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SUMMARY  

 

 
This thesis suggests a new threshold-based hybrid classification approach using the 

superior aspects of pixel- and object-based image analysis to handle the under-

segmentation problem. In the first step of the proposed technique, the image segmentation 

is performed, and the pixel- and object-based classification models are constructed 

through one of the selected machine learning algorithms separately. Secondly, the class 

probabilities of each image object are analyzed to measure the heterogeneity of an image 

object, and a threshold value was selected to determine which segments would be 

considered homogeneous. The highest class probability of the segment is compared with 

the threshold value in the subsequent stage. If this probability value is greater than the 

threshold value, the label of the segment is determined by object-based classification. 

Otherwise, the pixels within the segment are classified instead of classifying the image 

object, and their class labels are assigned by pixel-based image analysis. Finally, the 

results are aggregated to generate the Land Use and Land Cover (LULC) map. The high 

spatial-resolution Unmaned Aerial Vehicle (UAV) and satellite images were employed to 

evaluate the performance of hybrid approach against traditional techniques. The results 

showed that the proposed classification technique statistically and visually outperformed 

to results of traditional pixel- and object-based maps. In addition, when the improvement 

in overall map accuracy reached up to 5% and 2% compared to results of pixel- and object-

based maps of UAV images, respectively, these results were obtained as 4% and 3% using 

satellite image. Furthermore, McNemarôs test results verified that there is a statistically 

significance between the classification results.    

 

 

 

 

 

 

Key Words: Hybrid classification, threshold, object-based, pixel-based, UAV, 

WorldView -2. 
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ÖZET 

 

 
Bu tez kapsamēnda yetersiz bölütleme probleminin çözümü için piksel ve obje 

tabanlē sēnēflandērma tekniklerinin ¿st¿n yºnlerini kullanan yeni bir eĸik deĵeri esaslē 

hibrit sēnēflandērma yaklaĸēmē ºnerilmiĸtir. ¥nerilen tekniĵin ilk adēmēnda, gºr¿nt¿ 

bºl¿tleme iĸlemi ger­ekleĸtirilir ve se­ilen makine ºĵrenmesi algoritmalarēndan biri ile 

piksel ve nesne tabanlē sēnēflandērma modelleri ayrē ayrē oluĸturulur. Ķkinci olarak, bir 

gºr¿nt¿ nesnesinin heterojenliĵini ºl­mek i­in her bir gºr¿nt¿ nesnesinin sēnēf olasēlēklarē 

analiz edilir ve hangi segmentlerin homojen olarak kabul edileceĵini belirlemek i­in bir 

eĸik deĵeri se­ilir. Bir sonraki aĸamada ise segmentin en y¿ksek sēnēf olasēlēĵē, eĸik deĵeri 

ile karĸēlaĸtērēlēr. Bu olasēlēk deĵeri eĸik deĵerinden b¿y¿kse, segmentin etiketi nesne 

tabanlē sēnēflandērma ile belirlenir. Aksi takdirde, ilgili segmentin ­evrelediĵi pikseller, 

piksel tabanlē sēnēflandērma modeli ile tek tek etiketlenir. Finalde iĸlem adēmēnda ise, 

sonuçlar Arazi kullanēmē ve Arazi Örtüsü (AKAÖ) haritasēnē oluĸturmak i­in birleĸtirilir. 

Hibrit yaklaĸēmēn geleneksel tekniklere karĸē performansēnē deĵerlendirmek i­in y¿ksek 

çözünürlüklü Ķnsansēz Hava Aracē (ĶHA) ve uydu gºr¿nt¿leri kullanēlmēĸtēr. Sonuçlar, 

ºnerilen sēnēflandērma tekniĵinin istatistiksel ve gºrsel olarak geleneksel piksel ve nesne 

tabanlē haritalarēn sonu­larēndan daha iyi performansa sahip olduĵunu göstermiĸtir. 

Ayrēca genel harita doĵruluĵundaki iyileĸme ĶHA gºr¿nt¿s¿n¿n piksel ve nesne tabanlē 

harita sonu­larēna kēyasla sērasēyla %5 ve %2'ye ulaĸtēĵēnda, uydu gºr¿nt¿s¿ i­in bu 

sonu­lar %4 ve %3 olarak elde edilmiĸtir. Dahasē, McNmearôs test sonu­larēna gºre elde 

edilen sēnēflandērma sonu­larē arasēnda istatistiksel olarak anlamlē bir fark olduĵu 

gºr¿lm¿ĸt¿r 

 

 

 

 

 

 

Anahtar Kelimeler: Hibrit Sēnēflandērma, Eĸik, Nesne Tabanlē, Piksel Tabanlē, 

ĶHA, WorldView-2.  
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1. INTRODUCTION  
 

Land use and land cover (LULC) information representing the spatial and 

geographical distributions of artificial and natural objects on the Earthôs surface plays a 

crucial role in numerous investigations such as environmental management and planning. 

Since remote sensing technology provides excellent advantages in the gathering  LULC 

information on a global and local scale, satellite and aerial images have been employed as 

a primary data source [Iizuka et al., 2018], [Shukla and Jain, 2020], [Pandey et al., 2021], 

[Nasiri et al., 2022]. Determining LULC types through image classification is one of the 

most remarkable topics in remote sensing. One of the critical factors in image 

classification is to determine the most appropriate classification technique by taking into 

account the specification of input imagery and the characteristic structures of considered 

study areas. With the launch of the first remote sensing satellite, two classification 

techniques, namely pixel- and object-based image classification, have been widely used 

in the production of land cover maps [Duro et al., 2012], [Salah, 2017], [Piedelobo et al., 

2019]. The main principle of this technique is to determine the class label of each pixel 

based on their spectral specifications. The traditional pixel-based technique has been 

successfully employed in classifying remote sensing data, particularly medium- and low-

resolution images (i.e., Sentinel-2, Landsat, MODIS).  

Since the beginning of the 2000s, it has become possible to monitor earth objects in 

high resolution with the developments in sensor technology. However, there are some 

drawbacks and limitations in classifying the high-resolution images using pixel-based 

image analysis. In other words, since the Earthôs surface objects represent a number of 

small pixels in the high resolution images, classifying each pixel requires more processing 

time and hardware with high quality. In addition, spectral variability (heterogeneity) 

within the image increases with the shrinking of pixel sizes, and this causes the salt and 

pepper effect to be observed in thematic maps [Wu et al., 2016]. To overcome this 

limitation, object-based classification  has been adopted for high-resolution thematic 

mapping [Blaschke et al., 2014]. Object-based classification provides several superiorities 

compared to traditional LULC mapping. For instance, spectrally similar pixels are 

combined into homogeneous image objects, and these objects are considered as the 
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primary unit of the classification process rather than pixels, so reducing the data size of 

the input image allows the classification process to be performed faster and in a shorter 

time. In addition, the usage of image objects permits the production of smoother LULC 

maps by minimizing the occurrence of salt pepper noises as well as the definition of the 

spatial variables together with spectral features to enhance classification accuracy 

[Blaschke et al., 2000], [Kete et al., 2019]. The most important factor affecting the success 

of object-based classification is the size of the generated segments. Since high-resolution 

images contain many land objects having different spectral and spatial properties and only 

one scale parameter value is defined for the whole image in the segmentation process, it 

is challenging to generate segments in an ideal size for each Earthôs surface object [Yang 

et al., 2015]. In other words, when smaller segments are generated than the corresponding 

real-Earth objects (over-segmentation), it causes more data to be processed by the 

classification algorithm and, therefore more time consumed. However, it can handle this 

problem by employing state-of-art classification algorithms based on artificial intelligence 

with robust and effective performance. On the other hand, when the boundaries of the 

generated segment are larger than the target object (under-segmentation), different land 

cover classes are represented in this segment, resulting in a loss of detail in thematic map 

generation (Chen et al., 2018). Therefore, the accuracy and effectiveness of the thematic 

map affected by under-segmentation will decrease [Liu and Xia, 2010]. Hybrid 

classification approaches have been suggested in the limited number of research that uses 

the superiorities of pixel- and object-based classification techniques to handle the problem 

of object-based image classification mentioned above.  

Three main strategies, such as i) finest class combining rules, ii) majority rule and 

iii) expert experience/knowledge have been adopted in the implementation of hybrid 

classification. The fundamental principle of the first strategy is to classify input image 

with pixel- and object-based techniques separately. Then, the most accurate result from 

either the object-based or pixel-based map is chosen for each class, and these chosen 

classes are merged in the hybrid-based classification map [Wang et al., 2004], [Aguirre-

Gutiérrez et al., 2012]. On the other hand, in the research which employs the majority rule, 

the pixel- and object-based classification are carried out in the first step, and the class label 

with the majority votes from the pixel-based classification results within the image object 
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is assigned to this segment as a label [Li et al., 2013], [Costa et al., 2014]. The hybrid 

classification technique, which considers the last strategy, is performed by defining 

detailed decision rules to detect the LULC class labels of image objects based on expert 

knowledge [Gonçalves et al., 2009], [Malinverni et al., 2011].  

As can be seen from previous studies, pixel-based classification was conducted to 

determine the segment labels using various methods. Although these strategies provide 

higher accuracies, they are ineffective for the under-segmentation problem. For this, direct 

classification of pure image objects and pixel-based classification of objects with high 

heterogeneity by converting to their original pixel values by defining threshold value is 

proposed within the scope of this thesis. 

 

1.1. Aim of Study 

  

Within the scope of this thesis, the applicability of a novel classification approach, 

based on the fusion of object and pixel-based classification techniques, was investigated 

to overcome the under-segmentation problem of the object-based approach and to enhance 

the thematic map accuracy of high-resolution imagery. For this purpose, the main 

objectives of the thesis are given as follows: 

 

¶ Reviewing the pixel-, object- and hybrid-based image classification studies in the 

remote sensing applications to present their advantages and disadvantages, 

¶ Examining hybrid-based classification techniques in the literature and revealing the 

difference with the novel approach proposed in the thesis, 

¶ Performing pixel-based classification process using two high-resolution remotely 

sensed images and ensemble learning algorithms and comparing the mapping 

performances of algorithms,  

¶ Conducting segmentation process utilizing different parameters of multi-resolution 

segmentation (MRS) algorithms and selecting the best results images by analyzing 

results of the five quality metrics for object-based classification of both input, 

¶ Production of thematic maps through the object-based technique for each image using 

three tree-based algorithms and evaluating their results,  
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¶ Implementation of the suggested classification technique by applying three different 

thresholds and assessing the effect of these threshold values on class-based and overall 

accuracies, 

¶ Comparison of the statistical and visual performance of the proposed technique 

against pixel- and object-based results,   

¶ Analysis of the classification performance of ensemble learning algorithms for each 

technique.  

 

As a result, the classification performance of two traditional techniques used in the 

generation of LULC maps will be compared against the results of the hybrid approach and 

will be determined the optimal threshold value of the proposed technique to obtain land 

cover maps with the highest accuracy. 

 

1.2. Methodology 

 

In this thesis, a novel approach based on the fusion of pixel and object-based 

classification techniques by setting threshold values is proposed to increase the accuracy 

of land cover maps of an object-based classification technique and overcome the under-

segmentation drawback. This thesis aims to analyze the performance of the presented 

hybrid-classification technique in high-resolution thematic map production against two 

well-known classification techniques and detect the optimal threshold value for achieving 

the best results. In accordance with this purpose, four main process steps, including i) 

obtaining the input datasets and calculating the auxiliary data before classification, ii) 

classification process employing pixel and object-based techniques and thematic map 

production, iii) implementation of suggested techniques by employing three different 

threshold values, and iv) comparison of results,  were followed throughout as illustrated 

in Figure 1.1.   

In the first step of the thesis, high-resolution multi-spectral unmaned aerial vehicle 

(UAV) and WorldView-2 (WV-2) images were obtained to use as the main input datasets 

in the performance analysis of the hybrid approach against the traditional classification 

techniques. The pre-processing steps of each input dataset were explained by Sefercik et 
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al. [2021] and Colkesen [2015], respectively. Since different LULC types with various 

spectral characters exist (e.g., forestry land, artificial structures, and bare soil) within study 

areas, a number of spectral indices were calculated and stacked with original multi-

spectral bands to increase the separability of LULC classes during classification.  

