 0.64 

G
am

m
a3

 RF 75.75 0.64 72.48 0.64 74.11 0.67 75.72 0.65 

SVM 78.97 0.68 75.04 0.67 74.81 0.68 77.35 0.68 

XGB 76.32 0.65 72.73 0.64 73.80 0.67 75.44 0.65 

L
ee

S
ig

m
a5

 

RF 75.54 0.64 71.88 0.63 73.44 0.67 75.30 0.65 

SVM 78.24 0.67 74.23 0.66 74.45 0.68 76.51 0.67 

XGB 76.21 0.64 71.67 0.63 73.03 0.66 75.22 0.64 
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The UA and PA accuracy metrics were used for the discrimination of the used land-cover 

classes. In Zagreb (Fig. 2.4), the UA and PA for the water class achieved the highest values 

using all three ML methods. Lower UA and PA values were achieved for the forest and built-

up classes. The forest class yielded a higher UA than the built-up class, except for the SPK 

Lee5 classification with the SVM, and the built-up class achieved higher PA values. The lowest 

values of the UA and PA were achieved for bare soil and low vegetation. Regardless of the 

classification computed on VV, VH, SPK, or GLCM features, for the water class the UA value 

was in the range between 93.61% and 98.36%, and the PA value was in the range between 

77.07% and 81.75%. Bare soil attained higher PA values than UA values, which means that the 

RF, SVM, and XGB methods correctly identified more ground truth pixels as bare soil, but the 

commission error for this class was much higher. This class was mostly misclassified as built-

up. An increase of the UA from 79.03% on VV, VH to 86.76% with SPK, and additionally to 

91.00% with GLCM was reported for the forest class. The built-up class was also well-

classified, especially with the Lee5 filter for SPK and GLCM classifications with an SVM, 

where the UA values were 87.42% and 81.76%, respectively. The aforementioned filter also 

produced the highest PA values for the built-up class. The lowest OA and PA values were 

obtained for the low vegetation class, as a result of a confusion between the forest and bare soil 

classes. The UA was in the range between 28.42% and 32.99% for classification on VV and 

VH; for SPK it was in the range between 28.35% and 48.49% and for the GLCM it was between 

51.81% and 54.09%. Generally, the SVM classifier performed better than RF and XGB 

methods for all land-cover classes, except the forest class. For the forest class, the SVM had 

higher UA values for classifications on VV and VH, and on the SPK. Using the GLCM features, 

all three methods produced similar UA values for the forest class. 
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Fig. 2.4 UA and PA for the Zagreb study area (95% confidence level) 

In Hannover (Fig. 2.5), all ML methods reached the highest UA for the water class in the range 

from 82.34% to 95.68%, and with lower PA values in the range between 62.54% and 90.07%. 

In Hannover, for the VV and VH and SPK classifications, the highest PA values were achieved 

in the bare soil class, in the range between 75.52% and 88.34%. Classification with texture 

bands (i.e., in the GLCM) increased the UA accuracy, especially for the bare soil class, with 

the highest difference of UA values between VV, VH, and GLCM classifications of 24.75%. 

The lowest UA values were achieved in the built-up and low vegetation classes. The UA values 

for the built-up class were in the range between 25.01% and 58.80%, and those for low 

vegetation were in the range between 30.59% and 50.49%. The built-up class yielded higher 

PA values than the low vegetation class. Built-up pixels were mostly misclassified as forest or 

low vegetation, whereas mostly low vegetation pixels were committed to the forest class. In 
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Hannover, the SVM produced the highest UA values for the water, built-up, and low vegetation 

classes. For the VV, VH, and SPK classifications, the SVM classifier showed better 

performance for discrimination of the bare soil and forest class than the other two methods. 

However, for the bare soil class, the RF outperformed the SVM and XGB for classification 

using the GLCM features, and for the forest class, both the RF and XGB methods achieved 

higher accuracy than the SVM. 

 

Fig. 2.5 UA and PA for Hannover study area (95% confidence level) 
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In Porto (Fig. 2.6), the UA and PA values for the water class achieved the highest values for all 

three ML methods. The UA ranged between 79.80% and 91.30%, whereas the PA ranged 

between 73.07% and 90.97%. Slightly lower UA and PA values were achieved for the bare soil, 

and built-up classes, followed by the forest class, and the lowest UA and PA values were 

achieved for the low vegetation areas. The UA values for the bare soil class increased by 

approximately 11% between VV, VH, and SPK classifications using the RF method and Lee3 

filter, and an additional 13% with additional texture bands (i.e., in the GLCM) stacked with 

Lee3 speckled polarisation. For the built-up class, the highest UA and PA values were achieved 

in Porto, as compared to Zagreb and Hannover, where the UA values were higher than PA 

values. This means that the omission error is much higher for this class. The UA values 

increased with the GLCM features for some land-cover classes (e.g., forest and low vegetation), 

meaning that the texture bands helped the ML methods to correctly separate these classes. The 

forest class achieved lower UA values than in Zagreb and Hannover because of confusion with 

the built-up and low vegetation classes. In this study area, the SVM achieved better UA results 

than the RF and XGB methods for all classes in classifications on VV, VH, and SPK. All ML 

methods produced similar results in classifications with the GLCM. Generally, classification 

on a speckle filtered image with a Lee5 adaptive filter produced the best UA values for all 

classes, except for the water class, where Lee3 and Gamma3 produce better results. 

Additionally, stacked texture GLCM features improved the classification results for bare soil, 

forest, and low vegetation classes. 
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Fig. 2.6 UA and PA values for Porto study area (95% confidence level) 

2.3 Discussion 

This paper evaluates how different pre-processing steps of SAR imagery reflect on GI mapping 

in urban areas when applied to pixel-based classification. Compared to optical satellite data, 

SAR data has not been equally explored in GI urban applications by reason of its complexity. 

Three different ML methods (RF, SVM, and XGB) were applied to different study areas 

situated in Croatia, Germany, and Portugal (Fig. 2.1). 

For the analysis of how classification accuracy changes during different pre-processing steps, 

classification was evaluated on radiometric VV, VH backscatter values. The highest OA and 

Kappa (Table 2.3) were achieved with the SVM method, followed by XGB, and RF yielded the 

lowest accuracy. Therefore, our study confirmed the performance of these classifiers for LCC 
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based on similar research (Noi and Kappas 2018, Dobrinić et al. 2020). The classification using 

single S1 imagery on VV, VH backscatter values with the SVM achieved a mean OA value of 

63.14% and a Kappa of 0.50. The aforementioned results are similar or slightly better to those 

obtained by Balzter et al. (2015) and Idol et al. (2017), who also used C-band SAR imagery for 

land-cover mapping. Since the salt-and-pepper effect is seen of LCC maps (Appendix A, Fig. 

A2.1–A2.3), an additional increase in classification results was done with speckle filtering. For 

speckle reduction, different adaptive filters were applied. Lee et al. (1994) have given a 

comprehensive review of the better-known SAR speckle filters, and based on that research, 

different adaptive filters were examined. Best classification results were obtained with Lee5 

filter for all three ML methods – RF, SVM, and XGB, with OA of 69.60%, 73.86%, and 

70.46%, respectively. Nevertheless, visually on LCC maps (Appendix A, Fig. A2.1–A2.3) salt-

and-pepper effect is reduced and some land-cover classes (e.g., built-up, bare soil) are grouped 

together into thematic meaning. UA and PA metrics (Fig. 2.4, Fig. 2.5, and Fig. 2.6) prove that 

spatial filters improved classification of the land-cover classes, especially forest, low 

vegetation, and bare soil class. In the SPK classification, a variability concerning the accuracy 

results among the study areas occurs, but classification results have increased compared to 

results obtained for classification on original VV, VH bands. This positive trend in improving 

classification results has been already reported by Maghsoudi et al. (2012), with an OA of 60% 

with 7 x 7 enhanced Frost filter. In research by Idol et al. (2017), a Lee-Sigma filter with 5 x 5 

window was used for speckle filtering, and the obtained OA was 62.2%. Lv et al. (2015) 

evaluated land-cover classes in urban areas using RADARSAR-2 imagery. Using the SVM 

method, achieved OA and Kappa were 76.79% and 0.74, respectively. In this research highest 

OA and Kappa values were obtained with Lee filter. The aforementioned filter proved to be 

superior for visual and computational interpretation. It reduced misclassification between low 

vegetation and forest cover classes, and effectively preserve edges and features. 

Since the SAR systems can distinguish textures, their use, as a measure of the roughness of an 

image, proved to increase classification accuracy for land-cover mapping (Balzter et al. 2015, 

Dekker 2001, Idol et al. 2017). In this research, the layer stacking of GLCM texture features 

(Mean and Variance) significantly increased the overall accuracy. The aforementioned texture 

bands were calculated from original VV, VH bands, and not on speckled bands, as reported in 

the paper by Idol et al. (2017). Speckle filtering reduces the capability of using texture features 

in LCC. The texture contrast was not included in the classification, as it showed significant 

noise in terms of enhancing the edges of objects to the water class (Fig. 2.2). A similar pattern 
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occurs in the research by Zakeri et al. (2017), where the edges of different structures were 

recognised as a Built-up 3 class. Nevertheless, from the filter used and with the textural 

parameters, in this research, the mean OA yielded values for the SVM of 77.21%, followed by 

RF at 75.68%, and XGB yielded the lowest OA at 75.50%. A similar trend of increasing OA 

with adding texture bands to classification was obtained by Balzter et al. (2015), who classified 

land-cover from S1 and SRTM DEM data using an RF classifier. The best result was achieved 

by adding GLCM measures and SRTM DEM data as input features, as the OA increased to 

68.4%, and the Kappa was equal to 0.63. Idol et al. (2017) stacked variance texture measure to 

original VV, VH bands of RADARSAT-2 C-band imagery. Obtained classification accuracy 

for four land-cover classes was 72%. For the GLCM classification, visual improvement 

(Appendix A, Fig. A2.1–A2.3) can be seen, especially compared to VV, VH classification 

maps. The salt-and-pepper effect is reduced significantly, and a bigger agricultural fields (i.e., 

low vegetation class) or block of buildings can be recognized on GLCM classification maps. 

Detailed insight of the land-cover classes are shown in Fig. 2.4, Fig. 2.5, and Fig. 2.6 for Zagreb, 

Hannover, and Porto through additional accuracy metrics (i.e., UA and PA), respectively. The 

water class achieved the highest UA for all three study areas. Due to its all-weather, all-day 

imaging capability, S1 imagery is mostly used for flood mapping (Amitrano et al. 2018, 

Martinis 2017). The forest class was also well-classified as reported in Dostálová et al. (2018), 

and in this research, GLCM texture bands helped for better differentiation of this class. In the 

research by Zakeri et al. (2017), the UA value of 44.90% and the PA value of 65.20% for 

vegetation was obtained, whereas forest and low vegetation classes were discriminated more 

efficiently in this research. Slightly lower results were achieved for the bare soil class, wherein 

GLCM texture information increased the UA. The extraction of built-up areas was already 

investigated for S1 imagery in Pesaresi et al. (2016) and Zakeri et al. (2017). In this research, 

the built-up class was correctly identified in Zagreb and Porto, and the lowest UA accuracy was 

achieved in Hannover. Pesaresi et al. (2008) presented a procedure for the calculation of the 

texture-derived index for discrimination of the built-up structures. Their PanTex index reduces 

the edge effects and improves the capacity to distinguish between built-up and nonbuilt-up 

areas. In this research, the lowest OA and PA values were obtained in the low vegetation class, 

as a result of the confusion with the forest and bare soil classes. For better discrimination of the 

aforementioned land-cover class, multitemporal data (Gašparović and Dobrinić 2020) or 

integration with optical satellite data (Dobrinić et al. 2020) should be used. Furthermore, using 

cross-orbit (i.e., ascending and descending orbit) S1 imagery can improve land-cover type 
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classification (Sayedain et al. 2020). In the aforementioned research, the accuracy results are at 

least 4% better than single-orbit classification. Therefore, the joint use of cross-orbit S1 

imagery must be considered in the time-series analysis of the SAR imagery. 

In this research, land-cover mapping was investigated for application in urban forest areas using 

single-date S1 imagery. The OA and Kappa values increased with speckle filtering, whereby 

Lee5 spatial filter performed the best among all filters used in this research. The highest 

classification accuracy was obtained with adding VV, VH image texture bands into the 

classification. Using PCA for selecting GLCM texture features prior to classification, produced 

higher classification results compared to similar research C-band data (Idol et al. 2017, Li et al. 

2012, Zakeri et al. 2017). This research confirmed that using SPK (Lee5) and GLCM texture 

features (Mean and Variance) in urban areas are essential to modern urban planning and 

management, especially in combination with SVM classifier. Speckle filtering and additional 

input features (e.g., texture measures) improved LCC accuracy compared to previous research 

(Balzter et al. 2015, Clerici et al. 2017, Suresh et al. 2016). The main disadvantage of the 

aforementioned methods is the need for storage and processing capabilities to handle a large 

number of input features for classification. Therefore, feature selection methods (e.g., filter or 

wrapper methods) should be used for LCC (Tang et al. 2014). The aforementioned technique 

enables the ML algorithm to train faster, reduces overfitting, and improves the accuracy of a 

model (Inglada et al. 2016, Jin et al. 2018). 

Future research is proposed using multitemporal radar data in order to better discriminate and 

classify GI in urban areas. Since results from this research cannot be directly compared to the 

classification made with optical data (e.g., S2), additional research should address the 

integration of radar and optical sensor data for LCC mapping, especially for areas which are 

mostly times covered with clouds. 
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2.4 Conclusion 

In this research, single-date S1 imagery served as the data input for green infrastructure 

mapping of urban areas using three different ML methods (RF, SVM, and XGB). Due to the 

speckle noise inherent with radar, different adaptive filters were examined. In the final step, 

GLCM texture features as inputs were added along with speckled image bands, and the 

classification accuracy was compared.  

The classification results, in terms of OA, increased by 14.51% from the classification on VV, 

VH polarisation to SPK classification with the Lee5 filter. The Lee5 filter obtained the highest 

classification results for speckle filtering. In addition, the textural parameters were calculated 

by applying a GLCM. Classification with GLCM texture bands, in terms of OA, increased 

19.38% from the classification on VV and VH. The supervised classification results with 

texture features were found to be superior to the results without textures in two main aspects: 

higher accuracy and less noise. The highest improvement, in terms of UA and PA metrics, 

achieved low vegetation class, which can be additionally improved by the integration of the 

optical sensor data.  

For the supervised classification of the urban forestry, the SVM method outperformed the RF 

and XGB methods. This study confirmed the efficiency of the SVM classifier for GI mapping 

in urban areas, which outperformed RF and XGB methods.  

In order to produce accurate LCC maps in urban areas, pre-processing steps of SAR imagery 

described in this research, along with Lee5 spatial filter, GLCM texture bands (Mean and 

Variance) and SVM classifier should be used. 
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2.6 Appendix A 

Hereinafter, visual assessments of LCC maps on VV, VH, SPK, and GLCM texture bands for 

Zagreb, Hannover, and Porto are shown in Fig. A2.1, Fig. A2.2, and Fig. A2.3, respectively. 

The classification maps were computed with the RF, SVM, and XGB methods, and the extent 

of example subset is 8 km × 8 km. 