 

 

 

Figure 1.1: General workflow diagram followed within the scope of the thesis. 
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Per-pixel classification and object-based classification steps constitute the second 

part of the thesis. The mentioned classification processes were effectuated by applying 

state-of-art ensemble learning methods, including random forest (RF), extreme gradient 

boosting (XGBoost), and categorical boosting (CatBoost). Construction of classification 

models was conducted using training datasets, whereas the optimal parameters of each 

classifier were set by employing test data with the help of the Grid Search algorithm to 

obtain the most robust models. It should be noted that training and test datasets of pixel 

and object-based techniques were collected in approximately similar areas on the input 

images to ensure objectivity in comparison and analysis. 

To perform pixel-based classification, training and test samples were collected on 

both images separately. The training dataset was used to build up classification models by 

algorithms, whereas test samples were used to tune hyper-parameters of classifiers 

employing the Grid Search algorithm. The LULC maps were produced using the best 

classification models by RF, XGBoost, and CatBoost ensemble methods. 

The first and fundamental step of object-based classification is the segmentation 

process. The MRS algorithm was utilized in eCognition software to split each high high-

resolution multi-spectral images to meaningful image objects. The creation of image 

objects in the MRS was controlled by three basic parameters (e.g., scale, shape, and 

compactness). Since scale parameter defines the segment sizes, it is considered the most 

significant parameter by researchers for the segmentation process. The determination of 

optimal scale parameters was performed with the Estimation of Scale Parameter-2 (ESP-

2) tool. Various scale parameters were evaluated by chancing shape and compactness 

values to obtain the best segmentation results for each image. The five segmentation 

quality metrics were employed to analyze generated segments and select optimal 

combinations. When the polygons representing land objects existing within the WV-2 

image were acquired from OpenStreetMap online web page to implement quality metrics, 

the boundaries of structures within the UAV image were manually digitized using 

available maps provided by Google Earth Pro. Object features were added to each segment 

as an attribute in the subsequent step. After that, training and test segments were collected 

in appropriate numbers around the images. In the final step of object-based classification, 

thematic maps were produced employing the three ensemble learning algorithms.  
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 The third portion of thesis is the fusion of pixel- and object-based classification 

techniques based on pre-defined threshold value. For this, the most robust classification 

models of each classification approach were utilized to implement the proposed 

techniques. At first, the class probabilities of each segment were calculated. In addition, a 

threshold value was set to evaluate the heterogeneity proportion of the considered 

segment. In other words, it is examined whether the segment was homogeneous based on 

the calculated probability values and a threshold value. When the highest LULC class 

probability value of the segment reached to finer value than threshold, the segment was 

forced into object-based hard classification and the class with the maximum probability is 

assigned to the segment as a label. If the threshold value was higher than each probability 

value of image object, the pixel values were extracted using the spatial information of 

image object and the label of each pixel was determined using pixel-based classification 

model. To create the LULC maps, labels of both techniques were merged. 

In the final stage of the thesis, generated thematic maps were visually and 

statistically analyzed. To perform the accuracy assessment of these maps, a validation data 

set was formed separately from the training and test datasets, and confusion matrixes were 

created according to this data for each LULC map. The producerôs accuracy (PA), userôs 

accuracy (UA), and F-score (FS) values were calculated to carry out a class-based 

comparison and analysis. In addition, LULC map accuracies were evaluated using overall 

accuracy (OA) and Kappa coefficient. Furthermore, the significance of the difference 

between two different thematic map accuracy was compared by McNemarôs test.  
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2. IMAGE CLASSIFICATION IN THE REMOTE 

SENSING 
 

2.1. Image Classification Techniques 

 

Gathering detailed and actual LULC information about structural specifications and 

spatial distributions of real-earth objects is one of the significant issues for local and global 

environmental applications. Remote sensing technology and its actual products have been 

considered an effective and cost-efficient way of obtaining and evaluating such 

information. Although various methods, approaches, and techniques have been suggested 

to extract and interpret geological and structural information at different scales, image 

classification has become a widely utilized image analyses tool in the literature. The main 

principle of classification is to categorize the smallest unit of image, pixel, into user-

predefined LULC classes or clusters based on spectral features of natural and artificial 

Earth objects and produce thematic maps as output. In the classification process using 

pixels as a unit, there are generally two approaches called unsupervised and supervised 

classification. The unsupervised classification relies on the statistical results of the 

histogram distribution of the image. In other words, image pixels are automatically 

clustered or grouped depending on spectral values using particular algorithms (e.g., K-

means and ISODATA) without user intervention or prior knowledge about the study area. 

In the final steps of this approach, each pixel is assigned to spectral classes. The land cover 

objects corresponding to these classes are determined by comparing with topographic 

maps, aerial photographs, and available auxiliary data of regions. On the other hand, in 

the supervised classification, the LULC classes are determined by performing terrestrial 

measurements and evaluating existing data, accordingly, each image unit (e.g., pixel or 

segment) is labelled to mentioned class types. Pixel- and object-based classification 

techniques are extensively utilized in the supervised classification of the evaluated image 

unit. 
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2.1.1. Pixel-Based Classification 

 

Pixel-based classification, a traditional technique, has been commonly utilized to 

extract the LULC information from satellite and UAV imagery. It assumes that each pixel 

is pure and represents only a LULC class. LULC class label of an individual pixel is 

classified by the algorithm based on original spectral band values and their 

transformations (i.e., spectral indices, principal components). A large number of 

supervised classification algorithms categorized as parametric and non-parametric have 

been proposed to perform the traditional per-pixel classification process. The parametric 

algorithms such as nearest neighbour, parallel-box, and maximum likelihood consider the 

results of statistical metrics (i.e., variance, covariance and mean) by supposing that the 

dataset is normally distributed. In contrast, the non-parametric algorithms with more 

complex structures are not based on the statistical variables [Tonbul, 2021].    

The pixel size is one of the key factors which affect the accuracy of the maps 

produced by applying pixel-based classification and the success of the classification 

algorithm. Since the electromagnetic energies emitted from various earth objects 

belonging to different land cover classes in heterogeneous areas are represented by a 

single pixel in the medium and low-resolution images, it leads to the mix-pixel problem. 

To handle this disadvantage, the researcher performs subpixel classification or hybrid 

approaches in the literature. On the other hand, the high-resolution remote sensing 

products increase internal diversity in LULC units and lead to ñsalt-and-pepperò effects 

[Pu et al., 2011]. For this reason, the object-based classification technique, which 

considers the spectral properties of neighbouring pixels, is more preferred in determining 

the land cover classes in these images [Tonbul, 2021]. 

 

2.1.2. Object-Based Classification 

 

Although the advancement in the sensor technology allows monitoring of the 

Earthôs objects with the pixels having smaller sizes than the size of these objects,  it gives 

rise to several drawbacks such as high dimensional imagery with plenty of spatial details 

and require more processing time and hardware with high capacity for the mentioned 
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dataset. To overcome these disadvantages, object-based image classification was 

suggested and has been employed in numerous remote sensing applications by researchers 

due to its superiority compared to the traditional pixel-based method [Baatz et al., 2008], 

[Chen et al., 2018]. As shown in Figure 2.1, the fundamental concepts of object-based 

classification are to aggregate spectrally related pixels into meaningful regions, called 

image segments, and focus on determining the LULC class type of these objects in the 

production of thematic maps in place of pixel-by-pixel classification [Kotaridis and 

Lazaridou, 2021]. In other words,  this technique splits the considered imagery into a large 

number of image objects according to spectral and texture characters of pixels and utilizes 

these objects as the main component for the classification process. One of the remarkable 

advantages of object-based image analyses is that image objects allow for the estimation 

of more informative features such as colour, texture, shape or conditions of neighbouring 

pixels, which can be employed to enhance separate and illustrate the structures of the study 

areas [El-naggar, 2018].   

   

 

 

Figure 2.1: Workflow of object-based classification. 
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The generation of image objects results from the segmentation process, which is 

considered the most significant step of object-based classification. image object can be 

described as adjacent regions in the image representing Earthô surface object of interest. 

The success of this technique depends on selecting the most appropriate segmentation 

approaches and determining its appropriate parameters [Shahabi et al., 2019]. Several 

segmentation algorithms have been developed following two basic strategies, called top-

down and bottom-up. The principle of the top-down strategy is to detect an object in an 

input image and estimate its figure-ground segmentation, and the bottom-up strategy 

utilizes image-based criteria to characterize relevant clusters of pixels that properly belong 

together to the image [Borenstein et al., 2004]. In this thesis, MRS, one of the widely-

utilized bottom-up algorithms, was performed to implement an object-based classification 

technique.   

 

2.1.2.1. Multi -Resolution Segmentation (MRS) 

 

To perform object-based classification, MRS algorithm was applied to high-

resolution imagery due to its more effective boundary detection performance compared to 

existing algorithms (e.g., SLIC, watershed, chessboard) [El-naggar, 2018], [Kavzoglu and 

Tonbul, 2018] and its implementation was conducted in eCognition Developer 9 software 

provided by Trimble. MRS, proposed by Baatz and Schape [2000], aggregates pixels into 

objects based on a bottom-up strategy and region-merging approach [Zhang et al., 2014], 

[Liu et al., 2018]. Based on specific homogeneity/heterogeneity criteria defined by users, 

this algorithm iteratively combines image pixels to larger objects by considering the 

spectral, contextual, and textural specifications of pixels and by weighting spectral bands. 

In other words, each pixel is considered as an individual object at the first step. In the 

subsequent iterations, image pixels are joined to neighbouring objects to form greater 

segments until the homogeneity constraints are achieved. The MRS finalizes the 

segmentation process when the possible compositing is obtained [Darwish et al., 2003]. 

Mentioned criterion aims to increase homogeneity and minimize heterogeneity by 

weighting the color and shape properties of the pixels surrounded by the segment. The 

color homogeneity is controlled by the weighted standard distribution of spectral color 



 12 
 

values, whereas shape homogeneity corresponding to compactness and smoothness, takes 

into account the deviations in the shapes of the objects to define segment [Amini et al., 

2018], [Louw and van Niekerk, 2019]. Consequently, MRS algorithm generates the 

segments from pixels with similar spectral and shape characters. While the greater 

segments represent more homogeneous regions in the spectral image, areas where various 

LULC types densely exist, are assigned to smaller segments.  

Three fundamental parameters (e.g., shape, compactness, and scale) are required to 

split the whole image into smaller objects by MRS. The separability of LULC classes is 

adjusted by shape parameter based on the spectral values of pixels. On the other hand, the 

shape of image segments is related to the compactness parameter. In other words,  the 

smoothness and sharpness of segments are controlled by this parameter value [Tonbul, 

2021]. Both parameter values can be defined between [0,1] intervals. Scale parameter (SP) 

scale adjust the segment size. Since the size of image objects generated by MRS and the 

degree of homogeneity of the pixels that comprise these objects significantly impacted the 

following results of object-based classification, SP is regarded as a critical parameter for 

the segmentation process. Employing a smaller SP value will result in smaller image 

polygons, increasing the time required for the classification process. Johnson [2013] 

underlined that features derived from the shape and geometry of segments would show 

inferior performance on the classification results compared to the information obtained 

from pixel values. On the other hand, using a higher SP value results in larger image 

objects containing more pixels. The production of  a large-sized segment than its 

corresponding real earth object results in the representation of these earth objects having 

different spectral information and signature by a single segment. In other words, the 

increasing heterogeneity within an image object depends on its great size area and 

boundaries [El-naggar, 2018].    
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Figure 2.2: Segmentation process using different scale parameters. 