 

Fig. A2.1 Classification maps of land-cover on example subset using RF, SVM, and XGB on 

VV and VH polarisations; SPK with Lee5 filter; and GLCM texture features stacked with 

Lee5-filtered VV, VH polarisations for the Zagreb study area 
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Fig. A2.2 Classification maps of land-cover on example subset using RF, SVM, and XGB on 

VV and VH polarisations; SPK with Lee5 filter; and GLCM texture features stacked with 

Lee5-filtered VV, VH polarisations for the Hannover study area 
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Fig. A2.3 Classification maps of land-cover on an example subset using RF, SVM, and XGB 

on VV and VH polarisations; SPK with Lee5 filter; and GLCM texture features stacked with 

Lee5-filtered VV, VH polarisation for the Porto study area 
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Abstract  

Mapping of green vegetation in urban areas using remote sensing techniques can be used as a 

tool for integrated spatial planning to deal with urban challenges. In this context, multitemporal 

(MT) synthetic aperture radar (SAR) data have not been equally investigated, as compared to 

optical satellite data. This research compared various machine learning methods using single-

date and MT Sentinel-1 (S1) imagery. The research was focused on vegetation mapping in 

urban areas across Europe. Urban vegetation was classified using six classifiers—random 

forests (RF), support vector machine (SVM), extreme gradient boosting (XGB), multi-layer 

perceptron (MLP), AdaBoost.M1 (AB), and extreme learning machine (ELM). Whereas, SVM 

showed the best performance in the single-date image analysis, the MLP classifier yielded the 

highest overall accuracy in the MT classification scenario. Mean overall accuracy (OA) values 

for all machine learning methods increased from 57% to 77% with speckle filtering. Using MT 

SAR data, i.e., three and five S1 imagery, an additional increase in the OA of 8.59% and 13.66% 

occurred, respectively. Additionally, using three and five S1 imagery for classification, the F1 

measure for forest and low vegetation land-cover class exceeded 90%. This research allowed 

us to confirm the possibility of MT C-band SAR imagery for urban vegetation mapping.  
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3.1 Introduction 

Remote sensing could provide reliable land-cover classification maps, through the active 

microwave and passive optical sensors, which could be used for a wide range of applications. 

The monitoring of urban vegetation at a regional scale has become an important topic, since 

urban development leads to a slow but steady degradation of urban green vegetation [1]. 

Urban areas are complex systems composed of numerous interacting components that evolve 

over multiple spatio-temporal scales [2]. In this context, a multispectral optical image is easy 

for interpretation and classification, but often climate conditions limit the utilization of this 

satellite imagery [3]. Conversely, synthetic aperture radar (SAR) systems are independent of 

weather and sun illumination and provide the all-weather mapping capability [4]. However, due 

to the coherent mode of backscattered signal processing [5], speckle noise cannot be avoided 

and will be present in SAR images [6]. The speckle noise degrades the quality of acquired 

imagery, causing difficulties for both manual and automatic image interpretation [7]. Therefore, 

speckle filtering is required for classification tasks, especially for detecting vegetation in urban 

systems whose components differ at various scales (urban forest, green roofs, urban gardens, 

parks). Many speckle filters have been implemented for the reduction of speckle noise in SAR 

imagery [8–12]. Spatial filters reduce the noise by using smoothing windows based on a 

weighted summation of neighboring pixels. 

However, the spatial resolution on resulting SAR imagery deteriorates, and fine details fade 

away, which causes information loss [13]. Hence, urban vegetation mapping using single-date 

imagery often does not produce satisfactory results, and the use of the multitemporal (MT) SAR 

imagery are adequate for better differentiation of various land-cover classes, especially for 

vegetation [14–18]. With the launch of the Sentinel-1 (S1) SAR satellites, a large collection of 

MT S1 imagery of Central Europe with a temporal resolution of three days is available for 

different classification tasks. Veloso et al. [19] investigated the temporal behavior of the MT 

S1 imagery for agricultural applications. The dense time series of optical and SAR imagery 

allows them to capture phenological stages and to discriminate various crops. S1 backscatters, 

vertical–vertical (VV), and vertical–horizontal (VH) are more sensitive to surface scattering 

and volume scattering, respectively. In SAR imagery, urban areas are characterized by very 

bright reflections, since human-made objects behave as corner reflectors [1], while the 

predominant mechanism responsible for backscatter from vegetation is volume scattering, 

whose interpretation is a bit more complex [20]. Using S1 MT imagery at the field scale, Gao 

et al. [21] proposed a methodology for irrigation mapping. Analysis of MT SAR imagery 
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enables us to define irrigated fields since single-date image analysis is not always reliable. The 

research is based on MT SAR data and can be applied for various classification tasks.  

With the launch of satellite missions that enable systematic acquisitions within short revisit 

times (e.g., Sentinel-1), the MT series of SAR imagery are mostly used for flood and wetland 

monitoring [22–24], as floods are often associated with heavy rain that makes optical satellite 

data unavailable. Furthermore, SAR backscatter intensity values increase significantly during 

flood events due to the interaction between water and vegetation (e.g., trunks, stems), which 

enables the mapping of flooded vegetation [25]. SAR systems offer a possibility of acquiring 

data in a continuous manner, regardless of the weather and lighting conditions, which enables 

rapid mapping of environmental changes. However, compared to the optical satellite data, there 

are several challenges regarding SAR image analysis for land-cover applications (e.g., speckle, 

radar shadow caused by layover, and foreshortening). Additionally, due to the complex pre-

processing and interpretation of radar data [25,26], numerous researchers still use optical 

satellite data for land-cover (LC) mapping (see Figure 3.1). 

The MT series of SAR imagery are also used for mapping urban areas [27–29]. For urban 

vegetation mapping, MT SAR data have not been equally investigated, as compared to the 

optical satellite data [30–32]. Since Figure 3.1 shows that SAR imagery is neglected for LC 

classification tasks, in comparison to optical satellite data, this research evaluated the practical 

application of SAR data for LC classification. Therefore, the performance of the most used 

non-parametric machine learning methods for MT SAR imagery was assessed for urban 

vegetation mapping. In this research, the tested classifiers were random forests (RF), support 

vector machine (SVM), extreme gradient boosting (XGB), artificial neural network (ANN), 

AdaBoost.M1 (AB), and extreme learning machine (ELM). For the MT SAR imagery, RF and 

SVM were applied successfully for land-cover classification [18,33,34]. ANNs were used 

successfully for the land-cover mapping, and the classification accuracy was often significantly 

improved, compared to the aforementioned methods. In this research, a specific type of ANN—

Multi-Layer Perceptron (MLP), as an ensemble of feedforward neural networks, was used. 

Over the past years, more and more research used MLP for the processing of SAR imagery 

[35–37]. Gradient boosting classifiers combine many “weak” learning models into a single 

composite classifier. XGB, developed by Chen and Guestrin [38], was investigated due to its 

novelty and lack of SAR land-cover and MT applications. AdaBoost [39] has already been 

proven in the remote sensing, e.g., LC classification of multispectral imagery [40,41] and 

hyperspectral remote sensing imagery [42,43]. In comparison to the backpropagation in the 
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ANNs, ELM is a single layer feedforward neural network. Huang et al. [44] proposed the ELM 

classifier, which randomly chooses hidden nodes and bias, whereas [45] explored the potential 

of the ELM for LC classification. 

 

Figure 3.1 The number of published articles (1990–2019) listed in the Web of Science Core 

Collection containing the terms/topic “radar” or “scatteromet*” or “microwave*” or “SAR” 

for radar, and “optic*” or “Landsat” or “Sentinel-2” or “Sentinel-3” or “Quickbird” or 

“MODIS” or “IKONOS” or “GeoEye” or “WorldView” for optical imagery, refined by “land 

cover” or “land use”. To extract a number of multitemporal related articles, the final results 

were refined by “multitemporal” or “multi-temporal” or “multi temporal” or “time-series” 

or “time series”. 

Camargo et al. [46] and Lapini et al. [47] evaluated various classifiers using SAR imagery for 

LC classification of the Brazilian tropical savanna and forest classification in Mediterranean 

areas, respectively. Recent research presented RF, MLP, SVM, as the most accurate classifiers, 

and the DT J48 (DT—decision tree) classifier showed satisfactory performance for the 

detection of specific LC classes (e.g., vegetation). In contrast, in the latter study, RF achieved 
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the best overall accuracy (OA), whereas SVM yielded a lower classification results due to the 

imbalanced number of samples among the classes. Waske and Braun [48] applied various 

classifier ensembles to MT C-band data for LC mapping. Classification accuracy of 84% was 

achieved in rural areas using RF classifier, which proved to be very well suited for LC 

classifications using MT stacks of SAR imagery. 

The objective of this study was the mapping of vegetation in urban areas using MT C-band 

SAR imagery. Furthermore, this paper evaluated six different machine learning methods for 

classifying LC classes in three different study areas. The purpose of this research was to assess 

the possibility of vegetation mapping using MT S1 imagery in urban areas across Europe and 

on a related comparative assessment of different classifiers. The rest of the paper is organized 

as follows—(1) information about the study areas and SAR data used in this research; (2) 

description of pre-processing steps for S1 imagery and the tested classifiers for urban vegetation 

mapping; (3) results; (4) discussion, and (5) conclusions. 

3.2 Study Areas and Dataset 

3.2.1 Study Areas 

The study areas used in this research are shown in Figure 3.2. The first study area was Prague 

in the Czech Republic. The central part of the scene consisted of the urban area divided by the 

river Vltava. Most of the area in the south was agricultural land, either different types of crops 

or bare land, whereas the northern part of the scene was covered with forest, which separated 

the city from its outskirts. The second selected study area was Cologne, Germany. The western 

part was characterized by mainly flat terrain with agricultural fields and bare land areas, 

whereas eastern parts were dominated by forest areas. The central part of the scene was 

dominated by an urban area, with a lot of urban parks, lakes, and grasslands. Third, the 

considered study area was situated in Lyon, France. The city center with its surroundings was 

located in the western part of the scene, whereas other parts of the scene were dominated by 

vegetation and bare lands. Each study area had the same dimensions of approximately 30 km x 

50 km, and the aforementioned areas were chosen because of a highly diverse landscape (more 

details about study areas are shown in Appendix A). 



Chapter 3 

56 

 

 

Figure 3.2 (a) Locations across Europe used in this research; (b); (c); and (d) show the study 

areas located in Prague; Cologne; and Lyon, respectively, whereas the red square represents 

an example subset location for a classification map, with an extent of 2 km × 2 km. 

3.2.2 Data 

The available S1 ground range detected (GRD) imagery with VV (vertical–vertical) and 

VH (vertical–horizontal) polarisations were acquired on the Sentinel Data Hub. For each study 

area, to ensure that the pixels remained unchanged in the same position over time, a reference 

date was chosen (i.e., 06 June 2019, 13 May 2019, and 04 June 2019 for Prague, Cologne, and 

Lyon, respectively). Since the constellation of Sentinel-1A (S1A) and Sentinel-1B (S1B) pass 

over the same spot on the ground every six days with identical orbit configuration (same image 

geometry), two scenes before and two scenes after the reference date (Table 3.1) in the same 

acquisition orbits were chosen for MT land-cover analysis (three scenes—MT_3; five scenes—

MT_5).  
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Table 3.1 Multitemporal S1 imagery used in this research. 

Study area Date Satellite Acquisition 

Orbit 

Prague 05 May 2019 S1B DESC 

 31 May 2019 S1A DESC 

 06 June 2019 S1B DESC 

 12 June 2019 S1A DESC 

 18 June 2019 S1B DESC 

Cologne 01 May 2019 S1A ASC 

 07 May 2019 S1B ASC 

 13 May 2019 S1A ASC 

 19 May 2019 S1B ASC 

 25 May 2019 S1A ASC 

Lyon 17 May 2019 S1B ASC 

 23 May 2019 S1A ASC 

 04 June 2019 S1A ASC 

 10 June 2019 S1B ASC 

 16 June 2019 S1A ASC 

 

3.3 Methods 

3.3.1 Pre-Processing 

To perform MT land-cover analysis using SAR imagery, several pre-processing steps are 

required. Pre-processing steps were executed with the Graph Processing Tools (GPT) of ESA’s 

Toolbox (S1TBX). It included radiometric calibration, terrain correction, and co-registration. 

For the quantitative usage of the S1 Level-1 imagery, a radiometric calibration needed to be 

applied. The result of the calibration was values that represented the radar backscatter of the 

reflecting surface. The calibration reversed the scaling factor applied during product generation 

and applied a constant offset and a range-dependent gain, including the absolute calibration 

offset. In this research, raw signals from the GRD products were calibrated to the sigma naught 

(σ0) backscatter intensities. 

GRD scenes have to be geocoded from a slant-range to a ground-range geometry, since the 

side-look view geometry of the SAR system, and Earth topography cause various distortions. 

Orthorectification of the S1 imagery (i.e., range doppler terrain correction operator) was 

conducted in the SNAP software, and the SAR scenes were terrain-corrected using the shuttle 

radar topography mission (SRTM) one-arcsecond tiles and were transformed to a universal 

transverse mercator (UTM) projection. The scenes were registered to a UTM Zone 33 N 

(Prague), Zone 32 N (Cologne), and Zone 31 N (Lyon), whereas WGS 1984 was used as an 

earth model. 
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In order to conduct LC classification in a time-series, image co-registration was needed to 

ensure that the images were spatially aligned. A set of images had to be aligned on a pixel scale, 

since wrong co-registration would produce incorrect LC mapping results [7]. For image 

registration, the used scene was reference dated for each study area as the master image, then 

the remaining images were registered to the base image. 

3.3.2 Speckle Filtering 

Prior to the land-cover classification of the S1 scene, speckle, appearing in SAR imagery as 

granular noise, needed to be filtered. For single speckle filtering in the spatial domain, many 

adaptive and non-adaptive filters were evaluated [49]. For this research, the Lee filter with a 

5*5 window (Lee5) was used [10]. This filter assumed a Gaussian distribution for the noise and 

efficiently reduced speckle, while preserving the edges [50]. 

It should also be noted that the MT speckle filtering approach developed by Quegan and Yu 

[51] was tested in an experimental part of this research. The aforementioned filtering approach 

applied after the stacking of all scenes into one file. Using n co-registered images, the MT filter 

calculated n weighted averages while preserving the local mean backscatter in each image [52]. 

Since the MT speckle filter [51] did not produce a higher classification accuracy in comparison 

with the Lee5 spatial filter, a single pass of a spatial filter was applied to each scene. Similar 

results were reported in [3], which compared the performance of the spatial and MT filters 

using the MT SAR imagery. Although the MT filter could be used for deriving features in the 

spatial domain, the spatial speckle filter achieved a higher overall accuracy for classification 

applications. 

3.3.3 Classification and Accuracy Assessment 

After speckle filtering, performance evaluation of the land-cover classification was carried out 

using the six non-parametric machine learning methods. Prior to supervised pixel-based 

classification, reference polygon data were divided into the training data used to train the 

machine learning algorithms and validation data, in order to assess the accuracy of the LC 

classifications. The evaluated classifiers were random forests (RF), support vector machine 

(SVM), extreme gradient boosting (XGB), multi-layer perceptron (MLP), AdaBoost.M1 (AB), 

and extreme machine learning (ELM). 