 

In order to show the effect of changes in SP when shape and compactness values 

are fixed, the UAV image was split into polygons by applying four different SP values 

from 25 to 100 with increments of 25, and the resulting segmentations were presented in 

Figure 2.2.With the use of larger SP values, the created segment sizes have grown to cover 

many pixels, while the number of segments representing the whole image has 

decreased.As can be seen from objects corresponding to vegetation and shadow land cover 

types, when the boundaries of these objects can be more accurately determined using 

lower SP, the higher SP leads to a decrease in the homogeneity of the created object. 

Consequently, selecting the best SP to determine the LULC class type of objects is one of 

the most fundamental problems in the classification of remote sensing images with object-

based techniques. The trial and error method and visual interpretation have been applied 

as alternative methods to choose the appropriate MRS parameters by researchers [Yu et 

al., 2006], [Mathieu et al., 2007], [Dingle Robertson and King, 2011]. However, it is time-

consuming and requires more labor [Witharana and Civco, 2014]. In order to handle this 
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problem, a wide number of supervised approaches [Carleer et al., 2005], [Möller et al., 

2007], [Neubert et al., 2008], [Polak et al., 2009] and unsupervised approaches [Espindola 

et al., 2006], [DrׅguŞ et al., 2010; 2014], [Martha et al., 2011] have been suggested in the 

literature. The ESP-2 has become one of the mostly-utilized algorithms for determination 

of optimal SP [Yao and Wang, 2019], [Karantanellis et al., 2021].   

 

2.1.2.2. Estimation of Scale Parameter-2 (ESP-2) 

 

Although various methods have been presented and implemented to estimate the 

suitable SP value, there was no operational tool to signify SP selection in the literature 

[Kavzoglu et al., 2016]. An unsupervised method, ESP, was developed by DrׅguŞ et al. 

[2010] based on a single spectral band to overcome this problem. The ESP-2 tool was 

suggested as an enhanced version of the ESP tool using Cognition Network Language 

(CNL) in eCognition Developer software by DrŁguŞ et al. [2014] to evaluate multispectral 

imagery. The main principle of ESP-2 is to iteratively divide image to segments 

considering fixed user-defined SP increments at three different levels (i.e., fine, moderate, 

and board) by calculating the local variance (LV). LV represents the average standard 

deviation of image objects for each scale level generated by MRS. In other words, 

variation in heterogeneity for segments are evaluated with LV. ESP-2 ends up the iteration 

when calculated  LV is equal or lower value in the current iteration than LV value in the 

previous iteration [Kavzoglu et al., 2017], [Lu et al., 2018] and produces a curve graph 

indicating the rate of chance in LV (RoC-LV) formulated in equation (2.1). DrׅguŞ et al. 

[2010] state that the earliest peak value of the RoC-LV curve can be considered optimal 

SP of MRS.  
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In the equation 2.1, when 
( )LLV denotes the LV at target level, ( )L 1
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is LV value 

at earlier level. 
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2.1.2.3. Segmentation Quality Assessment 

 

Since the quality of objects derived from image segmentation process will directly 

affect the interpretation of the subsequent processing steps of object-based image analysis 

(e.g., classification of segments and accuracy assessment of maps), the analysis of 

geometric relationship between segments and their corresponding object on real-earth is 

one of the vital factors in object-based image analysis applications [Helingjie et al., 2017]. 

To estimate the goodness of image segments, various quality metrics have been 

formulated and considered by researchers [Clinton et al., 2010], [Zhang et al., 2015]. The 

primary purpose of these metrics is to compare the created segments with reference 

polygon representing a real-word object and to define the under-segmentation (the 

segment is greater than the reference polygon) and over-segmentation (the segment is 

smaller than the reference polygon) as shown in Figure 2.3. However, no universally 

accepted approach or metric is available to evaluate the segmentation goodness in the 

literature due to concerns about remote sensing imagery with different specifications and 

characteristic features of their corresponding study areas  [Wang et al., 2010], [Kuffer et 

al., 2014].  

 

 

 

Figure 2.3: Geometric relationship between created segment and reference object. 
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In this thesis, five widely-employed  quality metrics such as Area Fit Index (AFI), 

Quality Rate (Qr), Over Segmentation (OSeg), Under Segmentation (USeg) and Root 

Mean Square (D) were utilized for evaluating segments generated by MRS. The AFI 

computes the overlap degree between the reference object and its corresponding segments, 

whereas Qr refers to the overlap area based on over-segmentation and under-segmentation 

values. On the other hand, USeg and OSeg are observed when the segments are greater 

and smaller than reference objects, respectively. To analyse the closeness for ideal 

matching of segment and reference object, USeg and OSeg are combined in the formula 

of D. The values of each metric are in the range [0,1]. When values close to 0 indicate that 

the best segmentation result is obtained for about all metrics except for Qr, this is true if 

Qr value is close to 1. The equations of all metrics were illustrated in Table 2.1. It should 

be note that when 
XiA  represents the sum area of reference objects, 

YiA shows the sum 

area of corresponding generated segments.  

 

Table 2.1: The formulas of quality metrics considered in this thesis. 

 

Quality Metric Formula Reference 

Area Fit Index 
Xi Yi

Xi

A A
AFI

A

-
=  Lucieer and Stein [2002] 

Quality Rate 
Xi Yi

r

Xi Yi

A A
Q

A A

Æ
=

Ç
 Winter [2000] 

Over Segmentation 
Xi Yi

Xi

A A
OSeg 1

A

Æ
= -  Clinton et al. [2010] 

Under Segmentation 
Xi Yi

Yi

A A
USeg 1

A

Æ
= -  Clinton et al. [2010] 

Root Mean Square 
2 2OSeg USeg

D
2

+
=  Levine and Nazif [1985] 

 

2.1.3. Proposed Hybrid  Classification Technique 

 

A novel hybrid classification strategy was presented in this thesis to overcome the 

problem of generating larger segment sizes representing target earth objects (under-
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segmentation) by fusing the pixel- and object-based classification results. The proposed 

approach consists of four basic process steps, as shown in Figure 2.4 representing the 

general workflow of hybrid classification. The optimal segmentation result for the 

considered input image is obtained in the first step. Then, the classification models with 

the best prediction performance are constructed by the parameter optimization algorithm 

for pixel-by-pixel and object-based image classification separately.  

The second step focuses on the calculation of possibilities of LULC class occurrence 

of each segment based on the soft classification process. For this, the probabilities of each 

segment belonging to the pre-defined LULC classes are  calculated employing object-

based classification model. These probability values were provided in the 0-1 interval. 

These values are stretched between 0-100 to show the obtained results as a percentage. In 

addition, a threshold value is set considering the specification of remote sensing image, 

the characteristic structure of study area and the spectral and spatial properties of 

concerning LULC classes in order to determine the heterogeneous proportion of each 

segment.  

The third process step is the questioning of the heterogeneity of each segment and 

the decision-making stage. In this step, if the highest class probability value of the relevant 

segment is equal to or greater than the specified threshold value, the considered segment 

is assumed to be pure (homogeneous), and the class with the greatest probability value is 

assigned as the label to concerning segment. On the other hand, when the estimated 

highest probability value is less than the threshold value, it is presumed that this segment 

is generated at a larger size than the corresponding land object area (i.e., image object 

exposed to under-segmentation) and therefore, it contains different land cover classes. At 

this point, the pixel values in the original image are extracted using the location of the 

heterogeneous segment, and it is focused on finding the labels of the LULC classes within 

this area by the hard classification model constructed for the pixel classification. In the 

last step of the proposed approach, the results of pixel- and -based classification are 

merged to produce the final land cover map.  

 



 18 
 

 

 

Figure 2.4: General workflow of proposed technique. 

 

To explain the hybrid approach by giving an example, assume that three different 

LULC classes, namely forest, shadow, and tile-roof, are detected on the satellite image, 
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as shown in Figure 2.4. Firstly, the segmentation process is performed using a particular 

segmentation algorithm (e.g., MRS). Training pixel and segment samples are selected to 

construct classification models for pixel- and object-based image classification, 

respectively. The parameters of the considered classifier should be tuned to achieve robust 

and effective classification performance. In the subsequent stage, the LULC class 

probabilities of each segment are predicted. As seen in the figure, the highest class 

occurrence possibilities of top, middle and bottom segments were calculated as 83%, 67%, 

and 97%, respectively. In addition, the 80% threshold value was set for this image. Since 

the highest probability values of top and bottom segments are greater than the threshold, 

these segments are regarded as homogeneous and consequently labelled as forest and tile-

roof, respectively. On the other hand, when the highest class probability value of the 

middle segment is lower than the given threshold value, it is assumed that under-

segmentation occurred for the segment and it is labelled as a heterogeneous segment. In 

this case,  the pixels within the heterogeneous segment are extracted and their class labels 

were predicted by the pre-constructed pixel-based classification model. In the final step, 

the results of pixel- and object-based classifications are fused to produce the final thematic 

map.  

 

2.2. Ensemble Learning Algorithms 

 

The previous studies verified that the utilization of the multiple classification 

algorithms in place of individual weak classifiers generally provides more effective 

statistical and visual classification results [Sagi and Rokach, 2018], [Shi et al., 2021], 

[Colkesen and Ozturk, 2022]. The ensemble learning algorithms combine several weak 

learners (e.g., decision trees) to perform classif ication and regression task. The 

fundamental theory of these algorithms is to construct ensemble forest using multiple 

decision trees and determine the class labels of unknown pixels by considering the 

prediction result of each decision tree in the forest [Pal, 2007]. The various ensemble 

learning algorithms such as Adaptive Boosting (AdaBoost) and RF have been successfully 

applied in the literature. With the improvements in the machine learning paradigm, the 

more robust and effective classification algorithms, including XGBoost, canonical 
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correlation forest (CCF), light gradient boosting machine (LightGBM), and categorical 

boosting (CatBoost) have been proposed and applied in the many remote sensing 

applications [Xia et al., 2017], [Jozdani et al., 2019], [McCarty et al., 2020], [Ozturk and 

Colkesen, 2021b]. In this thesis, RF, XGBoost and CatBoost algorithms were utilized to 

conduct comparative evaluations for the pixel- and object-based image analysis.              

 

2.2.1. Random Forest (RF) 

 

RF is one of the most prominent decision tree-based ensemble learning algorithms 

developed by [Breiman, 2001] for solving regression and classification problems. It has 

been widely considered in remote sensing applications due to its simplicity, strongness, 

effectiveness, and speed performance [Du et al., 2015], [Shihab et al., 2020], [Talukdar et 

al., 2020]. In the ensemble defined as a decision forest, the RF algorithm generates several 

individual decision trees. The original training dataset is randomly divided into two 

subsets: in-bag samples (about 2/3 of the input samples)and out-of-bag samples (about 1/3 

of the input samples While the first is used for constructing a decision tree model in the 

forest, the second is used to test the accuracy of the resulting model [Colkesen, 2015]. In 

other words, the decision tree structure with the most accurate result and will be used in 

the classification process is determined using out-of-bag error. After that, each image pixel 

is passed through this structure and gets a label vote from each tree.  Based on the majority 

voting rule, the votes received are aggregated for the final prediction, and the class with 

the highest vote value represents the class label of that pixel. 

The overall performance of RF is mainly controlled by two user-defined parameters 

(i.e., ntree and mtry). While it grows the decision trees with low bias and high variance 

up to the number of trees (ntree) without pruning, the number of randomly selected 

variables to determine the most suitable split at each node is controlled by the mtry 

parameter [Sheykhmousa et al., 2020]. The previous studies indicated that the mtry 

parameter has a more significant effect on classification accuracy than ntree. Furthermore, 

because it is not affected by overfitting, it supports a large number of trees to construct 

the model [Ghosh et al., 2014], [Belgiu and DrŁguŞ, 2016].  
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2.2.2. Extreme Gradient Boosting (XGBoost) 

 

The XGBoost, one of the advanced ensemble learning algorithms based on gradient 

boosting principles, is presented by [Chen and Guestrin, 2016] as an enhanced version of 

the gradient boosting decision tree (GBRT) [Li et al., 2021]. The main idea of XGBoost 

is that it additively constructs tree structure and focuses on the convert weak classifier of 

the previous model to the stronger learner in the current iteration  [Gaġparoviĺ and 

Dobriniĺ, 2020]. In other words, the first iteration begins by giving equal weight to each 

training data sample, and class labels of samples are estimated. In the next iteration, the 

weights of misclassified samples take higher values due to correct their labels. The final 

XGBoost model combines strong learners [Georganos et al., 2018], [Rumora et al., 2020]. 