RF makes predictions by combining the results from many individual decision trees that were 

obtained by different subsets of the training data [53]. The main arguments that needed to be 

optimized were the number of decision trees to be combined (ntree) and the maximum number 
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of features considered at each split (mtry). According to previous research by Noi and Kappas 

[54], ntree was 500, and the square root of the number of predictors was set for the mtry 

argument. Within R, the ‘randomForest’ package [55] was used for the RF classification. 

For the SVM land-cover classification, we used the radial basis function (RBF), which takes 

predictor variables and applies a non-linear transformation to them [33,56]. The RBF kernel 

has two parameters that need to be set—the complexity coefficient C and the γ parameter, which 

is referred to as the kernel bandwidth. The optimal C parameter needed to be defined as a trade-

off between error and margin, since the larger values lead to over-fitting and commonly require 

increasing computational time. The parameters mentioned above were investigated in depth for 

LC classification, using Sentinel-2 imagery in [54], and also in an experimental part of this 

research. Therefore, in order to reduce the computational time for the SVM classifier, C and γ 

were set to 1 within the ‘kernlab’ package [57]. 

XGB converts standard decision trees as weak learners into strong learners, using gradient 

boosting techniques. Developed by Chen and Guestrin [38], the boosting approach started with 

a high bias and then used the loss function to iteratively build trees that improve, compared to 

the errors of the prior trees. Some of the most important hyper-parameters within ‘xgboost’ 

package in R [58] that need to be optimized for XGB algorithm are the number of boosted trees 

(n_boost), and for over-fitting prevention—the learning rate (eta), tree complexity, and depth 

(max_depth), and a minimum sum of instance weight of all observations needed in a child 

(min_child_weight) [59]. Parameters n_boost, eta, max_depth, and min_child_weight was set 

to 100, 0.1, 6, and 1, respectively. 

MLP consists of several layers of neurons that are fully connected with each other. The usual 

architecture of a model, which can separate nonlinear data, is the input layer, one or more 

hidden layers and the output layer [60]. Hyper-parameters of MLP include the number of 

hidden layers and the number of neurons in each layer (package ‘keras’ in R [61]). According 

to Heaton [62], two hidden layers were used since such a network can represent functions with 

any kind of shape, whereas the neuron numbers were set to 512 and 256. Backpropagation gives 

us detailed insights on how the weights and biases are learned at multiple layers within the 

network, in order to describe the overall behavior of the network [63]. 

From a collection of boosting ensemble methods for classification, Freund and Schapire’s 

Adaboost.M1 (AB) [39] was chosen for the MT S1 imagery. The common goal of an AB 

classifier is to improve the accuracy by identifying weak learners based on the high weights 
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and to create a strong classifier by boosting the ensemble method [64]. This research used the 

R package ‘adabag’ [64] for urban vegetation mapping, and both the number of iterations and 

the number of trees were set to 100. 

The classification approach based on the extreme learning machine (ELM) classifier comprises 

a single-hidden layer in a feedforward neural network. The parameters of this learning 

algorithm (i.e., hidden nodes) were randomly chosen, and then the output weights of a hidden 

layer were computed [44]. Unlike the backpropagation neural network, for the ELM classifier, 

only the number of hidden nodes in the hidden layer needed to be optimized, and it was set to 

1000, whereas the rectified linear unit was set as an activation function (package ‘elmNNRcpp’ 

in R [65]). The learning speed of ELM proved to be extremely fast, and one user-defined 

parameter could be easily optimized for the classification tasks [45]. 

According to the “good practice” recommendations defined by Olofsson et al. [66], the 

sampling design (detailed overview presented in [67]), response design, and analysis 

procedures are major components of the accuracy assessment methodology. To train and 

validate the LC classifications, a stratified random sample of 70% of the reference polygon data 

for training the machine learning methods and 30% of the reference polygon data for validating 

the accuracy of the results was used. The reference polygon data were collected by visual 

interpretation from a very high spatial resolution imagery (VHRSI) (e.g., WorldView–2/3, 

QuickBird) available via Google Earth and dated approximately the same as the S1 imagery 

[68,69]. Additionally, reference polygons were selected over the entire study area 

(approximately 30 km x 50 km) in such a way that there was no overlap between the training 

and testing sets (Table 3.2). Overall, the reference polygon area comprised approximately 4%, 

3%, and 2% extent of the study area for Prague, Cologne, and Lyon, respectively. Independence 

between training and accuracy assessment polygon samples was assured by implementing a 

separate probability sample for accuracy assessment [70].  
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Table 3.2 The polygon samples used for training (Train) and validation (Valid). 

 Prague Cologne Lyon 

Class Train Valid Train Valid Train Valid 

Water 105 45 105 45 105 45 

Bare land 140 60 140 60 140 60 

Forest 140 60 154 66 140 60 

Built-up 140 60 140 60 140 60 

Low vegetation 140 60 154 66 140 60 

Total 665 285 693 297 665 285 

 

One of the challenges was to evaluate an agreement between the amount of training samples 

and their size for the LC classification. Valero et al. [71] reported that a smaller number of 

training data for the RF classifier produces lower classification accuracy results. On the other 

hand, the SVM classifier achieves very accurate results for even a small data set [72]. 

Additionally, during the training phase for the MLP, 10% of the training samples were selected 

as a validation data on which the loss function was evaluated at the end of each epoch [62]. 

An error or confusion matrix [70] compared the relationship between the reference and 

predicted data. Besides the overall accuracy (OA) and Kappa coefficient (K), the user’s 

accuracy (UA) and the producer’s accuracy (PA) were computed from the error matrix as an 

accuracy measure of individual LC classes [73]. Further, the F1 score [74], defined as the 

weighted harmonic mean of UA and PA was calculated using Equation (3.1). The performance 

of the urban vegetation classification was assessed using this measure. According to Sun et al. 

[75], the interpretation of the F1 score tended to be more relevant than the OA and K. The F1 

score was calculated as follows: 

F1 = 2 x 
PA x UA

PA + UA
(3.1) 

where PA is defined as the complement of the omission error probability, and UA is defined as 

the complement of the commission error probability.  
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Besides using traditional methods for quantitative accuracy evaluation, e.g., the Kappa 

coefficient, which have certain limitations [76], another statistical LC method to determine 

accuracy, defined as the Figure of Merit (FoM), was calculated, as shown in Equation (3.2): 

FoM =
OA

OA + O + C
(3.2) 

where OA represents overall accuracy, O is the number of omissions, and C is the number of 

commissions. 

To compare the performance of the machine learning methods, the same set of reference 

samples were used for accuracy assessment [77]. Since the reference data was not independent, 

the statistical significance of differences in accuracy between the two classification results was 

evaluated using the McNemar’s Chi-squared test [78]. McNemar’s test has been widely used 

for the comparison of classification results. It is based on a binary 2 x 2 contingency matrix, 

closely related to the χ2 statistic, which could be adapted to compare multiple classifiers [79]: 

2
2 12 21

12 21

(f f )

f f

−
 =

+
(3.3) 

where f12 and f21 indicate the amount of correctly classified samples in classification map 1, but 

incorrectly in classification map 2, and vice versa. If the estimated χ2 value was greater than 

3.84 at a 95% confidence interval, the two classification methods would differ in their 

performances [60]. 

The accuracy assessment was conducted using the R programming language, version 3.6.0, 

through RStudio version 1.0.153. 
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3.4 Results 

In order to assess the performance of the evaluated methods in different steps of the research 

(i.e., pre-processing of SAR imagery, number of input features), mean values of accuracy 

metrics for all three study areas were calculated. Table 3.3 shows OA, K for each machine 

learning method, as well as F1 and FoM for each land-cover class. Overall, the highest accuracy 

was achieved in the MT_5 scenario when the total number of input features was maximum. 

Using single-date imagery, the speckle filtering (VV_VH_SPK) scenario showed a better 

overall accuracy than the classification on the original S1 imagery (VV_VH). The Lee5 spatial 

filter reduced the speckle in the homogeneous areas and effectively preserved the edges and 

features, as shown in the research by Maghsoudi et al. [3] and Idol et al. [80]. In this part of the 

research (i.e., single-date imagery), an SVM classifier achieved the highest classification 

accuracy. When additional temporal S1 features were combined, the overall accuracy increased. 

All classifiers achieved better classification results in the MT_3 and MT_5 scenarios, except 

the ELM, whose accuracy decreased in the MT_3. Owing to the additional input data to train 

the model, the MLP classifier achieved the highest increase and overall the highest accuracy 

between LC classification, using single-date and MT imagery. Using MLP with multitemporal 

and multisource imagery, Kussul et al. [36] also outperformed commonly used machine 

learning methods for land-cover classification. 

Figure 3.3 evaluates the performance of the tested machine learning methods. The SVM 

classifier performed better using the single-date S1 imagery, while the MLP performed better 

on the MT imagery when the number of input features was higher. If we compare boosting 

classifiers, AB performed better than XGB in the single-date classification scenario; 

conversely, XGB achieved better results in the MT scenario. The ELM classifier achieved the 

lowest classification results in this research. By introducing temporal information (i.e., five S1 

imagery), the overall accuracy of all classifiers exceeded 90%, except for the ELM. 
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Table 3.3 The mean values of overall accuracy (OA), K, the F1 measure (F1), and the Figure 

of Merit (FoM) in different classification scenarios using S1 imagery with six machine learning 

classifiers (the bold values indicate the most accurate performance achieved for each 

classification scenario). 

 
Method OA K 

Water Bare Land Forest Built-Up Low Veg. 

 F1 FoM F1 FoM F1 FoM F1 FoM F1 FoM 

V
V

_
V

H
 

RF 55.37 0.42 0.52 0.42 0.57 0.41 0.49 0.36 0.46 0.35 0.58 0.41 

XGB 57.26 0.44 0.53 0.43 0.59 0.43 0.49 0.38 0.50 0.37 0.61 0.44 

MLP 57.05 0.44 0.53 0.41 0.59 0.44 0.40 0.37 0.53 0.39 0.65 0.48 

SVM 61.63 0.49 0.55 0.47 0.61 0.47 0.52 0.42 0.58 0.43 0.68 0.51 

AB 60.20 0.48 0.55 0.45 0.60 0.46 0.51 0.40 0.56 0.41 0.67 0.50 

ELM 52.11 0.38 0.50 0.39 0.56 0.39 0.44 0.33 0.34 0.29 0.57 0.39 

V
V

_
V

H
_

S
P

K
 RF 75.78 0.67 0.61 0.58 0.77 0.63 0.75 0.61 0.72 0.58 0.77 0.64 

XGB 76.07 0.68 0.61 0.57 0.77 0.63 0.75 0.61 0.74 0.60 0.78 0.64 

MLP 76.48 0.67 0.59 0.57 0.74 0.61 0.76 0.62 0.78 0.64 0.79 0.65 

SVM 80.24 0.73 0.65 0.61 0.81 0.68 0.79 0.66 0.80 0.68 0.83 0.71 

AB 78.10 0.70 0.63 0.61 0.80 0.67 0.77 0.63 0.78 0.64 0.81 0.68 

ELM 72.79 0.63 0.59 0.54 0.76 0.61 0.71 0.57 0.59 0.48 0.75 0.61 

M
T

_
3
 

RF 88.62 0.84 0.80 0.77 0.92 0.85 0.88 0.79 0.76 0.66 0.89 0.80 

XGB 87.96 0.83 0.79 0.77 0.92 0.85 0.87 0.78 0.75 0.64 0.88 0.79 

MLP 92.27 0.89 0.90 0.85 0.93 0.88 0.92 0.85 0.81 0.72 0.91 0.84 

SVM 90.14 0.86 0.80 0.78 0.93 0.87 0.90 0.82 0.80 0.70 0.90 0.83 

AB 81.58 0.75 0.76 0.72 0.88 0.77 0.79 0.67 0.66 0.55 0.80 0.69 

ELM 70.42 0.60 0.69 0.63 0.79 0.64 0.66 0.52 0.40 0.37 0.70 0.56 

M
T

_
5
 

RF 92.26 0.89 0.91 0.86 0.93 0.88 0.92 0.85 0.81 0.71 0.93 0.86 

XGB 91.73 0.89 0.91 0.85 0.93 0.87 0.92 0.85 0.80 0.70 0.92 0.85 

MLP 93.95 0.92 0.92 0.87 0.95 0.91 0.93 0.88 0.86 0.77 0.93 0.88 

SVM 92.92 0.90 0.89 0.82 0.94 0.88 0.92 0.85 0.80 0.70 0.92 0.85 

AB 91.55 0.88 0.89 0.84 0.93 0.88 0.91 0.84 0.79 0.69 0.92 0.85 

ELM 79.02 0.71 0.80 0.71 0.84 0.72 0.77 0.64 0.47 0.44 0.79 0.65 

To assess the ability of differentiation between land-cover classes, omnibus measures (i.e., F1, 

FoM) that provide a single value were reported. However, along with these omnibus measures, 

Stehman and Foody [70] suggest reporting UA and PA, since their complementary measure 

(i.e., commission and omission error, respectively) are not interchangeable (Table 3.4 and 

Figure 3.4). As a stratified random sampling was chosen as a sampling design for this research, 

and LC classes were used as strata [66,70], UA and PA values for urban vegetation LC classes 

(i.e., forest and low vegetation) could be reported. In the VV_VH classification scenario, the 

MLP classifier yielded the highest UA and PA value for the forest and low vegetation class, 

respectively. Conversely, the highest PA and UA value for the forest and low vegetation class 

was reached by the SVM classifier, respectively. In the VV_VH classification scenario, the 



Chapter 3 

65 

 

MLP and SVM classifier correctly classified forest on the map that matched the ground truth 

data in terms of higher UA than PA, whereas MLP and SVM correctly identified more ground 

truth data as low vegetation, but the commission error (a complementary measure of UA) was 

much higher. After speckle filtering with Lee5 filter, SVM obtained the highest UA and PA 

values for forest and low vegetation class. When additional temporal S1 features were 

combined, the UA and PA values increased for individual LC classes. In the MT_3 and MT_5 

classification scenarios, the forest and low vegetation class achieved the highest UA and PA 

values using the MLP classifier, and their values exceeded 90%. 

  

(a) (b) 

Figure 3.3 Mean (a) OA and (b) Kappa values obtained with various machine learning methods 

for different classification scenarios (error bars indicate lowest and highest classification 

values). 
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Table 3.4 The mean values of user’s accuracy (UA) and producer’s accuracy (PA) of individual 

land-cover (LC) classes in different classification scenarios using S1 imagery (the best UA and 

PA values for scenario are highlighted in bold). 

 Method 
Water Bare land Forest Built-Up Low Veg. 