The main advantage of XGBoost is that it employs an objective function, including loss 

function and regularization, to generalize model complexity and prevent overfitting 

problems, respectively. Thus, XGBoost provides faster computation time than other 

boosting classifiers [Daoud, 2019], [Abdi, 2020]. Although XGBoost performed the 

classification of remote sensing images with different spectral and spatial resolutions with 

high accuracies in the previous studies [Saini and Ghosh, 2019], [Jafarzadeh et al., 2021], 

[Hamedianfar et al., 2022], the robustness of the model related to selecting the most 

suitable parameter values. When the iteration number is defined by the nround parameter, 

the max_depth is employed to determine the depth of the tree. Step size shrinking is 

implemented using the eta parameter in the update to avoid overfitting. In addition, the 

colsample_bytree represents the subset percentage of columns when generating each tree, 

and the subsample corresponding to the subset percentage of the training instance are other 

main parameters of XGBoost.  

 

2.2.3. Categorical Boosting (CatBoost) 

 

CatBoost is recently released in an open-source library by Yandex as a modification 

of traditional GBRT classifiers. One of the principles difference between CatBoost and 

other GBRT algorithms is to cope with datasets having categorical features with minimum 

information loss using the target statistics method [Huang et al., 2019]. During the training 
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process, the categorical labels are transformed into integer and numerical values, 

respectively [Ozturk and Colkesen, 2021a]. In addition, the random permutations and 

gradients employed to construct optimal tree structures are produced to improve the 

robustness of the model and to deal with overfitting problems [Pham et al., 2021]. The 

tuning of several parameters affects the success of CatBoost model. The determining of 

suitable tuning parameter values of CatBoost by the user will impact the model's 

classification performance. When the maximum depth of decision trees is determined by 

depth parameter, learning_rate parameters control the learning time of trees. The rms 

parameters define the ratio of features to employ at each split selection, whereas the 

number of splits for numerical features is regulated by border_count. In addition, the 

number of decision trees used to build up the model is defined with iteration parameters.   

 

2.3. Accuracy Assessment of Thematic Maps  

 

Accuracy assessment of thematic maps is an essential component of remote sensing 

applications to quantitatively analyze the quality and reliability of outputs [Congalton, 

2001]. In other words, interpreting statistical consistency between classified maps and 

reference data is one of the significant steps of image processing to select appropriate 

classification techniques and models. Accuracy assessment consists of three main steps as 

follow: i) the sampling design employed in the selection of the reference data, ii) the target 

design utilized to produce the LULC maps with sampling elements (i.e., pixels or 

polygons), and iii) estimation errors and uncertainties [Stehman and Czaplewski, 1998], 

[Stehman, 2001]. Establishing a confusion matrix is one of the most suitable ways of 

determining classification errors [Congalton and Green, 1999]. This matrix, a square 

matrix with column and row numbers equal to the LULC class numbers, is used to 

compare the ground reference samples with the predicted classification data on a class-

by-class basis. OA, Kappa coefficient, UA, PA and FS are widely-computed confusion 

matrix based accuracy measures in the literature for analyzing image classification results 

[Foody, 2002], [Myint et al., 2011], [Whiteside et al., 2011].  OA, considered as the 

average of individual class accuracies, is equal to the ratio of correctly classified samples 

to the total number of reference samples. Since OA does not express the effect of 
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classification on individual LULC classes, this measure is inadequate in the sense of 

summarizing the accuracy of LULC classification. Therefore, UA and PA are utilized to 

class-based analysis. UA states the commission error which shows the probability between 

a classified sample and the LULC type on the Earth's surface. On the other hand, PA 

represents the omission error, which estimates how well the LULC type can be classified 

[Rwanga and Ndambuki, 2017]. In addition, FS, computed with the harmonic means PA 

and UA, is used as one of the class-based accuracy measurements. Kappa coefficient is a 

statistical method that measures the reliability of the consistency between the thematic 

map and the reference data. It gets values 0-1 intervals, and higher values correspond to 

greater consistency between reference and generated maps.  

 

 

 

Figure 2.5: The mathematical notation of confusion matrix sample. 
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To explain how accuracy measures mentioned above can be calculated, the 

mathematical notation of the confusion matrix sample was given in Figure 2.5.  As can be 

seen, when column values showing with i corresponds to values of reference data (e.g., 

i= 1,2,..,k), j row values point out the values of a thematic map (e.g., j= 1,2,..,k). In addition, 

k represents the total number of LULC classes, whereas S expresses the total number of 

reference data samples. The diagonal line highlighted with gray color shows the number 

of correctly classified LULC class samples, whereas off-diagonal express misclassified 

elements (i.e., pixel or polygon). 

 

OA, an accuracy between reference and classification datasets,  can be calculated as 

follows:  
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PA is formulated as: 
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Kappa coefficient is defined as follow:  
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In the equations of Kappa, n indicates the sum of pixels in all LULC classes. In 

addition, 
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the sum of values in each row and column of the confusion matrix.   

Since ensemble learning algorithms follow different strategies in constructing the 

classification model, thematic maps result in varying accuracies depending on the 

performance of the classifiers. Various statistical tests (i.e., F-test, t-test, Q-statistic, 

Wilcoxon test) have been considered to evaluate the difference between the greatest 

prediction results estimated from each algorithm. The non-parametric McNemarôs test has 

been evaluated in the literature to determine whether there are statistical differences in the 

classification accuracies [Mahdianpari et al., 2018]. It is computed by 2×2 square matrix 

based on ɢ2 distribution, and its tabular value corresponds to 3.84 at 95% confidence 

interval [Foody, 2004]. When the greatest value than 3.84 indicate that the performance 

of classification algorithms is statistically different, the lower values represent vice-versa. 

The mathematical expression of McNemarôs test is given in formula 2.6. In the formula 

designed for 2×2 square matrix values, n represents the pixel numbers. On the other hand, 

i and j correspond to considered algorithms. When nij  expresses the pixel number correctly 

classified by algorithm i and is misclassified by algorithm j, nji shows the pixel number 

correctly determined by algorithm j and is incorrectly classified by algorithm i.  
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3. STUDY AREA AND DATASETS 
 

The applicability and performance of the proposed classification technique against 

OBIA and traditional pixel-based classification are tested using two high-resolution UAV 

and satellite images with different spatial and spectral resolutions captured over two 

separate regions. The specifications of study areas and datasets considered within this 

thesis's scope were detailed in the following subsections. 

 

3.1. Study Areas  

 

The north-western part of Gebze Technical University (GTU) located in the Gebze 

district of Kocaeli province, Turkey, covering 4 ha (125m×320m) area, was considered 

the first study area (Figure 3.1a). Its borders are surrounded by Istanbul province, 

Cayirova, and Darica districts in the western, northern, and southern parts. The GTU 

campus stands out in the Gebze district, which is recognized as Turkey's industrial 

heartland because it is surrounded by rich green vegetation and various tree species. As 

indicated in the figure, the study area consists of coniferous and deciduous trees, farmland, 

and man-made structures. The seven basic LULC classes were determined to classify this 

region, including bare soil, forest, impervious surface, meadow, shadow, steppe, and tile-

roof. The mapping of the mentioned study area was performed using a multi-spectral UAV 

image by applying three classification approaches.   

The Bayramoglu Peninsula, situated in the Darica district of Kocaeli and covering 

circa 225 ha area, Turkey, is used to appraise the performance of the proposed 

classification technique against widely-used techniques. This island, located in the south 

of Istanbul and with the coast on the Sea of Marmara (Figure 3.1b), is one of the most 

prominent tourist destinations in the Marmara Region.The high spatial resolution WV-2 

image was used as the primary dataset in producing the LULC map of the study area 

through pixel- and object-based image analysis. In order to minimize the misclassification 

errors, spectrally similar classes (i.e., coniferous-deciduous trees and road-gray roof) were 

merged. As a result, the main LULC types of the study area were defined as bare soil, 
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forest, impervious surface, meadow, pool, sea, shadow, steppe, tile-roof, and white surface 

representing cement and ceramic surfaces.  

 

 

 

Figure 3.1: The location of (a) first study area, and (b) second study area.  

 

3.2. Datasets 

 

The high-resolution image captured by DJI Phantom IV Multispectral UAV on 27 

May 2021 was employed to produce LULC map of the first study area by implementing 

three image classification techniques. The UAV derived multispectral image consists of 

five spectral bands in the 0.45 ɛm (blue), 0.56 ɛm (green), 0.65 ɛm (red), 0.73 ɛm (red 

edge) and 0.84 ɛm (NIR) central wavelengths. DJI GS PRO software was utilized to carry 

out the flight plan and at the first step of ortho-mosaic production. Before the flight, the 

images of the MAPIR reflectance panel used for spectral calibration were captured with 

UAV. After compass and IMU calibrations, aerial images were acquired at 70 m flight 

altitude with 3 cm ground sampling distance (GSD) value by applying 60% and 80% side 

and forward overlaps, respectively. The processes of images, including dense cloud 

production and filtering, were performed via Agisoft Metashape software. In the last step, 
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ortho mosaic resampled to 5 cm was produced from the filtered point [Sefercik et al., 

2021]. 

The product of WV-2 was considered as the second primary dataset. WV-2 mission, 

devolved by DigitalGlobe, was launched on 8 October 2009 to mineral mapping, spectral 

analysis, LULC planning, and wildlife monitoring at high spatial resolution. It has 

capability to sense the Earthôs surface using 11 bit eight multispectral bands in the spectral 

range of 0.40ï0.45 ɛm (coastal blue), 0.45ï0.51 nm ɛm (blue), 0.51ï0.58 ɛm (green), 

0.59ï0.63 ɛm (yellow), 0.63ï0.69 ɛm (red), 0.71ï0.75 ɛm (red edge), 0.77ï0.80 ɛm 

(NIR-1), and 0.86ï1.04 ɛm (NIR-2) at 2 m spatial resolution. In addition, WV-2 provides 

a panchromatic band with a spectral range of 0.460ï0.800 nm at spatial resolution of 0.5 

m. In this thesis, a high-resolution WV-2 image acquired over Bayramoglu Peninsula on 

7 July 2013 was utilized to assess the performance of the hybrid technique using advanced 

ensemble learning algorithms. The radiometric correction that converts the digital 

numbers of raw images to top-of-atmosphere (TOA) reflectance and geometric corrections 

were completed by [Colkesen, 2015]. In order to enhance the spatial resolution of multi-

spectral bands, spectral images at 2 m spatial resolution were fused to 0.5 m using a 

panchromatic band using the Gram-Schmidt pan-sharpening algorithm.  

 

3.3. Spectral Indices 

 

An index evaluated in remote sensing applications can be defined as the 

mathematical expression of at least two spectral bands. Since spectral indexes can be 

quickly and simply calculated without the need for digital image preprocessing and have 

effects on implementation accuracy, they are considered as one of the valuable tools for 

classification, regression, and feature extraction problems [da Silva et al., 2020], [Ozturk 

and Colkesen, 2021a], [Kaur and Pandey, 2022]. The primary purpose of spectral indexes 

is to emphasize the particular Earthôs surface features and visually highlight the spectrally 

similar pixels values with identical toned colours [Bouhennache et al., 2019]. As the 

launch of the first remote sensing satellite, Landsat, numerous spectral indexes have been 

presented based on various sensor specifications to identify land features such as 

vegetation, soil, water, and impervious surfaces. For instance, when one of the widely-
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used spectral indices, normalized difference vegetation index (NDVI), was developed to 

separate the green vegetation from other land cover types, Soil Adjusted Vegetation Index 

(SAVI), Optimized Soil Adjusted Vegetation Index (OSAVI), and Modified Soil Adjusted 

Vegetation Index (MSAVI) indexes highlighted soil properties. On the other hand, 

numerous indexes have been formulated and applied for water body extractions [Gao, 

1996], [Feyisa et al., 2014], determine the algal blooms on water [Cao et al., 2021], and 

estimate chlorophyll concentration in seas [Mishra and Mishra, 2012]. In addition, the 

delineation of built-up and non-built-up areas and change detection analysis of these 

regions are considerable for effective city management and planning in the face of rapidly 

rising urbanization. Table 3.1 summarizes the spectral indices utilized as an auxiliary 

dataset in thematic maps production from UAV and satellite images using mentioned 

classification techniques. Note that New Built-Up Extraction Index (NBEI) was only 

calculated for the WV-2 dataset because it was formulated using two different bands of 

the WV-2 satellite.   