UA PA UA PA UA PA UA PA UA PA 

V
V

_V
H

 

RF 47.43 66.49 50.70 66.44 63.44 39.91 37.63 59.80 58.22 59.93 

XGB 48.26 67.60 51.06 70.22 65.01 40.05 44.10 57.88 59.77 64.29 

MLP 48.95 60.94 47.93 79.57 72.80 28.02 53.95 57.32 58.77 75.55 

SVM 49.54 70.88 52.49 76.75 71.12 42.00 61.73 55.13 64.39 74.53 

AB 48.38 70.54 51.01 75.84 69.10 40.98 57.58 54.74 64.20 72.02 

ELM 46.03 63.93 49.05 67.33 58.50 36.04 31.53 38.12 55.58 60.88 

V
V

_V
H

_S
P

K
 RF 59.71 73.50 73.94 80.72 81.56 69.34 69.09 76.68 75.86 79.86 

XGB 59.23 72.99 74.27 80.91 81.91 69.64 71.95 76.48 75.65 80.85 

MLP 75.02 58.21 67.27 81.62 82.17 70.13 81.75 75.17 79.63 79.06 

SVM 60.61 76.86 76.51 86.08 84.81 74.23 87.97 73.96 80.62 86.40 

AB 60.73 76.50 74.11 86.22 84.16 70.36 79.72 76.26 79.20 83.37 

ELM 53.37 73.66 71.46 81.70 80.06 65.06 66.76 53.23 71.83 80.44 

M
T

_3
 

RF 76.02 91.36 90.48 93.09 89.95 87.12 72.32 81.62 89.56 88.05 

XGB 74.90 91.60 91.21 92.63 89.68 85.49 69.64 81.53 88.90 87.82 

MLP 95.04 86.20 93.91 92.85 90.96 94.07 90.91 73.80 90.94 91.04 

SVM 76.99 91.49 93.21 94.39 90.23 88.78 79.91 80.47 90.27 90.97 

AB 71.43 89.65 86.14 89.52 83.23 75.52 59.03 74.99 80.30 80.77 

ELM 62.64 88.13 76.34 83.17 74.32 59.36 35.81 45.86 68.03 71.92 

M
T

_5
 

RF 90.34 93.07 92.20 94.35 91.50 92.75 79.63 82.94 93.24 92.07 

XGB 89.89 92.66 92.10 93.85 91.34 91.91 76.81 83.71 92.35 91.30 

MLP 89.26 95.34 94.54 96.16 91.83 94.91 93.16 79.31 93.72 93.26 

SVM 90.13 89.66 92.56 94.65 91.81 92.39 77.09 83.56 90.93 93.08 

AB 86.03 93.42 92.38 94.44 91.25 91.17 75.68 83.91 92.71 91.02 

ELM 77.07 87.33 81.53 87.38 79.31 75.49 48.84 48.06 76.36 80.97 

Since it is possible to obtain higher classification accuracy using an imbalanced data sets [81], 

macro-averaged measures (i.e., F1, FoM, UA) were used for multi-class problems because it 

treats all classes equally [82]. A row-wise normalization was made within each confusion 

matrix [83], establishing a direct comparability between matrices in the study areas of different-

sized sample populations [84] (Figure 3.4). Elements on the main diagonal inform us how well 

the map represents what is really on the ground, whereas off-diagonal elements are committed 

(i.e., false positive error) to other land-cover classes. Therefore, Figure 3.4 shows an increase 

in the UA for different classification scenarios of this research, and with respect to the machine 

learning method used. LC classification using original VV and VH polarisation data shows 

much noise in the final results. In Prague, many areas were omitted from the correct forest 
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category to bare soil or water class, whereas in Cologne, the lowest UA of the low vegetation 

class was caused by the confusion with forest, and in Lyon, built-up areas were confused with 

low vegetation. Commission errors decrease with speckle filtering, but still, some 

misclassifications using single-date imagery remain (e.g., low vegetation with forest, built-up 

with low vegetation), which could be improved by using MT SAR data [85]. In the MT part of 

the research, UA for several land-cover classes significantly improved with additional temporal 

S1 features. Bare land and forest classes remained with high UA values, whereas built-up areas 

showed some confusion with forest class. Surprisingly, a large number of forest areas were 

classified as a water class in Prague, although confusion between water surfaces and forests 

does not usually occur on SAR imagery [23,24]. At a closer visual examination of the Prague 

classification map and according to the historical meteorological data [86], this could be due to 

the rainfall event that occurred during periods of acquired imagery for two S1 imagery (i.e., 

06th June and 12th June 2019). This misclassification led to an overestimation of the water 

category. Through the change in the medium’s dielectric constant, soil moisture had a major 

effect on the backscatter magnitude in terms of its increase up to 5 dB [87]. S1 MT imagery 

improved the classification of the low vegetation (i.e., grassland, shrubs) class, which reduced 

commission error with the forest and the built-up class. 
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Figure 3.4 Visualization of normalized confusion matrix computed using various machine 

learning methods for single-date and multitemporal classification scenarios. 

Figure 3.5 shows mean values for all machine learning methods evaluated in this research, with 

respect to the different classification scenarios. In the single-date S1 image analysis, an 
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improvement of 20% and 0.24, in terms of the OA and Kappa values was achieved with speckle 

filtering. Further increase in the OA of 8.59% and 13.66% occurred with the use of three and 

five S1 imagery for LC classification, respectively. 

  
(a) (b) 

Figure 3.5 Mean (a) OA and (b) Kappa values for all machine learning methods used in this 

research (95% confidence interval). 

In this research, the possibility of urban vegetation mapping was assessed by using various 

machine learning methods. In single-date image analysis, the SVM classifier achieved higher 

accuracy results than other classifiers (Figure 3.3) and the potential for detecting vegetation in 

built-up areas (Figure 3.6). In the MT classification scenario, when additional temporal 

information was introduced, MLP outperformed other classifiers. Therefore, Figure 3.6 shows 

a subset (2 km × 2 km) of each study area, with examples of built-up areas with surrounding 

urban vegetation (e.g., parks, urban gardens). Accuracy assessment was made over the entire 

study area (approx. 30 km × 50 km). These example subsets (Figure 3.6) were chosen to 

demonstrate the possibility of vegetation mapping in complex systems, such as urban 

environments, in which mixed pixels pose the greatest challenge (e.g., underestimation of the 

water class owing to the mixed pixels that have a subpixel land presence, as noted in [88]).  

In this research, the SVM and MLP classifier achieved the highest OA and K (Figure 3.3) for 

urban vegetation mapping in the single-date (i.e., VV_VH, VV_VH_SPK), and in the MT (i.e., 

MT_3, MT_5) classification scenario, respectively. Therefore, McNemar’s χ2 test was 

statistically used to compare the classification results achieved by SVM and MLP against other 

classifiers for each study area (Table 3.). SVM is less often wrong than any other classifier in 

the single-date image analysis. However, it should be noted that in some classification 

scenarios, SVM and AB perform very similarly. This is shown in Table 3., as the χ2 value 

indicates that two classifiers perform equally well with a probability of at least 95%. Using the 

MT SAR imagery, in Prague and Cologne, MLP achieved statistically different results from 
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those produced by other classifiers. In Lyon, MLP yielded comparable classifications results to 

other classification methods, except for the ELM classifier. 

 

Figure 3.6 Example subset of each study area shown as Sentinel-2 “true-color“ composite 

(left); classification map using single-date S1 imagery and support vector machine (SVM) 

classifier (middle); classification map using multitemporal imagery (five scenes) and multi-

layer perceptron (MLP) classifier (right). 
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Table 3.5 McNemar’s chi-squared values test results comparing SVM and MLP classifiers with 

other classification algorithms in the single-date and MT classification scenarios, respectively. 

If a χ2 value is less than 3.84 (bold values), the null hypothesis is not rejected, which indicates 

that the two classification results were not significantly different. 

Study Area Class. Scenario RF XGB MLP SVM AB ELM 

Prague VV_VH 46.74 20.71 29.90 X 39.49 116.67 

 VV_VH_SPK 66.21 56.46 14.52 X 0.10 71.15 

 MT_3 78.63 97.86 X 39.95 113.24 354.83 

 MT_5 23.43 29.17 X 3.92 31.17 226.17 

Cologne VV_VH 12.98 13.85 15.15 X 0.48 31.17 

 VV_VH_SPK 9.03 6.25 24.85 X 0.00 76.59 

 MT_3 17.60 18.71 X 7.36 21.19 207.76 

 MT_5 9.22 12.20 X 6.37 11.84 208.71 

Lyon VV_VH 31.73 16.62 25.28 X 1.78 44.21 

 VV_VH_SPK 19.38 22.26 5.89 X 6.47 27.76 

 MT_3 4.29 7.93 X 0.27 10.54 121.95 

 MT_5 0.06 1.93 X 1.84 3.67 128.72 

 

3.5 Discussion 

The current research evaluated the possibility of urban vegetation mapping using multitemporal 

(MT) C-band SAR imagery. Among the ML methods described in the literature [89], new 

machine learning methods (e.g., XGB, ELM) were tested in this research for classification 

tasks. Although many studies are based on the classification and interpretation of multispectral 

satellite imagery than those on SAR imagery, certain studies reported an increased overall 

classification accuracy using MT SAR imagery [85,90–92]. The results obtained by the tested 

machine learning methods confirmed that dense time-series of C-band SAR imagery allow 

discrimination of green and forest areas in urban systems. In this research, UA and K were used 

in the assessment of classification performance calculated over the entire study area (Table 3.1, 

Figure 3.3). Single-date image classification (i.e., VV_VH, VV_VH_SPK) was also made so 

that classification performance using the MT imagery could be compared (Figure 3.5). Using 

single-date data, the overall accuracy significantly increased with speckle filtering, which 

effectively preserved the edges and features. Similar results for LC mapping were also obtained 

in research by Idol et al. [80] and Lavreniuk et al. [93]. In the MT part of the research, the OA 
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of a classification based on three (MT_3) and five (MT_5) S1 imagery was increased by 8.59% 

and 13.66% (Figure 3.5), as compared to VV_VH_SPK, respectively. By increasing the number 

of S1 imagery to five (MT_5), the classification accuracy further increased, and according to 

[85], using more than five dates for LC mapping produces negligible changes in classification 

accuracy. Additionally, for the MT S1 classification, a single speckle filtering was conducted 

rather than MT speckle filter [51], since spatial speckle filters yield a higher overall 

performance, as reported in [3]. Mapping of vegetation in built-up areas (i.e., forest, low 

vegetation) showed a better classification accuracy based on MT imagery (Table 3.3 and Figure 

3.4). We used F1 and FoM accuracy metrics as macro-averaged measures that were suitable for 

evaluating the accuracy of various land-cover classes [69,75,94]. Table 3.3 shows an 

improvement in different classification scenarios for discriminating various land-cover classes, 

especially forest and low vegetation (i.e., grassland, shrubs). As suggested in [70], if omnibus 

measures (i.e., F1, FoM) are reported, class-specific measures should also be included to 

characterize the accuracy of a given class. Therefore, the UA and PA values are presented in 

Table 3.4. Large omission and commission errors occur in the VV_VH classification scenario, 

due to the speckle noise [80]. The errors are partly reduced with speckle filtering, but it is found 

that the C-band of S1 imagery is less suitable to classify vegetation classes in urban areas than, 

e.g., L-band [95,96]. As shown in Table 3.4, within sub-optimal temporal windows (i.e., 

classification using MT imagery), the UA and PA values increased for the individual LC 

classes. Similar to the previous studies [97,98], our results indicated that MT S1 imagery 

improved the accuracy of the vegetation mapping. 

Zhu et al. [99] used Landsat and SAR data for LC classification of urban areas. For urban and 

forest categories, the authors recommend the usage of SAR texture measures known as GLCM 

(gray-level co-occurrence matrix), explained by Haralick et al. [100]. Therefore, to improve 

classification of the urban vegetation and green areas, the inputs to the classifiers have a more 

important role [29,101–103], than tuning the machine learning models. Haas and Ban [27] 

combined S1 and Sentinel-2 imagery for urban ecosystem mapping. Using an SVM classifier, 

19 LC categories were mapped in complex urban areas. With the fused approach, some familiar 

misclassifications for SAR (classes with similar surface backscatter patterns, i.e., roads, 

runways, still water or lawns) and optical (classes with similar spectral reflectance) data could 

be reduced. Some classes are difficult to detect using a spectral response from optical data or 

backscatter from the SAR instrument, but this might be easily distinguished by their combined 

use [26,104,105]. Although F1 and FoM metrics are more robust than UA and PA [75,106], 
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UA values, as a measure of the reliability of the map, were visualized (Figure 3.4) for each 

study area. Irrespective of the accuracy metrics used in this research, the MLP method classified 

the forest and low vegetation class over 90%, in the MT_5 scenario (i.e., F1, and UA). 

For urban vegetation mapping, the most used machine learning methods for the classification 

tasks were evaluated. Urban systems are comprised of built-up areas, vegetation, and water 

surfaces (e.g., lakes, rivers). The example subset of Prague (Figure 3.6) emphasize the 

underestimated water extent location, due to the mixed pixels that have subpixel land presence 

[88]. In urban areas, these misclassifications pose a great challenge, which can be reduced by 

using MT imagery, or in combination with VHRSI [107,108]. Camargo et al. [46] used various 

machine learning methods for classifying several LC categories on ALOS-2/PALSAR-2 

imagery. For nine LC classes and 200 training samples, the SVM classifier achieved the highest 

classification results with an OA and K of 74.18% and 0.68%, respectively. In our research, 

SVM also produced the best classification results in a single-date classification scenario (Figure 

3.6), i.e., VV_VH and VV_VH_SPK, and the mean OA was 61.63% and 80.24%, respectively. 

The ability to apply an SVM classifier using a single SAR imagery has already been proven for 

LC classifications [109]. Zhong et al. [110] developed deep-learning-based LC classification 

for MT imagery. Similar to our research, MLP with two hidden layers and 512 neurons 

outperformed every non-deep learning model (i.e., XGB, RF, and SVM). Deeper MLP models 

did not improve the classification accuracy. In the aforementioned research, a one-dimensional 

convolutional neural network (CNN) achieved the highest classification results. CNNs should 

be further investigated for LC classification of the MT SAR imagery [111–113]. 

In this study, using MT S1 imagery for LC classification (i.e., MT_3 and MT_5), the MLP 

classifier achieved the highest classification results and the ability for vegetation mapping in 

built-up areas (Figure 3.6). On the contrary, ELM produced the lowest results in every 

classification scenario. Kernel extreme learning machine (KELM) needs to be implemented for 

LC classification tasks on radar and optical imagery [60,114]. The aforementioned combined 

use of SAR and optical imagery in MT classification tasks yields many input features (e.g., 

texture measures, radiometric indices), which requires a high computational capacity. Feature 

selection techniques should be deeply investigated in order to reduce computational cost 

[29,96,104,115]. We used the McNemar’s test in order to evaluate the significance of the 

differences between pair-wise classifications in each study area (Table 3.). 
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3.6 Conclusions 

In this research, we presented a comparative assessment of six machine learning methods using 

multitemporal (MT) SAR imagery for urban vegetation mapping. Our primary interest was to 

investigate the potential of S1 imagery for vegetation mapping in urban areas across Europe, 

since MT SAR data were not equally investigated, as compared to optical satellite data. The study 

revealed that discrimination of green and forest areas in urban and peri-urban areas increased with 

time-series of SAR imagery. Urban vegetation mapping using single-date imagery is often 

inefficient, and dense time-series of SAR imagery (e.g., S1) allows us to capture the 

phenological stages and to discriminate various land-cover classes. By using three and five S1 

imagery for classification, the F1 measure for forest and low vegetation land-cover class 

exceeded 90%. 

Furthermore, by evaluating various classification performance metrics, we selected the optimal 

classification method for vegetation mapping in the built-up areas. In the single-date image 

analysis, SVM produced the highest classification accuracy, whereas MLP yielded the best 

accuracy in all considered MT classification scenarios. For land-cover classification tasks using 

a single-date SAR imagery, SVM achieved very accurate results for even a small data set, 

whereas including more temporal dimensions of input data significantly improved MLP. 