 

Table 3.1: The formulas of spectral indices used in this thesis. 

 

Index Formula Reference 

NDVI 
NIR Red

NIR Red

l l

l l

-

+
 Tucker [1979] 

MSAVI 
( ) ( )

2

NIR NIR NIR Red2 1 2 1 8

2

l l l l³ + - ³ + - ³ -
 Qi et al. [1994] 

RGI 
RedEdge Green

RedEdge Green

l l

l l

-

+
 

Belgiu and DrׅguŞ 

[2014] 

NBEI 
( ) ( )

( ) ( )

NIR 2 NIR 1 Green RedEdge

NIR 2 NIR 1 Green RedEdge

l l l l

l l l l

- -

- -

+ - +

+ + +
 

Adeyemi et al. 

[2021] 
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4. APPLICATION  
 

4.1. Pixel-Based Image Classification  

 

The supervised pixel -based technique adopts to categorize each pixel into pre-

defined land cover classes considering the spectral values. The creation of training and 

test data, classification process, and thematic map production consists of the main process 

step of pixel-based image classification. This classification technique was applied to two 

high-resolution remote sensing data (e.g., UAV and WV-2 images) to implement the 

proposed approach and compare its performance against object-based and hybrid 

classification results. In addition, spectral indices were calculated and stacked with 

original spectral bands to improve classification results. The performance of pixel and 

hybrid techniques can be affected by the training dataset's quality, the classification 

algorithm to be used, and the selection of suitable hyperparameters for the algorithm. For 

this, the well-known ensemble algorithm, RF, and two state-of-art gradient-boosting-

based ensemble learning methods, namely XGBoost and CatBoost, were employed in this 

thesis. To construct classification models, 28,000 (4,000 for per-class) and 30,000 (3,000 

for per-class) pixels were collected as training dataset for UAV and WV-2 images, 

respectively. On the other hand, the optimization of hyper-parameters of each classifier 

were performed exploiting the 14,000 (2,000 for each class) and 15,000 (1,500 for each 

pixel) as test data for UAV and WV-2. The Grid Search algorithm, widely-used for 

parameter optimization, was applied to test datasets in the open-source R programming, 

and estimated suitable parameter values for pixel-based classification were summarized 

in Table 4.1 for each classifier. The main theory of Grid Search algorithms is to find 

optimal tuning parameter combinations providing the highest accuracy from the various 

combinations of parameters defined in certain intervals. In the last stage of pixel-based 

classification, the LULC maps were produced by the final classification models of each 

ensemble method.  To perform quantitatively analysis of land cover maps of UAV and 

WV-2 images, OA, Kappa coefficient, PA, UA and FS measurements were computed 

using 98,000 (14,000 for per-class) and 110,000 (11,000 for per-class) validation pixels, 
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respectively. It should be noted that training, test and validation samples were selected in 

the different regions of input images. 

 

Table 4.1: Hyperparameter settings for pixel-based image classification. 

 

Algorithms Hyper-parameter 
Value for 

 UAV 

Value for  

WV-2 

RF 
ntree 178 180 

mtry 3 3 

XGBoost 

eta 0.3 0.1 

min_child_weight 1 0.4 

max_depth 4 3 

subsample 1 0.7 

colsample_bytree 1 1 

CatBoost 

depth 8 4 

learning_rate 0.2 0.2 

iterations 300 400 

l2_leaf_reg 2 1.7 

rsm 0.95 0.95 

border_count 256 256 

 

 The accuracy assessment results of pixel-based classification estimated for UAV 

image were given in Table 4.2. As can be seen, seven LULC classes were pixel-based 

mapped with the highest OA values as 84.75% (Kappa coefficient of 0.82) estimated by 

CatBoost, whereas the XGBoost classified these objects with 84.71% OA (Kappa 

coefficient of 0.82) which is slightly lower than CatBoost. On the contrary, it was 

observed that RF assigned each pixel to LULC classes with the lowest OA accuracy, 

84.55% (Kappa coefficient of 0.81). 

PA, UA and FS measurements depicting class-based accuracies were also evaluated. 

The lowest PA values were estimated for forest and meadow classes having similar 

spectral characteristics by all algorithms as about 72%, whereas the shadow and tile-roof 

classes were classified with PA accuracies of over 90%. On the other hand, all ensemble 
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methods produced the lowest UA accuracies for forest and meadow classes 

,approximately 68% and 74%, respectively. In addition, the highest UA accuracies (i.e., 

over 95%) were estimated for shadow and steppe classes. By analyzing FS results 

depicting harmonic means of PA and UA, when the shadow pixels were classified with 

the highest FS values (about 96%) by all algorithms, the about 70% FS values were 

measured for forest class. Furthermore, each classifier estimated similar class-based 

accuracy results (about 88%) for impervious classes.  

 

Table 4.2: The quantitative results of pixel-based classification for UAV image. 

 

LULC 

Classes  

RF  XGBoost CatBoost  

PA  
 

UA  FS  PA  
 

UA  
 

FS PA  UA  FS  

Bare Soil 88.22 82.25 85.13 87.21 83.50 85.32 88.07 83.27 85.60 

Forest 71.94 69.27 70.58 72.27 67.58 69.85 72.66 68.12 70.32 

Impervious 88.79 88.01 88.40 88.75 88.45 88.60 88.68 88.36 88.52 

Meadow 73.03 73.35 73.19 72.01 74.87 73.41 72.72 74.25 73.48 

Shadow 94.15 97.37 95.73 94.58 97.10 95.83 94.35 97.69 95.99 

Steppe 84.96 95.86 90.08 86.09 95.51 90.56 84.53 95.86 89.84 

Tile-roof 90.56 85.72 88.07 91.87 85.93 88.80 92.11 85.69 88.78 

OA  84.55 84.71 84.75 

Kappa  0.81 0.82 0.82 

 

The overall and individual class accuracies of the thematic map generated using the 

WV-2 were presented in Table 4.3. From table, it was seen that CatBoost produced the 

most accurate land cover map with 88.54% OA (Kappa coefficient of 0.87). On the other 

hand, the pixel-based land cover mapping by RF and XGBoost resulted in slightly 

different OA values than those of CatBoost.  

When the PA results were analyzed, it was seen that when the lowest accuracies 

were calculated for bare soil class from all classifiers, the values of pool, sea, tile-roof and 

white surface reached over 90% accuracy. On the other hand, the steppe pixels were 

classified about 79% with the lowest UA values, whereas the best UA values were 96% 
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for the pool class. When the boundaries of pool, sea, tile-roof and white surface classes 

were determined over 91% FS values utilizing ensemble methods, the lowest FS values 

for obtained for impervious surface and meadow classes. Furthermore, the similar 

accuracy results were calculated for the impervious surface and pool classes.    

  

Table 4.3: The quantitative results of pixel-based classification for WV-2 image. 

 

LULC 

Classes  

RF  XGBoost CatBoost  

PA  
 

UA  FS  PA  
 

UA  
 

FS PA  UA  FS  

Bare soil 80.51 91.65 85.72 78.67 93.38 85.40 80.01 93.32 86.16 

Forest 83.88 81.62 82.74 86.49 78.91 82.53 85.94 80.35 83.05 

Impervious 84.18 83.66 83.92 84.15 85.55 84.84 84.62 84.39 84.51 

Meadow 81.32 82.94 82.12 81.26 85.35 83.26 81.29 85.81 83.49 

Pool 96.86 97.29 97.07 96.97 96.63 96.80 97.16 96.54 96.85 

Sea 94.46 89.58 91.96 93.86 90.23 92.01 93.95 89.90 91.88 

Shadow 86.12 93.78 89.79 86.98 90.95 88.92 87.00 91.48 89.18 

Steppe 87.57 78.50 82.79 87.36 79.52 83.25 88.34 79.38 83.62 

Tile-roof 92.47 90.22 91.33 92.86 89.68 91.24 92.35 90.41 91.37 

White surface 97.28 93.48 95.34 97.35 92.89 95.07 97.10 93.83 95.44 

OA  88.27 88.31 88.54 

Kappa  0.87 0.87 0.87 

To visually evaluate and compare pixel-based classification results, thematic maps 

were generated by RF, XGBoost and CatBoost for both imageries. Figure 4.1 represents 

the true-colour UAV image and its pixel-based land cover maps. Based on the following 

results, all classification algorithms showed similar performance in the classification of 

UAV data. When thematic maps were analyzed, the ñsalt and pepperò effect can be easily 

seen in the figure. On the other hand, the main confusions occurred among bare soil, 

steppe and tile-roof classes. In addition, the presence of meadow pixels was observed in 

the boundaries of the forest class. Furthermore, the shadow was the most accurately 

categorized class.   
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Figure 4.1: The illustration of a) true-color UAV image, and  pixel-based thematic maps 

produced by b) RF, c) XGBoost and d) CatBoost.  

 

 

 

Figure 4.2: The illustration of a) true-color WV-2 image, and pixel-based thematic maps 

produced by b) RF, c) XGBoost and d) CatBoost.  
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The results of pixel-based classification of WV-2 data were given in Figure 4.2. 

From the figure, all classification algorithms showed inferior performance in the 

separation of sea and shadows pixels. In addition, the main classification errors were 

observed between bare soil and steppe classes. On the other hand, pool and white surface 

pixels were correctly allocated. 

The significance of the difference between the pixel-based performance of each 

algorithm was analyzed by applying the McNemarôs test, and the test results were shown 

in Table 4.4. Although different OA values were estimated for each LULC map by 

classifiers, the obtained prediction results for UAV and WV-2 images were statistically 

insignificant. 

 

Table 4.4: McNemarôs test results for pixel-based ensemble algorithms. 

 

Pairwise UAV Image WV-2 Image 

RF-XGBoost 0.10 0.52 

RF-CatBoost 0.44 0.08 

XGBoost-CatBoost 0.65 0.85 

 

4.2. Object-Based Image Classification 

 

In the object-based classification, the spectrally similar pixels are aggregated into 

meaningful objects, called image segments, and the classification process is performed 

using these segments instead of the classification of a vast number of pixels.One 

significant superiority of this technique compared to traditional pixel-based classification 

is that it contributes to minimizing the salt and pepper effect with the usage of image 

objects in the high-resolution LULC mapping. Object-based classification consists of the 

following steps: segmentation, the definition of object features, selection of training and 

test samples and thematic map production via classification of segments.  
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4.2.1. Image Segmentation 

 

The most considerable step of object-based analysis comprises splitting input 

multispectral/hyperspectral images into image objects. In the literature,  several 

segmentation algorithms have been suggested. This thesis employed the widely-used 

MRS algorithm to perform the segmentation process. The segmentation process in the 

MRS is controlled by three parameters: scale, shape and compactness. Since both remote 

sensing images include different types and spectrally similar LULC classes, required 

segmentation parameters should be determined by using algorithms instead of trial and 

error. For this, the ESP-2 tool was utilized to determine the optimal SP value, considered 

the most critical parameter. The various SP values were estimated by chancing shape and 

compactness to find the optimal segment sizes for each imagery. In other words, the same 

shape and compactness values were employed to determine SP value for the UAV image, 

whereas the two parameters mentioned above ranged from 0.1 to 0.9 in increments of 0.2 

for the WV-2 dataset. It should be noted that each spectral bands were equally weighted 

during the segmentation process. The considered shape and compactness values, estimated 

optimal  SP values, and created segment numbers for UAV and WV-2 images were 

summarized inTable 4.5 and 4.6, respectively. As can be seen, when the segmentation 

process of the UAV image resulted in over 310,000 segments in all cases, the number of 

created segments using WV-2 ranged between 14,074 and 48,260.   

 

Table 4.5: Combination of MRS parameters and created segment numbers for UAV 

dataset. 

 

Combination Shape Compactness 
Estimated 

SP 

Corresponding Segment 

Numbers for UAV Image 

1 0.1 0.1 87 310,049 

2 0.3 0.3 77 310,566 

3 0.5 0.5 65 315,931 

4 0.7 0.7 50 329,568 

5 0.9 0.9 29 369,942 
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Table 4.6: Combination of MRS parameters and created segment numbers for WV-2 

dataset. 

 

Combination Shape Compactness 
Estimated 

SP 

Corresponding Segment 

Numbers for WV-2 Image 

1 0.1 0.1 31 31,049 

2 0.1 0.5 27 48,260 

3 0.1 0.9 40 24,969 

4 0.3 0.1 35 26,261 

5 0.3 0.5 34 28,198 

6 0.3 0.9 32 32,595 

7 0.5 0.1 29 29,281 

8 0.5 0.5 27 34,445 

9 0.5 0.9 31 29,166 

10 0.7 0.1 35 15,860 

11 0.7 0.5 34 17,609 

12 0.7 0.9 23 38,118 

13 0.9 0.1 20 21,447 

14 0.9 0.5 28 14,074 

15 0.9 0.9 24 22,632 

 

4.2.2. Quality Assessment of Segments 

 

In order to obtain the best object-based classification results, the boundaries of 

surface objects should be represented with optimal segment sizes where over-

segmentation and under-segmentation problems are minimally observed. Therefore, 

performing a comperative assessment of segmentation goodness for constructed segments 

is essential. In this thesis, five famous metrics, AFI, Qr, Useg, OSeg and D, were employed 

to measure the quality of image objects. To perform detailed analyses on the segmentation 

result of UAV dataset, totally fifteen reference objects representing two different LULC 

classes (i.e., seven polygon corresponding to impervious surface and eight polygon 

corresponding to tile-roof) were obtained by manual digitization separately. On the other 
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hand, a total of fifty -nine reference objects, including fourteen polygons representing the 

impervious surface, fifteen polygons representing the pool, and thirty polygons 

representing the tile-roof classes, were acquired from the OpenStreetMap webpage and 

by manually digitization and used in the analyses of segmentation results of WV-2 image. 

The distribution of reference objects in the UAV and WV-2 images was presented in 

Figure 4.3.  

 

 

 

Figure 4.3: The distribution of reference polygons within a) UAV, and b) WV-2 images. 
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Figure 4.4: The quality assessment results of UAV image. 

 

The formulations of quality metrics were applied to reference objects and their 

generated segments, utilizing the MRS parameters given in Tables 4.5 and 4.6 for aerial 

and satellite images, respectively. Figure 4.4 represents the results of the segmentation 

goodness assessment performed for the UAV image. Note that the Qr values close to 1 

show the highest quality, the values of other metrics close to 0 correspond to the best 

segmentation results. When the reference objects of the impervious surface were 

employed to evaluate the created segments, it was seen that the MRS algorithm 

constructed the segments by utilizing Combination 5 (i.e.,  SP: 29, shape:0.9, and 
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compactness:0.9) in all case. In addition, the segments produced as a result of 

Combinations 1 and 2 showed inferior performance in representing surface objects. On 

the other hand, while reference objects of the tile-roof class were considered to perform 

the quality assessment for UAV image, it was seen that similar values were estimated in 

the implementation of AFI, Qr and Useg for each Combination. However, slightly better 

values were computed for the Combination 5 than others. On the contrary, it was observed 

that the more accurate segments were generated in terms of OSeg and D by employing 

Combination 4. As a result, when all quality assessment results were analyzed together, it 

was found that the land objects best matched the segments produced by running the 

parameters of Combination 5 in the MRS algorithm. 

 

 

 

Figure 4.5: The quality assessment results of WV-2 image. 



 41 
 

Quality assessment results of segments created using WV-2 were illustrated in 

Figure 4.5. When the lines corresponding to the results of the impervious surface were 

analyzed, it was seen that when the best image objects were produced in terms of AFI and 

OSeg by applying the parameters of Combination 4 to MRS, the optimal values of USeg 

and D were estimated by employing the 27, 0.1 and 0.5 values for SP, shape and 

compactness (i.e., parameters of Combination 2). The similar Qr values were computed 

by considering the reference polygons of impervious surface LULC class together with 

the segmentation outcomes of Combinations 2 and 4. On the other hand, with the 

utilization of Combinations 1 and 2,  the suitable segments were generated in the 

determination of pool objects concerning AFI, OSeg and D values. In addition, when the 

results of the pool class were investigated, it was seen that the highest Qr value was 

computed for the segmentation result of Combination 2. Furthermore, according to the 

results of tile-roof reference objects, segments constructed by utilizing Combination 2 

were most accurately determined the land surface objects in terms of all quality 

measurements. Consequently, the segmentation results of Combination 2 were employed 

in classifying the WV-2 data.  

 

4.2.3. Classification Results 

 

It was mentioned in the previous section that the optimal scale, shape and 

compactness values were estimated as 29, 0.9 and 0.9 for UAV data. On the other hand, 

when 0.1 shape and 0.5 compactness values are set to the ESP-2 tool, the best 

segmentation results are produced with 27 SP value for WV-2. Figure 4.6 shows the  ESP-

2 results obtained using mentioned parameter variables for both images. As a result, 

369,942 and 48,260 image segments were created for UAV and WV-2 datasets, 

respectively.  

Defining the features of the created image objects is the next step in object-based 

classification.Within this context, 49 and 73 spectral and spatial variables, including 

mean, minimum, maximum, ratio, standard deviation, mode and area of pixel, were 

calculated and utilized in the LULC mapping using UAV and WV-2, respectively. After 

that, when 1787 training and 1328 test segments were selected for the UAV data, 1104 
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and 856 segments formed the training and test dataset of the WV-2 data, respectively. The 

distribution of training and test sample numbers on the land cover classes was given in 

Table 4.7. 

 

 

 

Figure 4.6: LV-RoC graphs generated by ESP-2 tool for a) UAV, and b) WV-2 images. 
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 Table 4.7: The distribution of the number of training and test segments for each image. 

 

Classes 
UAV Image WV-2 Image 

Training Test Training Test 

Bare soil 204 160 80 68 

Forest 352 247 161 105 

Impervious 192 142 131 156 

Meadow 365 296 91 71 

Pool - - 55 44 

Sea - - 132 87 

Shadow 153 113 99 72 

Steppe 158 80 121 88 

Tile-roof 363 290 120 105 

White surface - - 114 60 

Total 1787 1328 1104 856 

 

In order to construct the suitable prediction models, hyper-parameters of each 

classifier should be optimized by the user-side. For this purpose, the Grid Search 

algorithm available in R software was implemented and estimated the hyper-parameter 

values were presented in Table 4.8. 

The confusion matrix was constructed to conduct an accuracy assessment of each 

thematic map produced by RF, XGBoost and CatBoost. For this, overall and individual 

LULC class accuracies, including OA, PA, UA and FS, were calculated. Table 4.9 shows 

the accuracy results of object-based image analysis for UAV data.When the table was 

examined, it was seen that the XGBoost algorithm outperformed RF and CatBoost by 

producing the highest overall map accuracy (i.e., OA values of 88.62% with Kappa 

coefficient of 0.87). On the other hand, slightly different OA values were calculated for 

RF and CatBoost.. In other words, while RF classified the UAV image with 87.91% OA 

value (Kappa coefficient of 0.86), CatBoost performed the object-based classification with 

87.80% OA accuracy (Kappa coefficient of 0.86), which is 0.11% lower than RF. 
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Table 4.8: Hyperparameter settings for pixel-based image classification. 

 

Algorithms Hyper-parameter 
Value for 

 UAV 

Value for  

WV-2 

RF 
ntree 250 270 

mtry 7 8 

XGBoost 

eta 0.3 0.2 

min_child_weight 0.8 1 

max_depth 6 10 

subsample 0.8 0.3 

colsample_bytree 0.3 0.7 

CatBoost 

depth 7 8 

learning_rate 0.2 0.2 

iterations 400 300 

l2_leaf_reg 1.6 1.7 

rsm 0.95 0.95 

border_count 256 256 

 

The computed PA values showed that the forest was classified with the lowest value 

(about 78%) by RF and CatBoost, whereas XGBoost improved this PA value by about 

3%. On the other hand, PA values of impervious surface, shadow, and tile-roof classes 

were estimated at over 91% by all ensemble classifiers.It was observed that the RF 

classifier estimated the PA value as 87.04% for the steppe class,XGBoost and CatBoost 

calculated the about 7% and 4% higher accuracies. On the contrary, the estimated UA 

values of forest and meadow by RF were the lowest accuracy compared to other classes, 

whereas XGBoost and CatBoost classified the steppe class with the worst accuracy. It was 

seen that when the UA values of bare soil, forest, meadow, and tile-roof observed by 

XGBoost and CatBoost were significantly higher compared to result of RF, RF showed 

the superior performance for the steppe class. According to the PA and UA results of 

object-based classification, the main classification errors were observed between bare soil 

and steppe classes.  
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When individual class-based FS accuracy results were examined, it was observed 

that the boundaries of impervious surface, shadow, and tile-roof were determined with 

over 90% accuracy by all algorithms for object-based classification. On the other hand, 

each classifier showed a similar classification performance for bare soil and impervious 

surface classes. In addition, the improvements in terms of FS measure accuracy estimated 

by XGBoost and CatBoost were reached up to 5% for the meadow class, and about 3% 

higher FS accuracy was calculated by RF for the steppe class.   

 

Table 4.9: The quantitative results of object-based classification for UAV image. 

 

LULC 

Classes  

RF  XGBoost CatBoost  

PA  
 

UA  FS  PA  
 

UA  
 

FS PA  UA  FS  

Bare Soil 89.51 84.97 87.18 79.75 92.22 85.53 83.34 90.71 86.87 

Forest 77.55 81.53 79.49 81.75 84.79 83.24 78.72 84.03 81.29 

Impervious 91.61 89.10 90.34 93.81 90.77 92.26 94.26 88.15 91.11 

Meadow 84.11 79.35 81.66 86.69 85.73 86.21 84.48 84.11 84.29 

Shadow 94.05 94.97 94.51 91.48 92.62 92.05 91.67 90.92 91.29 

Steppe 87.04 94.69 90.70 94.89 80.57 87.15 91.33 82.71 86.81 

Tile-roof 92.06 90.77 91.41 94.75 93.66 94.20 92.52 94.01 93.26 

OA  87.91 88.62 87.80 

Kappa  0.86 0.87 0.86 

The statistical object-based mapping results of WV-2 were given in Table 4.10. 

Based on the accuracy assessment outcomes, relatively similar OA values were estimated 

by RF and CatBoost with about 89.70%, and XGBoost outperformed both classifiers in 

the object-based mapping with the highest OA value, 90.38% (Kappa coefficient of 0.89). 

As seen from the table, all pixels were classified into ten LULC classes with over 90% 

PA accuracy by all classifiers except impervious surface pixels with about 78% PA. The 

over 90% PA values were estimated for pool, sea, tile-roof, and white surface classes by 

all algorithms, the values of impervious surface, meadow, and shadow ranged from 84% 

to 89%. On the other hand, each classification algorithm estimated different PA values for 

the steppe class. In addition, the best UA values were calculated for impervious surface, 
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pool, sea, shadow, and white surface classes, whereas bare soil had the lowest UA values. 