Furthermore, mean values for all machine learning methods increased the overall classification 

accuracies, i.e., using three and five S1 imagery, by 49% and 58%, compared to single-date 

image analysis on the VV and VH bands, respectively. 

This research allowed us to confirm the possibility of MT C-band SAR imagery for urban 

vegetation mapping. However, some deficiencies were present (e.g., mixing built-up areas with 

bare land or forest classes), so additional texture features or fusion with optical satellite imagery 

could be used along with C-band imagery. Furthermore, deep-learning classification techniques 

(e.g., CNN) should be thoroughly investigated for MT SAR imagery, as well as parameter 

optimization (e.g., k-fold cross-validation), in order to obtain the best classification 

performance. 
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3.8 Appendix A 

Table A3.1 Detailed characteristics of the study areas used in this research. 

Study Area Prague Cologne Lyon 

Country Czech Republic Germany France 

Lat/Long 50°5′ N 50°56′ N 45°45′ N 

 14°25′ E 6°57′ E 4°50′ E 

Extent (pixels) 4958 × 3038 5213 × 3151 5145 × 3344 

Climate Humid continental Temperate oceanic Temperate oceanic 

Average annual max. 14.9 max. 16.5 max. 18.2 

temperature (°C) mean 12.6 mean 13.9 mean 14.8 

−2019 * min. 7.5 min. 9.3 min. 9.6 

Precipitation (mm) 984.0 979.1 1524.6 

−2019 *    

Soils ** Haplic Chernozems Orthic Luvisols Vertic Luvisols 

* Data collected at WorldWeatherOnline.com; ** Information about soils extracted from 

FAO–UNESCO [116]. 
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Abstract 

Land-cover (LC) mapping in a morphologically heterogeneous landscape area is a challenging 

task since various LC classes (e.g., crop types in agricultural areas) are spectrally similar. Most 

research is still mostly relying on optical satellite imagery for these tasks, whereas synthetic 

aperture radar (SAR) imagery is often neglected. Therefore, this research assessed the 

classification accuracy using the recent Sentinel-1 (S1) SAR and Sentinel-2 (S2) time-series 

data for LC mapping, especially vegetation classes. Additionally, ancillary data, such as texture 

features, spectral indices from S1 and S2, respectively, as well as digital elevation model 

(DEM), were used in different classification scenarios. Random Forest (RF) was used for 

classification tasks using a proposed hybrid reference dataset derived from European Land Use 

and Coverage Area Frame Survey (LUCAS), CORINE, and Land Parcel Identification Systems 

(LPIS) LC database. Based on the RF variable selection using Mean Decrease Accuracy 

(MDA), the combination of S1 and S2 data yielded the highest overall accuracy (OA) of 

91.78%, with a total disagreement of 8.22%. The most pertinent features for vegetation 

mapping were GLCM Mean and Variance for S1, NDVI, along with Red and SWIR band for 

S2, whereas the digital elevation model produced major classification enhancement as an input 

feature. The results of this study demonstrated that the aforementioned approach (i.e., RF using 

a hybrid reference dataset) is well-suited for vegetation mapping using Sentinel imagery, which 

can be applied for large-scale LC classifications.  
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4.1 Introduction 

Vegetation mapping is essential for sustainable forest management, deforestation, agricultural, 

and silvicultural planning [1,2]. Remotely sensed optical imagery is a common tool for 

straightforward land-cover classification and vegetation monitoring [3,4]. However, in complex 

land-cover areas, it is difficult to map multiple classes that are spectrally similar. Therefore, 

time-series of low to medium-resolution optical satellite imagery (e.g., MODIS, Landsat) have 

been extensively used for vegetation monitoring since the 1970s [5–8]. 

In the last decade, time-series imagery provided by the Sentinel-2 (S2) satellites offered a 

unique opportunity for vegetation mapping [3,9–12]. The S2 satellite, developed from the 

Copernicus Programme of the European Space Agency (ESA), has a three-day revisit time and 

a 10 m spatial resolution. However, the acquisition of optical images in key monitoring periods 

may be limited because of their vulnerability to rainy or cloudy weather. In this context, as a 

form of active remote sensing that is mostly independent of solar illumination and cloud cover, 

synthetic aperture radar (SAR) can be used as an important alternative or complementary data 

source [13]. SAR systems register the amplitude and phase of the backscattered signal, which 

depends on the physical and electrical properties of the imaged object (e.g., terrain roughness, 

permittivity) [14]. Recently, multitemporal C-band SAR imagery has been investigated for 

vegetation monitoring. Gašparović and Dobrinić [15] used single-date and multitemporal (MT) 

Sentinel-1 (S1) imagery for urban vegetation mapping. Various machine learning methods were 

used for classification, and the research confirmed the possibility of MT C-band SAR imagery 

for vegetation mapping.  

Recently, integration of SAR and optical (i.e., S1 and S2) data has been mostly used for flood 

and wetland monitoring or forest disturbance mapping caused by the important abiotic (e.g., 

fire, drought, wind, snow) and biotic (insects and pathogens) disturbance effects [16–18]. In the 

research from Gašparović and Dobrinić [15], Figure 1 shows that SAR imagery is neglected for 

vegetation mapping in land-cover classification tasks compared to optical data and usage of MT 

series compared to the single-date imagery. Thus, time-series of S1 and S2 imagery provide 

great potential for vegetation monitoring, and this research investigated the potential of S1, S2, 

and combined S1 and S2 data for vegetation mapping. 

Besides using MT optical or SAR imagery for vegetation mapping, recent studies have used 

vegetation indices and textural features to obtain phenological vegetation information. Jin et al. 

[19] used normalized difference vegetation index (NDVI) time-series data and textural features 
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computed from the Grey Level Co-occurrence Matrix (GLCM) for land-cover mapping in 

central Shandong. The highest overall accuracy (OA) of 89% was achieved using multitemporal 

Landsat 5 TM imagery, topographic (digital elevation model—DEM), NDVI time-series, and 

textural variables. Furthermore, the influence of the NDVI time-series variables had a greater 

impact on OA than the influence of textural variables. Gašparović and Dobrinić [20] 

investigated the impact of different pre-processing steps for SAR imagery when applied to 

pixel-based classification. Classification using GLCM texture bands (Mean and Variance) 

increased OA by 19.38% compared to the classification on vertical–vertical (VV) and vertical–

horizontal (VH) polarization bands. Additionally, Lee’s spatial filter with a 5 × 5 window size 

proved the most effective filter for speckle reduction [19].  

The use of multi-source and MT remote sensing data creates high-dimensional datasets for 

classification tasks. Many features in the aforementioned datasets are highly correlated, which 

causes noise that hinders the classification itself [21]. Although deep learning techniques, 

especially convolutional neural networks (CNNs), have the ability to extract high-level abstract 

features for complex image classification tasks, a large training set representative of the 

considered study area is required [22,23]. Therefore, various feature selection (FS) methods are 

proposed to address these challenging classification tasks [24]. Following Saeys et al. [25], FS 

techniques can be organized into three categories: filter methods, wrapper methods, and 

embedded methods. Filter methods rank the relevance of individual features by their correlation 

with the dependent variable. Wrapper methods use feature subsets and evaluate them based on 

the classifier performance [26]. This method is computationally very expensive due to the 

repeated model classifications and cross-validations. Embedded methods perform FS during 

the model training, and they combine the qualities of filter and wrapper methods. These 

methods are mostly embedded within the algorithm, such as Random Forest (RF). A RF 

classifier, introduced by Breiman in 2001 [27], is a very popular algorithm in a remote sensing 

community due to the ability to deal with noise, high dimensional, and unbalanced datasets. RF 

belongs to an ensemble learning algorithm built on decision trees and is increasingly being 

applied in vegetation mapping using multispectral and radar satellite sensor imagery [4,28–30]. 

As mentioned before, FS can be done during the modelling algorithm’s execution, based on the 

following indices for variable importance: Mean Decrease Accuracy (MDA) and Mean 

Decrease Gini (MDG) [24]. 

Besides using state-of-the-art machine learning methods for vegetation mapping, the overall 

accuracy of the classified image depends on the quality, quantity, and semantic distribution of 
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the reference data [31]. Balzter et al. [32] investigated SAR imagery for land-cover 

classification using the CORINE land-cover mapping scheme. The CORINE was initiated in 

1985 and consists of a land-cover inventory in 44 classes. In [32], 17 land-cover classes from 

hybrid CORINE level 2/3 were used as training data for the RF classifier. Besides CORINE, 

European Land Use and Coverage Area Frame Survey (LUCAS) was carried out by 

EUROSTAT for identifying land-use and land-cover (LULC) changes across the European 

Union. Weigand et al. [31] investigated spatial and semantic effects of LUCAS samples using 

S2 imagery for land-cover (LC) mapping and proposed pre-processing schemes for LUCAS 

data. RF classifier was used for discriminating the proposed LC class hierarchy of LUCAS 

samples, and the results indicated that LUCAS data can be used for LULC classifications using 

S2 data. Belgiu and Csillik [30] used LUCAS data for study areas in Europe for cropland 

mapping. Depending on the study area, six or seven LC classes were discriminated using a RF 

classifier. Therefore, suitable reference data for classification tasks must be used to ensure the 

research’s reproducibility and combined with the sampling design and “good practice” 

recommendations presented in [33,34]. 

This research aims to assess the classification accuracy using SAR and optical imagery for 

different scenarios and evaluate the addition of textural features for S1 and spectral indices for 

S2 imagery. Hence, the use of S1 and S2 time-series, which contain most of the phenological 

changes, was investigated for vegetation mapping. Moreover, the performance of the RF 

classifier in a morphologically heterogeneous landscape of northern Croatia was evaluated by 

using a hybrid reference dataset derived from CORINE, LUCAS, and national Land Parcel 

Identification Systems (LPIS) LC datasets. 

4.2 Study Area and Datasets  

4.2.1 Study area 

The Međimurje County, illustrated in Figure 4.1, is one of the main crop product regions and is 

the northernmost part of Croatia. The study area covers over 700 km2, from which around 360 

km2 are used in agriculture, which mostly includes fields of cereals, maize, potato, orchards, and 

vineyards. According to the Koppen–Geiger climate classification system [35], this region has a 

temperate oceanic climate (Cfb), characterized by warm summer. The mean annual temperature 

for 2018 in the study area is 10.2 °C with precipitation of 846 mm/year [36].  
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Figure 4.1 (a) Location of the study area and (b) overview of the study area (background: true-

color composite of Sentinel-2 imagery; bands: B4-B3-B2, acquisition date: 28th September 

2018). 

4.2.2 Satellite Datasets 

For vegetation mapping in heterogeneous land-cover (LC) areas, multitemporal (MT) satellite 

imagery is used to characterize phenological changes in vegetation LC classes, instead of using 

single-date imagery [19]. Therefore, SAR and optical satellite imagery from each temperate 

season have been used in this research. The SAR data are described in Section 4.2.2.1; the 

optical satellite imagery is elaborated in Section 4.2.2.2; ancillary features derived from SAR 

and optical imagery are introduced in Section 4.2.2.3, and topographic data used in different 

classification scenarios is described in Section 4.2.2.4. 

4.2.2.1 Sentinel-1 Data 

Sentinel-1 (S1) Ground Range Detected (GRD) products in dual-polarization mode (VV + VH) 

were used in this research (Table 4.1). Data were downloaded from the European Space Agency 

(ESA) Data Hub and, as a GRD product, imagery has already been detected, multi-looked, and 

projected to ground range using an Earth ellipsoid model [37]. Additionally, in ESA SNAP 

software, data were calibrated to sigma naught (σ0) backscatter intensities, speckle filtered 
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using Lee filter [38], and terrain-correction was made using the shuttle radar topography 

mission (SRTM) one-arcsecond tiles. 

Table 4.1 Sentinel-1 (S1) and Sentinel-2 (S2) imagery used in this research 

 S1 S1 Orbit S2 S2 Cloud Cover ΔS1-S2 [days] 

Date 

04-12-2017 ASC 19-12-2017 0.0 15 

27-04-2018 ASC 28-04-2018 0.1 1 

19-08-2018 ASC 16-08-2018 3.6 3 

12-10-2018 ASC 10-10-2018 0.2 2 

29-11-2018 ASC 04-12-2018 1.1 5 

4.2.2.2 Sentinel-2 Data 

The Sentinel-2 (S2) constellation includes two identical satellites (S2A and S2B), which carry 

a multispectral instrument (MSI) for the acquisition of optical imagery at high spatial resolution 

(i.e., four spectral bands at 10 m, six bands at 20 m, and three bands at 60 m resolution). The 

S2 sensor acquired optical imagery during the same periods as S1 (Table 4.1), and the cloud-

free tiles were downloaded in Level-2A (L2A), which provides orthorectified Bottom-Of-

Atmosphere (BOA) reflectance, with sub-pixel multispectral registration. For this research, 

bands with 60 m spatial resolution were not considered due to their sensitivity to aerosol and 

clouds, whereas 20 m spectral bands were resampled to 10 m using the nearest neighbor method 

to preserve the pixels’ original values [39]. 

4.2.2.3 SAR Texture Features and Multispectral Indices 

Since radar backscatter is strongly influenced by the roughness, geometric shape, and dielectric 

properties of the observed target, radar-derived texture information represents valuable 

information for classification tasks. Introduced by Haralick et al. [40], grey-level co-occurrence 

matrix (GLCM), depending on a given direction and a certain distance in the image, estimates 

the local patterns in image pixel intensities and spatial arrangement. Among many developed 

texture measures for vegetation mapping, GLCM, combined with the original radar image, is 

one of the most trustworthy methods for improving mapping accuracy. In this research, a set of 

nine texture features, derived from the GLCM, were calculated in the SNAP 8.0 software and 

used for vegetation mapping: Angular Second Moment (ASM), Contrast, Correlation, 

Dissimilarity, Energy, Entropy, Homogeneity, Mean, and Variance. 

Satellite-based indices are commonly calculated from the spectral reflectance of two or more 

bands [41]. Using these indices indicates the relative abundance of features of interest, such as 
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canopy chlorophyll content estimations, vegetation cover, and leaf area (Normalized Difference 

Vegetation Index—NDVI; Enhanced Vegetation Index—EVI; Soil Adjusted Vegetation 

Index—SAVI; Pigment Specific Simple Ratio—PSSRa) or water surfaces (Normalized 

Difference Water Index—NDWI). Moreover, modified and refined versions of the 

aforementioned indices were used (Modified Chlorophyll Absorption in Reflectance—

MCARI; Green Normalized Vegetation Index—GNDVI; Modified Soil Adjusted Vegetation 

Index—MSAVI), as well as indices that use narrower red edge bands from S2 (Normalized 

Difference Index 45—NDI45; Inverted Red-Edge Chlorophyll Index—IRECI). Table 4.2 

shows the multispectral indices employed in this research. 

Table 4.2 Number of pixels per band for training and validation for all five land cover classes 

per date 

Spectral Index Equation * S2 Bands Used Reference 

NDVI 
NIR -R

NIR + R
 

B8- B4

B8+ B4
 [42] 

NDWI 
NIR -G

NIR +G
 

B8- B3

B8+ B3
 [43] 

EVI 
NIR -R

2.5*
NIR +6.0* R -7.5* B+L

 
B8- B4

2.5*
B8+6.0* B4-7.5* B2+0.5

 [44] 

SAVI 
NIR -R

*(1+L)
NIR +R +L

 
B8- B4

*1.5
B8+ B4+0.5

 [45] 

NDI45 
RE1-R

RE1+ R
 

B5- B4

B5+ B4
 [46] 

MCARI 
( )RE1-R -0.2*(RE1-G) *

(RE1-R)

 
   

( )B5- B4 -0.2*(B5- B3) *

(B5- B4)

 
   [47] 

GNDVI 
G-R

G + R
 

B3- B4

B3+ B4
 [48] 

MSAVI 
NIR-R

*(1+L)
NIR+R+L

 
B8- B4

*(1+ 0.5)
B8 + B4 + L

 [49] 

PSSRa 
RE3

R
 

B7

B4
 [50] 

IRECI 
RE3-R

RE1/ RE2
 

B7 - B4

B5 / B6
 [51] 

* NIR: Near-infrared band; R: Red band; G: Green band; B: Blue band; RE1, RE2, and RE3 

represent Red-edge 1, 2, and 3 band, respectively. L is the adjusted factor that depends on 
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terrain conditions and vegetation cover, where 0 indicates dense vegetation cover, and 1 

represents areas without vegetation. In this research, L factor was set to 0.5 [52]. 

4.2.2.4 Topographic Data 

Some research indicated that using topographic variable data, such as the digital elevation 

model (DEM) produces major classification enhancements [32,53]. Therefore, shuttle radar 

topography mission (SRTM) one-arcsecond DEM tiles were resampled to a 10-m spatial 

resolution by the bilinear interpolation. Additionally, during the test phase of the research, slope 

and aspect were derived from the SRTM DEM, but their presence as input features brought 

noise in the dataset, which led to lower classification accuracy. Therefore, the aforementioned 

features (i.e., slope and aspect) were not further considered as input features for vegetation 

mapping. 

4.2.3 Reference Data 

To reflect the major land-cover classes that are present in the area, reference data were derived, 

based on our expert knowledge and information, from CORINE, LUCAS, and LPIS land-cover 

database. Since reference data in the aforementioned databases vary in spatial and semantic 

consistency, a hybrid classification scheme was devised for this research. Therefore, higher 

thematic levels from CORINE, LUCAS, and LPIS database were visually interpreted from a 

time-series of Landsat and Google Earth high-resolution imagery and reduced to the following 

eight major land-cover classes which were sampled in the study area: cropland, forest, water, 

built-up, bare soil, grassland, orchard, and vineyard (Table 4.3). Training and validation pixels 

were selected at random from the polygon-eroded CORINE and LPIS land-cover maps, and a 

maximum pixel threshold of 300 pixels per class was set. Afterwards, signatures of the proposed 

hybrid land-cover classes were checked with LUCAS sample points and visually confirmed 

from a time-series of high-resolution imagery. This threshold was set following the 

recommendation from Jensen and Lulla [54] that a number of training pixels should be 10 times 

the number of the variable used in the classification model. This hybrid approach was proposed 

in this research, in order to ensure the reproducibility and optimal number of LC classed were 

chosen since the difference in the number of distinct classes can affect the classification 

accuracy [55].  
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Table 4.3 Description of the major LC classes used in this research, with included codes of 

CORINE Level 2/3 and LUCAS classification scheme. 

ID Class CORINE LUCAS 

1 Cropland 
2.1 Arable land 

B00 Cropland (except 

B70) 

2.4 Heterogeneous agricultural areas  

2 Forest 3.1 Forests C00 Woodland 

3 Water 
4.1 Inland wetlands G00 Water areas 

5.1 Inland waters  

4 Built-up 1.1 Urban fabric A00 Artificial land 

5 Bare soil 
3.3 Open spaces with little or no 

vegetation 

F00 Bare land and 

lichens/moss 

6 Grassland 

2.3 Pastures D00 Shrubland 

3.2 Scrub and/or herbaceous 

vegetation  

associations 

E00 Grassland 

7 Orchard 2.2.2 Fruit trees and berry plantations 
B70 Permanent crops: 

Fruit trees 

8 Vineyard 2.2.1 Vineyards B82 Vineyards 

 

 

4.3 Methods 

The analysis of potentially separable LC classes was conducted using the time-series of optical 

NDVI values and radar polarization bands. A total of seven cloud-free scenes of the S2 L2A were 

used to calculate NDVI profiles to identify areas containing different vegetation and agriculture 

characteristics [56]. 

4.3.1 Jeffries–Matusita (JM) Distance 

To evaluate the spectral similarity between the LC classes in the reference dataset used for this 

research, Jeffries–Matusita (JM) distance was calculated [57,58]. This spectral separability 

measure compares distances between the distribution of classes (e.g., A1 and A2), which are 

then ranked according to this distance, following the equation: 

1 2
2 * (1 )B

A A
JM e−= − (4.1) 

where B represents the Bhattacharyya distance [56]: 

1 2

1 2 1 2

1 2 1 2

2 2

2

2 2

1 2 1
( ) ln

8 2 2

A A

A A A A

A A A A

S S
B m m

S S S S

 +
 = − +

+ +  

(4.2) 

where 
iAm are average values of LC classes A1 and A2, and 

iA
S are their covariance matrices. 
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4.3.2 Random Forest (RF) Classification 

For this research, RF classifier was chosen due to the simple parametrization, feature 

importance estimation in the classification, and short calculation time [3]. Therefore, 

optimization of the RF hyperparameters and feature importance estimation as input for 

vegetation mapping will be explained in Sections 4.3.2.1 and 4.3.2.2, respectively. 

4.3.2.1 Hyperparameter Tuning 

RF consists of several hyperparameters, which allow users to control the structure and size of 

the forest (ntree) and its randomness (e.g., number of random variables used in each tree—

mtry). Default values for the ntree and mtry parameters are 500 and the square root of the 

number of input variables, respectively. Therefore, a grid search approach with cross-validation 

was used in this research for hyperparameter tuning, and optimal parameter values were 

determined as those that produced the highest classification accuracy. 

4.3.2.2 Feature Importance and Selection 

During the training phase, RF classifier constructs a bootstrap sample from 2/3 samples of the 

training dataset, whereas the remaining samples, which are not included in the training subset, 

are used for internal error estimation called out-of-bag (OOB) error [59]. The random sampling 

procedure was repeated ten times, allowing to compute average performances with confidence 

intervals. Afterwards, by evaluating the OOB error of each decision tree when the values of the 

feature are randomly permuted, the relative importance of each feature can be evaluated [60]. 

In such a way, mean decrease in accuracy (MDA) can be expressed as [24]: 

1

1
( )

n

j tj tj
t

MDA MP M
n =

= − (4.3) 

where n is equal to ntree, and Mtj and MPtj denote the OOB error of tree t before and after 

permuting the values of predictor variable Xj, respectively [61]. MDA value of zero indicates 

that there is no connection between the predictor and the response feature, whereas the larger 

positive of MDA value, the more important the feature is for the classification. 

Another measure for calculating the feature importance is based on the mean decrease in Gini 

(MDG), which measures the impurity at each tree node split of a predictor feature, normalized 

by the number of trees. Similar to MDA, the higher the MDG, the more important the feature 

is. Similar research in the remote sensing community is not united on which measure to use for 

feature selection using RG in classification tasks. Belgiu and Dragut [62] reported that most 

studies in their review used MDA, whereas Cánovas-García and Alonso-Sarría [60] obtained 
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the highest accuracy for all of the classification algorithms using MDG. Since former research 

used pixel-based and latter object-based classification, MDA was used as a measure for feature 

selection in this research. 

4.3.3 Accuracy Assessment 

The ability to discriminate LC classes was first assessed using optical NDVI profiles and radar 

backscatter (i.e., VV and VH) coefficients and JM distance, which measures statistical 

separability between two distributions. 

Afterwards, the validation protocol of different classification scenarios used a stratified random 

sample of 70% of the reference pixels for training and 30% for the validation [33]. Mean overall 

accuracy (OA) with confidence intervals was reported in this research since twenty random 

splits of training and validation data were performed [11]. Besides OA, two simple measures 

(i.e., quantity disagreement (QD) and allocation disagreement (AD) [63]) were used in this 

research. As reported in the paper by Stehman and Foody [64], Kappa coefficient is highly 

correlated with OA, and therefore, we opted for QD and AD. The former measure refers to a 

difference in a number of pixels of the same class and the latter measure refers to a spatial 

location mismatch for every LC class between the training and test dataset [65]. Additionally, 

the user’s accuracy (UA), as a measure of the reliability of the map, and producer’s accuracy 

(PA), as a measure of how well the reference pixels were classified, were computed for 

individual LC classes [66]. 

In this research, various classification scenarios (package “randomForest” [67]) and accuracy 

assessments (package ‘caret’ [68]) were conducted using the R programming language, version 

4.0.3., through RStudio version 1.3.1093. 

4.4 Results and Discussion 

4.4.1 Optical NDVI and Radar Backscatter (VV, VH) Time-Series 

As shown in Figure 4.2, water and forest can easily be detected throughout the whole season, 

whereas built-up and bare soil class show a similar pattern, except in August, which can easily 

be resolved by using additional spectral indices (e.g., SAVI, normalized difference built-up 

index (NDBI) [69]). Since the cropland class in the investigated study area is consisted mostly 

of single cropping plant systems (e.g., cereals, maize, and potato), characteristic crop phenology 

pattern can be recognized, which consists of the sowing (March), growth (from April to 

August), and harvest (September). The biggest inter-class overlap for separating the vegetation 
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occurs between grassland, orchard, and vineyard. Therefore, in this research, Jeffries–Matusita 

(JM) distance was used as a spectral separability measure [10,70]. 

 

Figure 4.2 Temporal behavior of optical NDVI time-series profiles for LC class analysis. 

Since the backscatter signal is affected by soil moisture, surface roughness, and terrain 

topography, the VV and VH polarization bands analysis is presented in Figure 4.3. Overall, the 

lowest VV and VH values have water class, since only a very small proportion of backscatter 

is returned to the sensor due to the side-looking geometry [71]. On the other hand, the highest 

mean VV and VH values consist of the built-up class, due to the double-bounce effect in the 

urban areas [72]. Vegetation classes tend to overlap within the VV and VH bands due to the 

volume scattering, whereas the backscatter values are higher in the VV than VH due to a 

combination of single bounce (e.g., leaves, stems) and bare soil double-bounce backscatter [73]. 

  

(a) (b) 

Figure 4.3 Mean (a) VV and (b) VH backscatter values, for each LC class investigated. The 

classes are represented as follows: 1 = Cropland; 2 = Forest; 3 = Water; 4 = Built-up; 5 = 

Bare soil; 6 = Grassland; 7 = Orchard; 8 = Vineyard.  
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4.4.2 Jeffries–Matusita (JM) Distance Variability Results of Each Class 

The JM distance results for the similarity of each class and each sensor calculated are shown in 

Table 4.4. For both sensors used in this research (i.e., S1 and S2), the water class was the only 

LC class identified with JM values above 1.7, which indicates good separability with other 

classes. This class separability was also confirmed with calculated NDVI profiles (Figure 4.2). 

Furthermore, fairly good separation can be found for the forest class using the S1 polarization 

bands, whereas bare soil class separability is noticeable for the S2 bands. Similar to the NDVI 

profiles and radar backscatter (VV, VH) values, vegetation classes yielded low JM distance 

values, indicating that additional features (e.g., spectral indices, GLCM textures) should be used 

for better class differentiation. 

Table 4.4 JM* distance values of each LC class used in this research calculated for S1 (blue 

color) and S2 (green color) sensors. 

ID#  1 2 3 4 5 6 7 8 

1  - 0.56 1.35 0.63 0.07 0.14 0.34 0.25 

2  0.31 - 1.82 0.37 0.28 0.52 0.11 0.20 

3  1.91 1.93 - 1.86 1.36 1.27 1.68 1.59 

4  0.12 0.52 1.96 - 0.30 0.69 0.41 0.49 

5  0.27 0.52 1.99 0.17 - 0.16 0.18 0.14 

6  0.13 0.59 1.97 0.08 0.37 - 0.26 0.16 

7  0.08 0.31 1.96 0.08 0.36 0.06 - 0.05 

8  0.08 0.65 1.96 0.07 0.35 0.04 0.08 - 

* JM values are in the range from 0 to 2, where distance values greater than 1.7 indicate a 

good separability between the LC classes. #The ID represents following classes: 1 = Cropland; 

2 = Forest; 3 = Water; 4 = Built-up; 5 = Bare soil; 6 = Grassland; 7 = Orchard; 8 = Vineyard. 

Since this research used reference data from higher thematic levels of CORINE, LUCAS, and 

LPIS database, the aforementioned eight LC classes were used for different classification 

scenarios and comparison with similar research. According to Dabboor et al. [74], the JM 

distance measure is wide in the case of high-dimensional feature space, mostly when 

hyperspectral imagery is used. In this research, different texture measures were used for 

increasing the class separability, as noted in the research by Klein et al. [75]. 
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4.4.3 Random Forest Hyperparameter Tuning Results 

For optimization of the RF hyperparameters, a grid search approach with k-fold cross-validation 

was performed (Table 4.5), and k was set to 5. Although Cánovas-García and Alonso-Sarría 

[57] mentioned that RF is not very sensitive to its hyperparameters, ntree and mtry values were 

set to 1000 and a one half of the input variables for each classification scenario, respectively. 

A larger number of trees of the forest led to a more stable classification, albeit it can increase 

computational time for vegetation mapping at regional to global scales. 

Table 4.5 The cross-validated grid search relationship between the overall accuracy (%) and 

hyperparameters (mtry and ntree) of the RF classifier. 

  ntree  

  100 500 1000 

mtry 

10 93.85 93.78 93.40 

20 95.51 96.07 96.20 

30 96.30 96.41 96.58 

 

4.4.4 Importance and Selection of S1 and S2 Input Features for Vegetation Mapping 

Before any classification scenario was conducted, the feature selection was performed for SAR 

(i.e., S1) and optical (i.e., S2) time-series data, as well as their ancillary features. As shown in 

Figure 4.4, major improvements in the overall accuracy are perceptible up to 50 features. An 

increase from the aforementioned number of features in the classification model provides a 

negligible improvement in the OA in relation to the computational cost and processing 

requirements. Therefore, one-fourth most important features from the overall number of input 

features available for each classification scenario were used in this research. 

 

Figure 4.4 Mean overall accuracy (OA) for combined S1 and S2 time-series as a function of 

the various number of input features. 
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According to the feature importance approach described in Section 4.3.2.2, Figure 4.5 shows the 

50 first features sorted by the decreasing MDA. Color coding was used, depending on the source 

of the input feature (e.g., S1 or S2 band, derived ancillary features from S1 and S2). The digital 

elevation model (DEM) was the most important input feature for the classification, followed by 

the summer B4 (i.e., Red) S2 band, and winter MSAVI and NDWI S2 indices. Overall, for S1, 

the VH polarization band was the most important feature among the first 50 features, whereas 

GLCM Mean, Variance, and Correlation were the most important features among the nine 

textural features used in this research. The former variable (i.e., VH) is expected to be included 

in the final classification model, since it contains volume scattering information [76], whereas the 

latter GLCM features have already been proven for vegetation mapping [20,41]. 