Based on the tabular values, it was observed that the main confusion were observed 

between bare soil, impervious surface, shadow, steppe, tile-roof and white surface.  

 

Table 4.10: The quantitative results of object-based classification for WV-2 image. 

 

LULC 

Classes  

RF  XGBoost CatBoost  

PA  
 

UA  FS  PA  
 

UA  
 

FS PA  UA  FS  

Bare soil 89.86 84.88 87.30 91.25 86.78 88.96 91.00 85.77 88.31 

Forest 86.80 87.33 87.06 86.96 89.44 88.18 84.39 88.13 86.22 

Impervious 77.60 92.74 84.50 79.67 93.93 86.21 78.04 92.70 84.74 

Meadow 86.74 87.12 86.93 88.56 88.85 88.70 88.29 83.32 85.73 

Pool 96.91 94.06 95.46 96.03 94.38 95.20 97.03 96.26 96.64 

Sea 96.61 98.60 97.59 96.25 97.44 96.84 96.90 98.39 97.64 

Shadow 88.24 93.98 91.02 85.49 92.74 88.97 87.27 92.04 89.60 

Steppe 87.97 83.69 85.78 89.41 84.80 87.04 84.78 83.41 84.09 

Tile-roof 92.56 89.40 90.95 95.54 89.01 92.16 94.89 87.36 90.97 

White surface 98.15 86.02 91.69 98.46 86.47 92.08 96.94 88.70 92.64 

OA  89.78 90.38 89.61 

Kappa  0.88 0.89 0.88 

The object-based FS results of the WV-2 image indicated that the most accurately 

classified LULC pixels were pool and sea with about 96% FS values, whereas all 

algorithms showed inferior performance in the detecting bare soil, forest, impervious 

surface, meadow, and steppe pixels with the under 89% FS values. XGBoost algorithm 

showed superior performance in separating the boundaries of the forest, impervious 

surface, meadow, steppe, and tile-roof compared to RF and XGBoost results.  

Object-based mapping results of UAV data were presented in Figure 4.7  to carry 

out a visual assessment. When the thematic maps were analyzed, it was seen that all 

algorithms showed similar classification performance. On the other hand, 

misclassification errors were observed between bare soil and tile-roof pixels in the object-

based RF and CatBoost, XGBoost showed superior separation performance for these class 
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pixels. In addition, the boundaries of impervious surface and shadow classes were 

effectively determined by each algorithm.  

 

 

 

Figure 4.7: The illustration of a) true-color UAV image, and object-based thematic maps 

produced by b) RF, c) XGBoost and d) CatBoost.  

 

Figure 4.8 represents the object-based mapping results of WV-2. The pixels 

representing the pool and sea were correctly classified, and main confusions were 

observed among bare soil, tile-roof, and vegetation classes, including forest, meadow, and 

steppe. On the other hand, the noises that occurred within the boundaries of sea class were 

effectively minimized using object-based classification. 

The pairwise comparison was carried out using McNemarôs test at 95% confidence 

level to evaluate the significance level between the prediction performance of classifiers 

for object-based classification, and the results are given in Table 4.11. The lower test value 

than the tabular value of McNemarôs test (3.84) was given in bold. As can be seen, there 

is a statistically significant difference between the accuracy of XGBoost and the results of 

the other two classifiers produced by UAV image. In other words, McNemarôs test 

verified that XGBoost showed superior object-based classification performance to others. 

On the other hand, the difference between the object-based mapping performances of RF 
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and CatBoost using UAV was statistically insignificant. When the results of WV-2 were 

evaluated, it was seen that the XGBoost and CatBoost showed similar prediction 

performance, whereas the differences between the RF-XGBoost and RF-CatBoost were 

found statistically meaningful.  

 

 

 

Figure 4.8: The illustration of a) true-color WV-2 image, and object-based thematic 

maps produced by b) RF, c) XGBoost and d) CatBoost.  

 

Table 4.11: McNemarôs test results for pixel-based ensemble algorithms. 

 

Pairwise UAV Image WV-2 Image 

RF-XGBoost 43.18 13.54 

RF-CatBoost 0.12 18.06 

XGBoost-CatBoost 43.75 0.54 
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4.3. Hybrid -Based Image Classification 

 

The best pixel- and object-based classification models of RF, XGBoost, and 

CatBoost  constructed with optimum hyper-parameters were employed to implement the 

first step of the suggested classification workflow in this thesis. After that, class 

probability values of each image object created with the MRS algorithm were calculated 

separately for UAV and WV-2 imagery in the subsequent step. . For this purpose, the 

votes by each decision tree in the forest regarding the belonging of an image object to a 

particular class were analyzed.To express the voting rate of the classes as a percentage, 

the obtained results were divided by the total number of trees and stretched between 0-

100.. Because the individual SP value cannot be determined for the land objects 

corresponding to the different LULC classes, the segment sizes representing these objects 

differ in various parts of the image. For this, three different threshold values (i.e., 60%, 

70%, and 80%) were taken into account as homogeneity criteria, and obtained results of 

thematic maps were given in the following section. 

 

4.3.1. Hybrid Classification Using 60% Threshold 

 

A detailed accuracy assessment was conducted the evaluate the performance of the 

proposed classification technique for UAV and satellite images, separately.. Table 4.12 

shows the overall and individual class accuracies of the hybrid-based classification results 

obtained with 60% threshold value for multi-spectral UAV image. As can be seen, the 

classification performed by hybridizing pixel- and object-based image analysis resulted in 

an OA of about 89%. When the highest overall thematic map accuracy was estimated as 

89.46% (Kappa value of 0.88) using RF, the XGBoost showed inferior performance by 

producing the lowest OA (89.25% with Kappa value of 0.87) for hybrid 

basedclassification . On the other hand, the overall accuracy of hybrid-based CatBoost 

was slightly higher than the OA value of XGBoost. 

The calculated PA values of each thematic showed that all classifiers yielded results 

above 80%. In other words, the lowest PA values were calculated for forest class by 

ensemble learning algorithms, the best PA was yielded for impervious surface and tile-
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roof classes. On the other hand, the UA values of bare soil class computed by XGBoost 

was the highest compared to results of RF and CatBoost, this algorithm yielded a 

significantly lower UA value for steppe class by about 10%. All algorithms observed 

significant differences between PA and UA values for the forest. These results clearly 

showed that algorithms determined the boundaries of the tile-roof class with similar UA 

and PA accuracies (about 93%). In addition, the misclassification errors occurred between 

bare soil and steppe in the results XGBoost, RF and CatBoost confused the forest and 

meadow pixels. When the FS results of each thematic map were analyzed, it was seen that 

the border of impervious surface, shadow, and tile-roof were classified above 91% class 

accuracy. On the other hand, each algorithm obtained the worst FS measurement results 

as about 83% and 86% for forest and meadow classes. Similarly FS values were calculated 

for each class employing ensemble methods.  

 

Table 4.12: The quantitative results of hybrid-based classification using 60% threshold 

value for UAV image. 

 

LULC 

Classes  

RF  XGBoost CatBoost  

PA  
 

UA  FS  PA  
 

UA  
 

FS PA  UA  FS  

Bare Soil 86.50 87.86 87.17 82.04 91.66 86.58 87.50 89.04 88.27 

Forest 81.28 86.24 83.68 81.87 85.64 83.71 80.80 86.03 83.33 

Impervious 93.59 90.78 92.17 94.31 91.31 92.79 94.05 89.91 91.94 

Meadow 89.71 82.99 86.22 87.95 86.27 87.10 87.62 84.19 85.87 

Shadow 92.67 95.33 93.98 92.25 92.53 92.39 92.61 93.49 93.05 

Steppe 89.34 90.13 89.74 93.56 83.13 88.04 88.75 88.31 88.53 

Tile-roof 93.75 92.87 93.31 94.14 93.76 93.95 94.10 93.77 93.93 

OA  89.46 89.19 89.25 

Kappa  0.88 0.87 0.87 

 

Table 4.13 represents the statistical results of hybrid mapping using satellite image, 

WV-2.  According to the estimated results, RF outperformed to XGBoost and CatBoost 

with a higher OA difference of about 0.70%. In other words, the best hybrid mapping by 
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applying a 60% threshold was performed in terms of OA, whereas XGBoost and CatBoost 

yielded about 91.45% overall LULC map accuracy. 

 

Table 4.13: The quantitative results of hybrid-based classification using 60% threshold 

value for the WV-2 image. 

 

LULC 

Classes  

RF  XGBoost CatBoost  

PA  
 

UA  FS  PA  
 

UA  
 

FS PA  UA  FS  

Bare soil 87.30 89.46 88.37 89.15 86.96 88.04 89.78 88.45 89.11 

Forest 87.99 90.83 89.38 87.17 89.69 88.41 86.07 89.55 87.78 

Impervious 85.81 91.26 88.45 84.31 93.47 88.65 83.53 92.90 87.97 

Meadow 90.38 87.50 88.92 90.64 88.18 89.39 90.27 85.12 87.62 

Pool 97.02 96.60 96.81 97.32 94.33 95.80 97.42 96.56 96.99 

Sea 97.77 98.33 98.05 96.75 98.35 97.55 98.32 98.24 98.28 

Shadow 91.54 96.28 93.85 87.53 94.26 90.77 88.87 93.35 91.06 

Steppe 89.82 86.05 87.90 88.84 85.94 87.37 87.08 87.74 87.41 

Tile-roof 97.49 92.65 95.01 97.42 91.97 94.62 97.31 90.50 93.78 

White surface 97.64 92.72 95.11 97.75 91.86 94.71 97.72 91.95 94.74 

OA  92.17 91.50 91.44 

Kappa  0.91 0.90 0.90 

 

When class-based accuracy assessment results were investigated, it was seen that 

about 97% of PA values were estimated for pool, sea, tile-roof, and white surface classes. 

In addition, the borders of bare soil, forest, impervious surface, and steppe were 

determined with under 89% PA values. On the other hand, the best UA values were 

observed for pool, sea, and shadow classes, whereas each algorithm yielded the lowest 

accuracy result for the steppe. By comparing the results of PA and UA values calculated 

for each class by algorithms, it was seen that pixels of about all classes except tile-roof 

and white surface were mapped with similar values. On the contrary, the difference 

between the PA and UA values of tile-roof and white surface reached up to 6%. These 

results clearly showed that when the boundaries of pool and sea classes correctly separated 

by classifiers, the main classification errors occurred between the tile-roof and white 
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surface classes. Based on FS measurement findings, it was observed that the pixels 

representing the pool, sea, tile-roof, and white surface were classified with above 90% 

accuracy. In addition, the RF algorithm showed good separation performance with 3% 

higher FS value for shadow class. 

Figure 4.9 points out the visual performance of the proposed classification technique 

for the aerial dataset produced by applying 60% threshold. It is seen that visually 

consistent land cover maps are produced with true-colour ortho-photo. In other words, 

algorithms mapped the considered area with similar performance. The main confusion 

errors were observed in distinguishing the bare soil, steppe, and tile-roof pixels by RF and 

CatBoost, XGBoost showed superior performance for mentioned classes. On the other 

hand, the impervious surface class existing on the artificial structure was more 

successfully separated from tile-roof pixels by hybrid-based RF and CatBoost. 

 

 

 

Figure 4.9: The illustration of a) true-color UAV image, and hybrid-based classification 

maps using 60% threshold value by b) RF, c) XGBoost and d) CatBoost.  

 

To assess the visual performance of hybrid classification used a 60% threshold value 

on the WV-2 image, including ten LULC classes, the thematic maps were obtained from 

RF, XGBoost, and CatBoost (Figure 4.10). It was seen that the extraction of land cover 

information using the proposed classification technique resulted in smooth visual maps. 
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In other words, the noises observed among spectrally similar bare soil-tile roof, sea-

shadow, and meadow-steppe pairwise, were effectively minimized. On the other hand, RF 

showed superior performance in separating mentioned classes. In addition, the boundaries 

of the pool class were more accurately determined compared to the visual results of other 

classes. 