In terms of S2, B12, B11, and B5 (i.e., SWIR2, SWIR1, and RE1) are the most present S2 

spectral bands. These results coincide with similar research [77], e.g., Abdi [78] where nearly 

half of the input S2 variables belonged to the RE and SWIR bands, included in scenes from 

spring and summer dates. The high importance of the RE1 band could be associated with the 

mapping of different crop types [79], whereas SWIR bands were found to be important for 

mapping the forest class [80]. In the research by Immitzer et al. [81], the aforementioned S2 

bands were most important for tree species and crop type mapping using single-date S2 

imagery. In this research, the spectral indices were represented the most, with 28 of them among 

the 50 input features. NDVI, NDWI, SAVI, and MSAVI were represented the most in the 

classification model within this feature group, whereas NDI45, MCARI, and GNDVI were not 

included at all in the model. This is expected, since vegetation phenology in the time-series can 

be greatly represented with NDVI [82], and other indices provided good separation between 

other LC classes. In terms of the relevance of time periods, the spring dates are the most present 

for features that are connected with the vegetation classes, whereas December appeared to be 

the most important month for discriminating other non-vegetation LC classes. 
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Figure 4.5 S1 and S2 time-series feature importance sorted by the decreasing MDA. Error bars 

indicate 95% confidence intervals. 

The aforementioned feature selection results coincide with similar research. Jin et al. [19] 

evaluated the variable importance of Landsat imagery through MDA and Gini index using RF for 

LC classification. Summer NDVI and NIR band, DEM, GLCM mean, and contrast were the key 

input features for classification, which achieved OA of 88.9%. Abdi [78] classified boreal 

landscape using S2 imagery and RF, support vector machine (SVM), extreme gradient boosting 

(XGB), and deep learning (DL) classifiers. RE and SWIR S2 bands were the most important 

features, and interestingly, none of the spectral indices were ranked highly in his research, 

probably because of the high correlation with the red edge bands. RF achieved an overall accuracy 

of 73.9%. Tavares et al. [77] used S1 and S2 data for urban area classification. Red and SWIR S2 

bands were identified as the most significant contributors to the classification, whereas VV and 

GLCM mean were the most important features from S1 and texture features, respectively. The 

authors agree that DEM should be included for major classification enhancements, which was 

done in our research. The integration of S1 and S2 data yielded the highest OA of 91.07% [74]. 

4.4.5 Accuracy Assessment 

Confusion or error matrix [83] was computed for six different classification scenarios in a time-

series (i.e., S1 and S2 alone, S1 with GLCM, S2 with Indices, S1 and S2, and all features 

together). Overall accuracy (OA), quantity disagreement (QD), and allocation disagreement 

(AD) were derived from the confusion matrix (Section 4.3.3). 
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Table 4.6 shows that the highest OA of 91.78% was achieved using combined S1 with S2 

features, whereas classification using only S1 bands yielded the lowest OA of 79.45%. 

Interestingly, classification using all available features achieved lower OA than S1 with S2, 

leading to a conclusion that ancillary S1 and S2 features (i.e., GLCM and spectral indices) 

brought additional noise in the data, leading to a decrease in the classification. On the other 

hand, QD was lower for classification using all features compared to S1 with S2 classification, 

which means that the level of difference in the number of pixels between the reference map 

versus the classified map is different for the classification using all features, but the number of 

misallocated pixels is higher (i.e., more pixels are omitted from a particular LC class). The 

addition of texture features (i.e., GLCM) for S1 and spectral indices for S2 yielded an increase 

of 2.26% and 1.33% of OA, respectively. Similar results were obtained in the research from 

Sun et al. [84], where the RF classifier provided the best crop-type mapping results. 

Classification using S1 and S2 sensors yielded OA of 92%, whereas the index features were 

most dominant in the classification results 

Table 4.6 Mean overall accuracy (OA), quantity, and allocation disagreement (QD and AD) 

calculated from 10 random trials ranked in ascending order of OA. 

Class. Scenario OA (%) QD (%) AD (%) 

S1 79.45 7.31 13.24 

S1 with GLCM 81.71 8.57 9.72 

S2 89.04 2.74 8.22 

S2 with Indices 90.37 1.83 7.80 

All 90.78 1.38 7.84 

S1 with S2 91.78 1.83 6.39 

 

To assess the ability of differentiation between the LC classes, UA and PA values for each 

classification scenario is presented in Figure 4.6. As indicated in Table 4.6, classification using 

S1 features only poorly predicted LC classes, except for the water class (Figure 4.6a), which 

achieved very high UA values in each scenario, irrespective of the sensor used. As seen in Figure 

4.6b, GLCM features improved the classification accuracy in vegetation classes, and similar to 

[85], texture features improved the supervised classification for urban areas. Although S2 and S2 

with Indices (Figure 4.6c,d, respectively) produced similar results in this research, cropland and 

bare soil classes were better differentiated when the spectral indices were used. Therefore, it is 

confirmed that for vegetation mapping, when enough optical imagery is available for the time-

series analysis, it outperforms LC classifications solely using SAR data in many agricultural 

applications. In order to mitigate this obstacle, Holtgrave et al. [86] compared S1 and S2 data and 
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indices for agricultural monitoring. In their study, radar vegetation index (RVI) and VH 

backscatter had the strongest correlation with the spectral indices, whereas the soil more 

influences VV backscatter in general. Therefore, SAR indices need to be investigated for 

vegetation mapping in future research.  

For the best classification scenario (i.e., S1 with S2), forest and water class achieved the highest 

UA values to measure map reliability. From other vegetation LC classes, UA was highest for 

orchard, whereas PA was highest for the vineyard. Cropland was mostly committed to the bare 

soil or orchard class, while bare soil was the most underestimated LC class (i.e., high omission 

error) due to the confusion with the built-up class. In order to reduce the misclassification between 

built-up and bare soil class, built-up indices, such as normalized difference built-up index 

(NDBI), built-up index (BUI), built-up area extraction index (BAEI), etc., should be included in 

the classification [38]. Similar to our research, Jin et al. [19] yielded UA higher than 90% for 

vegetation classes, and the confusion of grassland, forest, and cropland could be associated with 

their accuracy errors. Sonobe et al. [10] investigated the potential of SAR (i.e., S1) and optical 

(i.e., S2) data for crop classification. Accuracy metrics for RF classifier were 95.70%, 2.83%, and 

1.47%, in terms of OA, AD, and QD, respectively. Most of the misclassified fields were below 

200 a, mostly for the grassland and maize class. Overall, the large potential of S1 and S2 data was 

proven for crop mapping, mostly of their high temporal resolution and free of charge availability.  

 

Figure 4.6 Spider chart representing the User’s (UA) and Producer’s accuracy (PA) for each 

LC class in the: (a) S1; (b) S1 with GLCM; (c) S2; (d) S2 with Indices; (e) All; (f) S1 with S2 

classification scenario.  
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Figure 4.7 represents the best supervised pixel-based classification scenario (i.e., S1 with S2) 

using a RF classifier. Water and forest were in good agreement with testing data, whereas some 

bare soil pixels were classified as cropland or orchard. Having added S2 imagery extracted the 

urban area more accurately, including main traffic roads. The confusion of orchards, cropland, 

and bare soil was the main cause of their misclassification errors. Vineyards are located in the 

northwestern part of the study areas and are mostly situated on the slopes of hills. Due to the 

large terrain slopes or SAR shadowing [87], it can be seen in Figure 4.7 that some confusion 

between built-up and vineyards occurred. This effect can be removed with the help of high-

quality DEM or GLCM textural features [88]. 

 

Figure 4.7 Classification map of the Međimurje County produced by RF using S1 with S2 

imagery. 

4.4.6 . Impact of the Reference Dataset on Classification Accuracies 

This research used a hybrid reference dataset derived from CORINE, LUCAS, and LPIS land-

cover datasets, which collect in situ data every six, three, and one year, respectively. The goal of 

the hybrid dataset was to take the best of each representation, where only an agreement is targeted 

[89]. As noted in the research by Baudoux et al. [28], within this approach, two main limitations 

can arise—spatial [31] and semantic consistency [90]. A former limitation was solved using a 

GRID location of the LUCAS sample points since a difference between GRID and GPS locations 

exists [31]. Since the nomenclatures across different LC databases are not standardized, the latter 

limitation was resolved using n- > 1 associations between each class of each nomenclature (as 
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described in Section 4.2.3), which resulted in identifying eight major LC classes. This proved to 

be a good trade-off between the overall classification accuracy and the spectral difference 

between the LC classes since through an analysis of 64 similar research, Van Thinh et al. [91] 

noted that a significant decrease in OA occurs when increasing the number of classes. Moreover, 

variations in the performance of the RF classifier, in terms of OA, could occur due to the 

imbalanced and mislabeled training datasets. The former obstacle could be mitigated using a 

weighted confusion matrix, which provides confidence estimates associated with correctly and 

misclassified instances in the RF classification model [92], whereas the latter obstacle is little 

influenced for low random noise levels up to 25%–30% [93]. This research used a balanced 

training dataset, which, as presented in [92], resulted in the lowest overall error rates for 

classification scenarios.  

In this research, S1 and S2 imagery along with RF classifier were used for vegetation mapping 

on a proposed hybrid reference dataset. Compared to similar research, Dabija et al. [94] compared 

SVM and RF for 14 CORINE classes using multitemporal S2 and Landsat 8 imagery. SVM with 

radial kernel yielded the highest OA, whereas RF achieved OA of 80%. Close et al. [95] used S2 

imagery and the LUCAS reference dataset for LC mapping in Belgium. Single-date and 

multitemporal classifications of five LC classes were tested for different seasons, and RF yielded 

an OA of 88%. In their research, the size of the training samples was also investigated, and the 

highest OA was achieved with approximately 400 sample points of a balanced training dataset. 

Balzter et al. [32] used S1 imagery and RF classifier for mapping CORINE land cover. Additional 

texture features were derived from S1 imagery, and in addition, SRTM was used as an input 

feature for landscape topography. Hybrid CORINE Level 2/3 classification scheme was proposed 

in the research, which reduced 44 LC classes to 27. The highest classification result, in terms of 

OA, of 68.4% was achieved using S1, texture bands, and DEM data. As noted in the review paper 

by Phiri et al. [96], RF and SVM classifiers provide the highest accuracies in the range from 89% 

to 92% for land cover/use mapping using S2 imagery, which was confirmed in our research. 
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4.5 Conclusions 

This research aimed to evaluate the classification accuracy of multi-source time-series data (i.e., 

radar and optical imagery) with a high temporal and spatial resolution for vegetation mapping. 

Sentinel-1 SAR time-series were combined with Sentinel-2 imagery showing that an 

improvement in classification accuracy can be obtained in regard to the results with each sensor 

independently. In this research, Random Forest was used as a classifier for vegetation mapping, 

due to the ability to deal with high-dimensional data through feature importance strategy. The 

aforementioned measure allowed us to use one-fourth of input variables as a trade-off between 

model complexity and overall accuracy. Therefore, in this research, the highest OA of 91.78% 

was achieved using S1 with S2, with a total disagreement of 8.22%. 

For vegetation mapping, the most pertinent features derived from S1 imagery were GLCM 

Mean and Variance, along with the VH polarization band. Considering the spectral indices 

derived from S2 imagery, NDVI, NDWI, SAVI, and MSAVI contained most of the information 

needed for vegetation mapping, along with Red and SWIR S2 spectral bands. Overall, SRTM 

DEM produced major classification enhancement as an input feature for vegetation mapping. 

Within this research, a hybrid classification scheme was derived from European (i.e., LUCAS 

and CORINE) and national (LPIS) land-cover (LC) databases. The results of this study 

demonstrated that the aforementioned approach is well-suited for vegetation mapping using 

Sentinel imagery, which can be applied for large-scale LC classifications. 

Future research should focus on more advanced deep learning techniques (e.g., convolutional 

neural networks), which can exploit relations between pixels and objects on the image. 

Furthermore, these deep learning methods need many training samples, which can be derived 

from the proposed hybrid classification scheme and combined with S1 and S2 time-series 

imagery. 
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Chapter 5  

 

Joint discussion 

 

Area-wide vegetation monitoring provides information of great benefit for different policy 

sectors, such as environmental (removal of air pollutants), social (better health and human well-

being, enhanced tourism and recreation opportunities), adaption and mitigation to climate 

change. Based on the remote sensing (RS) methods, satellite imagery can have different 

applications like environmental development (Gašparović et al. 2018), urban monitoring 

(Huang et al. 2017), forestry management (Dash et al. 2018), hydrology (Corbari et al. 2019), 

etc. At the same time, optical RS is more used for vegetation monitoring than synthetic aperture 

radar (SAR) data since, e.g., vegetation indices, derived from optical imagery, are easily 

approachable and have proven to be suitable for vegetation monitoring (Liu et al. 2019; Weiss 

et al. 2020). Unfortunately, two-thirds of the Earth’s surface is often obscured behind clouds 

throughout the year (Wang et al. 2009). The SAR systems use longer wavelengths of the 

electromagnetic spectrum, allowing cloud penetration and weather independent image 

acquisition (Klemas 2013). Furthermore, SAR systems are active sensors that transmit and 

receive their electromagnetic impulses, allowing operations independent of daylight 

(Tsyganskaya et al. 2018). Therefore, the main objective of this research is to develop a novel 

methodology for vegetation mapping using single-date and multitemporal (MT) SAR imagery.  

To date, more than 15 spaceborne SAR sensors are being operated, and it can indeed be said that 

SAR has entered into a golden age. However, the single-use of SAR imagery for land-cover 

mapping has not been well-researched, partly due to the complexity and diversity of SAR data. 

Usual pre-processing steps of SAR data are radiometric calibration, terrain correction due to 

the geometric distortions caused by topography, and speckle filtering. Speckle filtering is the 

most crucial component of SAR image pre-processing since speckling degrades the quality of 

the radar imagery (Fig. A2.1-A2.3). Therefore, various techniques (e.g., multi-look processing, 

spatial filtering) have been developed for speckle reduction. Several adaptive speckle filters 

have been compared in the research from de Leeuw and de Carvalho (2009) and Anand et al. 

(2018). Former research investigated eight different adaptive speckle filters, whereas the latter 
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research used six filters for speckle reduction. Both researchers agree that the performances of 

used filters in the region of the homogeneous area tend to increase with respect to the filter 

window size. 

Nevertheless, by using various adaptive speckle filters, the salt-and-pepper effect is reduced 

compared to the vegetation mapping using only VV, VH backscatter values (Fig. A2.1-A2.3), 

and some land-cover classes (e.g., built-up, bare soil) are grouped into thematic meaning. UA 

and PA metrics (Fig. 2.4, Fig. 2.5, and Fig. 2.6) prove that spatial filters improved the 

classification of the land-cover classes, especially forest, low vegetation, and bare soil class. It 

should also be noted that although spatial domain filters proved to be effective in removing 

speckle from images under specific local conditions, their performance is highly constrained 

on the choice of the moving window (Lattari et al. 2019). Table 2.3 shows that the Lee filter 

with a window size of 5×5 can effectively be used for green infrastructure mapping in urban 

areas using SAR data. Furthermore, including texture information from the grey-level co-

occurrence matrix (GLCM) can produce new images by using additional spatial information 

and different land-cover classes, which improves the classification accuracy. Introduced by 

Haralick et al. (1973), who defined fourteen various texture features, from which Contrast, 

Dissimilarity, Entropy, and GLCM Variance are commonly associated with visual edges of LC 

patches, whereas homogeneity, GLCM Mean, GLCM Correlation, and ASM are associated 

with patch interiors (Hall-Beyer 2017). As shown in Fig. 2.3, GLCM Mean and GLCM 

Variance were chosen as input texture features for vegetation mapping. In terms of OA, 

classification with GLCM texture bands (Table 2.3) increased 19.38% from the classification 

with VV and VH bands. The supervised classification results with texture features were superior 

to the results without textures in two main aspects: higher accuracy and less noise. Also, the 

GLCM texture analysis derived from the S1 SAR imagery achieved the best statistical 

classification results for the agriculture crop classification at an object-level approach 

(Caballero et al. 2020). Additionally, the performance of machine learning classifiers was 

analyzed for green infrastructure mapping (Table 2.3). The SVM method outperformed the RF 

and XGB methods for the supervised classification, although the highest computational time 

was needed for the SVM, whereas XGB performed the fastest. These results confirmed that 

SVM had been found capable of handling small training samples to produce map accuracies 

higher than those of traditional classifiers (Mansaray et al. 2019). RF provides a significant 

trade-off between accuracy and processing time needed for the classification of SAR imagery 

(Dong et al. 2018), whereas XGB needs to be optimized around a smaller number of trees, i.e., 
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it is recommended that the studies take into account computational burden and training data 

limitations (Georganos et al. 2018a). Therefore, this research confirmed the performance of the 

above-mentioned classifiers for vegetation mapping based on similar research using single-date 

SAR imagery. 

The second analysis was focused on vegetation mapping in urban areas across Europe using 

multitemporal (MT) S1 imagery. In general, as shown in Figure 3.1, MT SAR data has not been 

equally investigated compared to the optical satellite data. Moreover, for vegetation mapping, 

MT classification provides better results than single-date acquisitions within sub-optimal 

temporal windows (Vuolo et al. 2018). Also, using five or six dates for vegetation mapping 

using MT SAR imagery provides an optimal compromise between cost and pertinent 

information (Chust et al. 2004). Besides using suggested pre-processing steps of SAR data from 

the first research, the MT speckle filtering approach developed by Quegan and Yu (2001) was 

also tested in an experimental part of the second research. The MT speckle filtering applies a 

weighted average of the selected speckle filter across all time-series images while preserving 

the local mean backscatter in each scene. Depending on the classification task by using SAR 

imagery, some research (Mermoz et al. 2014) used MT speckle filtering in order to preserve 

spatial resolution and the fine structure for small agricultural fields, whereas this research and 

e.g., (Maghsoudi et al. 2012), applied a single pass of a spatial filter to each scene since the 

difference in classification accuracy was negligible. In order to compare the classification 

performance using the MT SAR imagery, single-date image classification was also made in the 

second research (Table 3.3, Figure 3.3, and Figure 3.5). Similar to the results obtained in the 

first research, the OA significantly increased with speckle filtering using single-date imagery 

(i.e., mean difference of 19.31% for all ML methods used in research – Figure 3.5). Also, in the 

single-date image analysis, the SVM classifier achieved higher accuracy results than other 

classifiers (Table 3.3 and Figure 3.3). But when additional temporal information was introduced 

(i.e., three and five S1 imagery across three different study areas), MLP outperformed other 

classifiers. Liao et al. (2020) proposed a one-dimensional CNN and compared it with deep 

learning methods (i.e., MLP and recurrent neural network) and non-deep learning methods (i.e., 

RF, SVM, and XGB). Their proposed method obtained similar results as MLP in classification 

scenarios with a large number of input features, whereas MLP outperformed other classifiers 

in terms of execution time. 

Furthermore, in order to assess the ability of differentiation between land-cover classes, UA 

and PA (Table 3.4) and F1 and FoM measures (Table 3.3) were reported in the second research. 



Chapter 5 

120 

 

As expected, significant omission and commission errors occurred in the VV_VH classification 

scenario due to the speckle noise. The errors were partly reduced by using Lee filter with a 5 x 

5 (Lee5) moving window (i.e., VV_VH_SPK classification scenario), which also showed the 

best performance for speckle reduction in the first research. After speckle filtering with the 

Lee5 filter, SVM obtained the highest UA and PA values for forest and low vegetation class. 

When additional temporal S1 features were combined, the UA and PA values increased for 

individual LC classes. In the MT classification scenarios, the forest and low vegetation class 

achieved the highest UA and PA values using the MLP classifier, and their values exceeded 

90%. Furthermore, Figure 3.4 shows the normalized confusion matrix computed using various 

ML methods for single-date and MT classification scenarios. This visualization shows UA 

metrics on the main diagonal (i.e., how well the classified map represents what is really on the 

ground), whereas off-diagonal elements represent commission error. Overall, irrespective of 

the accuracy metrics used in this research, the MLP method classified the forest and low 

vegetation class over 90% in the MT_5 scenario (i.e., F1 and UA). Surprisingly, an unusual 

misclassification occurred in Prague (Figure 3.6), where many forest areas were classified as a 

water class. As noted in the Introduction, surface parameters, such as roughness, geometric 

shape, and dielectric properties of the target affect the radar backscattering coefficient. Since 

rainfall events occurred during image acquisition periods, a change in moisture content 

provoked a significant change in the dielectric properties of natural materials. Thus, increasing 

moisture is associated with increased radar reflectivity. Additionally, by evaluating various 

classification performance metrics of different ML methods for vegetation mapping, SVM 

produced the highest classification accuracy in the single-date image analysis. In contrast, MLP 

yielded the best accuracy in MT classification scenarios. Overall, by using three and five S1 

imagery, classification accuracies increased by 49% and 58% compared to the single-date SAR 

image analysis, respectively.  

Since the first and second research investigated single-date and multitemporal SAR data for 

vegetation mapping, respectively, the third research used both SAR (i.e., S1) and optical (i.e., 

S2) remote sensing data in order to assess the potential of their complementary use. Former 

research generally increased vegetation mapping accuracy by integrating both data types 

(Kussul et al. 2018; Orynbaikyzy et al. 2020; Chakhar et al. 2021). Still, the joint use of both 

sensors for intra-year vegetation monitoring was not attempted (Schuster et al. 2015). 

Therefore, it was interesting to investigate how to integrate radar and optical time-series data 

for vegetation mapping. Furthermore, ancillary data, such as texture features and spectral 
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indices from S1 and S2, respectively, as well as digital elevation model (DEM) were included 

in different classification scenarios, and their feature importance using Random Forest (RF) for 

vegetation mapping was investigated. A RF classifier provides feature importance during the 

model training, based on the following indices: Mean Decrease Accuracy (MDA) and Mean 

Decrease Gini (MDG). Many research argue whether to use the former feature importance 

measure for classification tasks (Immitzer et al. 2012; Georganos et al. 2018b) or the latter 

(Calle and Urrea 2011; Numbisi et al. 2019). In this research, MDA was chosen for feature 

selection (FS) since most studies use MDA for pixel-based classification tasks, as Belgiu and 

Drăgut (2016) reported. Additionally, a hybrid reference dataset derived from CORINE, 

LUCAS, and LPIS land-cover datasets was proposed since the overall accuracy of the classified 

image depends on the quality, quantity, and semantic distribution of the reference data 

(Weigand et al. 2020). 

In the pre-processing phase of the research, the analysis of potentially separable LC classes was 

conducted using the time-series of optical NDVI values and radar polarization bands (Figure 

4.2 and Figure 4.3). For LC mapping, the seasonal pattern of some vegetation classes provides 

the foundation for vegetation mapping through time-series of RS data (Forkel et al. 2013). On 

the other hand, the backscatter signal is affected by soil moisture, surface roughness, and terrain 

topography, and therefore VV and VH backscatter values have different sensitivity to 

vegetation dynamics (Vreugdenhil et al. 2018). Furthermore, since MT analysis of radar and 

optical data creates a high-dimensional input dataset, feature selection was made as a function 

of the various number of input features (Figure 4.4). Since improvements above 50 input feature 

provided minor improvement in terms of OA, each classification scenario used one-fourth of 

the overall number of input features. For S1, the VH polarization band was the most important 

feature for vegetation mapping. Thus, regarding the polarisation effect by using S1 imagery, 

VH backscatter is more sensitive to volume scattering, whereas VV backscatter is more 

sensitive to surface scattering. However, if the double-bounce scattering effect exists, it can be 

reduced by using the VH/VV ratio (Veloso et al. 2017). Among the textural features used in the 

third research, GLCM Variance, Mean, and Correlation were the most important features for 

vegetation mapping. As noted in the research by Hall-Beyer (2017), GLCM Variance is 

commonly used for detecting edges of LC patches (e.g., agricultural plots), whereas GLCM 

Mean and Correlation are associated with patch interior.  

In the research, the highest OA of 91.78% was achieved using combined S1 with S2 features, 

and using only S1 features for vegetation mapping yielded the lowest OA of 79.45%. 
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Furthermore, the addition of texture features provided an increase of 2.26% in terms of OA 

(Table 4.6). As shown in Figure 4.6, forest and orchards achieved the highest UA, whereas PA 

was the highest for the vineyard. Lower UA values were committed for cropland, and its 

complementary measure (i.e., commission error) indicated that misclassification happened with 

the bare soil or orchard class (Figure 4.7). Most of the misclassification could be associated 

with the accuracy errors of the reference dataset (Jin et al. 2018) or due to the smaller extent of 

the agricultural plots (Sonobe et al. 2017). A former limitation was solved using a GRID 

location of the LUCAS sample point data (Weigand et al. 2020). In their research, choosing 

GRID locations accounted for a 3.7% gain in classification accuracy on average. In the research, 

a hybrid classification scheme was derived from European (i.e., LUCAS and CORINE) and 

national (LPIS) land-cover (LC) databases. The spatial limitation of the reference dataset was 

solved using a GRID location, whereas the nomenclature across different LC databases was 

harmonized (Table 4.3) according to the n → 1 relation described in the research from Baudoux 

et al. (2021). This study demonstrated that the approach mentioned above is well-suited for 

vegetation mapping using Sentinel imagery, which can be applied for large-scale LC 

classifications. 

Within this doctoral dissertation, a joint scientific contribution is demonstrated as a workflow 

for vegetation mapping of C-band SAR imagery (i.e., Sentinel-1). The proposed approach 

combines different preprocessing steps of single-date and multitemporal SAR imagery, SAR 

image classification, and machine-learning procedures. Additionally, joint use of high temporal 

resolution SAR and optical (i.e., Sentinel-2) image time series data were evaluated for 

vegetation mapping. Therefore, the proposed workflow can be replicated for other SAR images 

with different acquisition modes or other types of land-cover domains. 

 



Chapter 6 

123 

 

Chapter 6  

 

Conclusion 

 

This dissertation aimed to evaluate different pre-processing techniques and methods of 

synthetic aperture radar (SAR) imagery and various machine learning methods to increase the 

overall accuracy of the vegetation mapping. For vegetation mapping, optical satellite imagery 

is generally more used in scientific research than SAR imagery due to historical reasons (e.g., 

availability of optical versus SAR imagery) and owing to the pre-processing of the data. The 

research investigated and developed a methodological solution for the classification of SAR 

imagery. In particular, several issues associated with different steps in the processing chain 

were addressed (i.e., speckle filtering, classification techniques, accuracy assessment). The 

research findings and conclusion are summarized in this chapter regarding the research 

objectives described in Section 1.5. Based on the results of this doctoral dissertation, the 

following conclusions and answers to the hypotheses can be made. 

• Radar satellite imagery can be used for vegetation mapping 

The first research hypothesis is addressed in Chapter 2 and Chapter 3, where single-date and 

multitemporal (MT) Sentinel-1 (S1) imagery were used as the data input for vegetation mapping 

using various machine learning methods. Since the single-use of SAR imagery has not been 

well-researched, partly as a result of the complexity, diversity, and availability of SAR data, 

and partly due to difficulties in data interpretation associated with, e.g., speckle noise, Paper A 

investigated evaluate how classification results change for S1 imagery during the classification 

of green infrastructure in urban areas on original vertical-vertical (VV), vertical-horizontal 

(VH) bands, speckled bands with different spatial filters, and GLCM texture features added to 

speckled image bands. This research confirmed that using SPK (Lee5) and GLCM texture 

features (Mean and Variance) in urban areas is essential to modern urban planning and 

management, especially in combination with SVM classifier. Furthermore, Paper B 

investigated the vegetation mapping in urban areas using MT C-band SAR imagery (i.e., S1 

data). By using three and five S1 imagery for classification, the F1 measure for forest and low 
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vegetation land-cover class exceeded 90%. This confirms the first research hypothesis of this 

doctoral thesis.  

• It is possible to increase the vegetation mapping accuracy by applying different 

adaptive spatial filters and textural features 

The second research hypothesis is addressed in Chapter 2 and Chapter 4, which investigated 

various adaptive spatial filters with different moving windows and used different statistical 

texture measures calculated from the grey-level co-occurrence matrix (GLCM), respectively. 

Speckle filtering is the most crucial component of SAR image pre-processing since speckling 

degrades the quality of the radar imagery. In this research, the Lee filter with window size 5 x 

5 obtained the highest classification results for speckle filtering. Many filters have been 

developed based on the Lee filter model, but it is essential to bear in mind that the choice of the 

moving window highly constrains their performance. Furthermore, among many developed 

texture measures for vegetation mapping, GLCM, combined with the original radar image, is 

one of the most reliable methods for improving mapping accuracy. In this research, GLCM 

Variance and GLCM Mean proved to be the most pertinent input features for determining visual 

edged of land-cover patches and patch interiors, respectively. Overall, the supervised 

classification results with texture features were superior to the results without textures in two 

main aspects: higher accuracy and less noise. This confirms the second research hypothesis of 

this doctoral thesis. 

• It is possible to increase the vegetation mapping accuracy using multitemporal 

radar satellite imagery 

The third research hypothesis is addressed in Chapter 3 and Chapter 4, which investigated how 

mapping accuracy of green and forest areas in urban and peri-urban areas improves using time-

series of SAR imagery. Urban vegetation mapping using single-date imagery is often 

inefficient, and dense time-series of SAR imagery (e.g., S1) allows us to capture the 

phenological stages and to discriminate various land-cover classes. In the research, using three 

and five S1 imagery for classification, the F1 measure for forest and low vegetation land-cover 

class exceeded 90%, whereas the overall classification accuracies improved by 49% and 58%, 

compared to single-date image analysis, respectively. Onwards, radar and optical time-series 

data were combined in order to evaluate the classification accuracy for vegetation mapping. S1 

SAR time-series were combined with S2 imagery showing that an improvement in 

classification accuracy can be obtained in regard to the results with each sensor independently. 
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Thus, SAR data can be used as an essential alternative or complementary data source for 

vegetation mapping. This confirms the third research hypothesis of this doctoral thesis. 

 

This thesis illustrated the ability of SAR C-band data for vegetation mapping. Since the S1 

constellation of two polar-orbiting satellites provides a regular and continuous observation 

scenario and data flow, it is perfectly suitable for the techniques discussed in this dissertation, for 

example, pre-processing steps of the S1 data and the use of machine learning methods for 

classification tasks. The proposed methodologies contribute to more effective use of the last 

generation of RS data in many real-world applications related to monitoring and managing 

environmental resources. 

Future research should focus on more advanced deep learning techniques (e.g., convolutional 

neural networks), which can exploit relations between pixels and objects on the image and be 

used for speckle filtering. 
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