 

 

 

Figure 4.10: The illustration of a) true-color WV-2 image, and hybrid-based 

classification maps using 60% threshold value by b) RF, c) XGBoost and d) CatBoost.  

 

The pairwise comparison results of mapping performance of classifiers using the 

hybrid-based strategy are given in Table 4.14. As can be seen, all pairwise comparison 

values were higher than the tabular of McNemarôs test at 95% interval. In other words, 

there is a statistically significant difference between the accuracy of produced each 

thematic map. In other words, each algorithm differently predicted the class labels of WV-

2 pixels using the hybrid approach.  
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Table 4.14: McNemarôs test results of ensemble algorithms for hybrid-based 

classification using 60% threshold value. 

 

Pairwise UAV Image WV-2 Image 

RF-XGBoost 741.94 28.85 

RF-CatBoost 29.21 7.53 

XGBoost-CatBoost 452.41 6.55 

 

4.3.2. Hybrid Classification Using 70% Threshold 

 

The effect of 70% threshold value on the accuracy and visual results of the proposed 

hybrid classification strategy was also investigated using two different remote sensing 

images. Table 4.15 summarize the accuracy results of the UAV dataset. When 70% 

threshold value was applied, all classifiers calculated the overall LULC class accuracies 

were calculated about 89.5% by all classifiers. The thematic map generated by CatBoost 

reached the highest OA value, XGBoost predicted the class label labels with an 0.12% 

lower OA value. In addition, the poorest OA value was estimated by hybrid-based RF 

utilizing 70% threshold.  

To analyze the individual class-based accuracies of UAV image, PA and UA values 

were computed. According to PA results, the forest pixels were classified with 

significantly lower accuracy (i.e., about 82%) compared to the other six classes. On the 

other hand, all classifiers estimated the PA values of impervious, shadow, and tile-roof 

classes to be over 92%. On the other hand, the lowest UA values were obtained for forest 

and meadow classes, whereas UA values of tile-roof reached to highest class-based result. 

When the PA and UA values were compared, it was found that there is a significant 

difference between the results of bare soil and steppe classes of XGBoost and steppe class 

of RF. In addition, mentioned accuracy metrics produced by all classifiers range between 

1% and 3% for other classes. Furthermore, FS measurements were employed to compare 

the accuracy of each class in general. Based on FS results, pixels representing the bare 

soil, forest, and meadow are classified with lowest accuracies. In other words, the 

mentioned class FS accuracies were estimated between 82% and 89%. On the other hand, 

the boundaries of impervious surface, shadow and tile-roof were more accurately 
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determined by each classifier. In addition, it was observed that pixels were assigned to the 

meadow class with 84.89% class-based accuracy (FS) by RF, the improvement was 

reached up to 3% and 2% in the thematic maps predicted by XGBoost and CatBoost.  

 

Table 4.15: The quantitative results of hybrid-based classification using 70% threshold 

value for UAV image. 

 

LULC 

Classes  

RF  XGBoost CatBoost  

PA  UA  FS  PA  UA  FS PA  UA  FS  

Bare Soil 88.16 86.31 87.22 83.63 91.63 87.45 88.68 88.76 88.72 

Forest 81.37 84.05 82.69 82.98 85.62 84.28 82.19 85.62 83.87 

Impervious 93.13 90.73 91.91 94.25 91.09 92.64 94.20 90.59 92.36 

Meadow 87.66 82.29 84.89 88.09 86.85 87.47 87.63 85.16 86.38 

Shadow 93.04 96.68 94.82 92.60 93.41 93.00 93.03 94.47 93.74 

Steppe 87.87 92.44 90.09 93.39 85.93 89.50 89.91 90.74 90.32 

Tile-roof 93.54 92.03 92.78 94.69 93.85 94.27 93.99 93.91 93.95 

OA  89.22 89.77 89.89 

Kappa  0.87 0.88 0.88 

 

The performance of the proposed approach utilized 70% threshold value was 

quantitatively tested on high-resolution WV-2 image using three robust tree-based 

classifiers, and estimated results were illustrated in Table 4.16. As shown in the table, the 

overall class accuracies computed by all algorithms reached over 91%. In other words, the 

RF mapped the WV-2 image using the suggested classification strategy with 91.56% OA 

value (Kappa value of 0.90), XGBoost and CatBoost determined the class boundaries with 

slightly different OA values (i.e., 92.23% with kappa value of 0.91 and 92.23% with kappa 

value of 0.91). As a result, implementation of hybrid-based RF performed by applying 

70% threshold, showed inferior classification performance in terms of OA.  

The PA and UA values were calculated to determine the class-based confusion. Each 

algorithm assigned the pixels to sea, shadow, tile-roof and white surface classes with over 

95% PA values, whereas the lowest PA value was calculated for bare soil class by RF. It 

was observed that when the PA value of bare soil in the thematic maps generated by RF 
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and XGBoost were remarkably lower than the result of CatBoost, the boundaries of 

shadow were detected with the lowest PA result in the map formed by CatBoost. On the 

contrary, classifiers estimated the lowest UA values for meadow and steppe classes, while 

the pool and sea classes have the highest UA values (i.e., over 92%). In addition, there is 

an apparent difference between the UA and PA values of impervious surface class in the 

hybrid-based XGBoost and CatBoost and shadow class estimated by all classifiers. These 

results showed that when the pool and sea classes were more accurately determined by 

algorithms using the proposed method, misclassification problems occurred among bare 

soil, meadow, steppe, shadow, and artificial based classes, including impervious surface, 

tile-roof and white surface. 

  

Table 4.16: The quantitative results of hybrid-based classification using 70% threshold 

value for WV-2 image. 

 

LULC 

Classes  

RF  XGBoost CatBoost  

PA  UA  FS  PA  UA  FS PA  UA  FS  

Bare soil 84.38 90.75 87.45 86.53 91.72 89.05 90.19 88.85 89.52 

Forest 87.01 89.75 88.36 87.38 90.05 88.70 88.32 90.07 89.19 

Impervious 86.21 88.69 87.43 87.37 91.85 89.56 85.86 93.91 89.71 

Meadow 89.13 85.91 87.49 91.09 85.92 88.43 90.70 88.25 89.46 

Pool 97.08 97.38 97.23 97.57 96.66 97.11 97.43 95.14 96.27 

Sea 98.14 97.65 97.89 98.70 98.16 98.43 97.64 98.09 97.86 

Shadow 91.99 97.08 94.47 90.91 95.48 93.14 88.90 95.84 92.24 

Steppe 89.42 83.22 86.21 88.75 86.92 87.82 89.14 86.21 87.65 

Tile-roof 95.70 92.05 93.84 97.35 92.37 94.79 97.49 92.68 95.02 

White surface 97.62 93.15 95.33 97.93 93.14 95.47 97.67 92.92 95.23 

OA  91.56 92.23 92.20 

Kappa  0.90 0.91 0.91 

 

FS metric results were obtained to interpret general class-based accuracies. It was 

observed that the borders of pool, sea and white surface classes were detected with over 

95% FS values. On the other hand, the steppe pixels were classified with the lowest class-
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based accuracy in all thematic maps. In addition, the XGBoost and CatBoost predicted the 

bare soil and impervious surface pixels with approximately 2% higher FS accuracy than 

RF, while each algorithm showed similar classification performance for forest and white 

surface classes. It was seen hybrid-based RF more accurately classified that shadow.  

The LULC maps of the proposed method based on 70% threshold value were 

produced for the UAV image and the results were presented in Figure 4.11. As can be 

seen, each algorithm showed similar classification performance in the implementation of 

70% threshold value for the suggested hybrid approach. On the other hand, main 

confusions were observed among spectrally similar bare soil and tile-roof classes. In 

addition, it was seen that ensemble learning methods more accurately determined 

impervious surface class.  

 

 

 

Figure 4.11: The illustration of a) true-color UAV image, and hybrid-based classification 

maps using 70% threshold value by b) RF, c) XGBoost and d) CatBoost.  

 

The classification performance of the hybrid strategy considering 70% threshold 

was analyzed using the WV-2 image representing ten LULC classes (Figure 12). As can 

be seen, the implementation of the suggested classification workflow with three different 

algorithms resulted in almost identical visual maps. In addition, the misclassification 
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errors were observed among bare soil, meadow and steppe classes, whereas each 

algorithm more accurately classified pool and sea.  

 

 

 

Figure 4.12: The illustration of a) true-color WV-2 image, and hybrid-based 

classification maps using 70% threshold value by b) RF, c) XGBoost and d) CatBoost.  

 

Table 4.17: McNemarôs test results of ensemble algorithms for hybrid-based 

classification using 70% threshold value. 

 

Pairwise UAV Image WV-2 Image 

RF-XGBoost 494.01 139.54 

RF-CatBoost 25.50 78.79 

XGBoost-CatBoost 395.51 16.84 

 

McNemar's test was employed to analyze whether there is a significant difference 

between the overall map accuracy obtained by fusion of pixel and object-based 

classification results using 70% threshold value from three different classifiers. The 

calculated results of both images are given in Table 4.17. According to the results, the 
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estimated tabular values were higher than the critical tabular value at 95% interval (e.g., 

3.84). These results verified that there is statistically significance between the 

performance of hybrid classification based on each classifier.    

 

4.3.3. Hybrid Classification Using 80% Threshold 

 

When higher threshold values are employed in the proposed image classification 

technique, the number of homogeneous segments decreases, and the effect of pixel-based 

classification becomes prominent. A threshold value of 80% was applied to evaluate the 

effect of this situation on the statistical and visual performance of the proposed 

classification technique. The quantitative results of the aerial image are shown in Table 

4.18. From the table values, it was observed that the thematic map by employing CatBoost 

represents Earth surface objects with the highest overall LULC accuracy (i.e., 90.02% 

with Kappa value of 0.88). In contrast, XGBoost classified these objects by performing 

the proposed classification strategy with 89.94% which is slightly lower than result of 

CatBoost. In addition, RF showed the worst performance by estimating the lowest OA 

value (89.13% with Kappa value of 0.86) in the thematic map production using the hybrid 

classification technique.  

PA and UA metrics were computed to determine the misclassification errors among 

LULC classes. As can be seen, all algorithms classified the forest pixels with the worst 

PA values (i.e., about 81%), whereas shadow and tile-roof classes were estimated with 

highest PA values in each LULC map. In addition, when the boundaries of impervious 

surface pixels were classified with 93.90 PA by RF, this algorithm showed inferior 

performance for the meadow class, which is considerably lower than the PA values of 

meadow calculated by XGBoost and CatBoost. On the contrary, the lowest UA values 

were observed as approximately 82% in all maps for the forest, while pixels were assigned 

to meadow pixels with 83.56% UA value in the LULC map generated RF, which is about 

7% lower than the results of other classifiers for mentioned class. The shadow and tile-

roof classes were determined with over 92% UA values. It was seen that CatBoost 

outperformed the other classifiers in terms of UA for the separation of bare soil pixels, 

whereas RF showed superior performance for the impervious surface class. When the PA 

and UA values of analyzed, it was found that there is about 4% difference between results 
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estimated by all classifiers. The obtained results clearly showed that the main confusion 

occurred between bare soil and steppe classes. The FS measure results were evaluated for 

hybrid-based classification, using 80% threshold value. The tabular values showed that 

forest pixels were labelled with the worst class-based accuracy (i.e., 83%). These accuracy 

values were estimated at over 90% by all classifiers for shadow steppe and tile-roof. It 

was seen that the borders of the impervious surface were detected with 7% higher FS value 

in the LULC map produced by RF, the pixels were assigned to meadow class by about 

92% class-based FS value by XGBoost and CatBoost, which is remarkably greater that 

the value of RF.  

 

Table 4.18: The quantitative results of hybrid-based classification using 80% threshold 

value for UAV image. 

 

LULC 

Classes  

RF  XGBoost CatBoost  

PA  UA  FS  PA  UA  FS PA  UA  FS  

Bare Soil 90.12 85.93 87.98 89.71 87.71 88.70 85.16 91.04 88.00 

Forest 80.83 83.08 81.94 82.56 85.21 83.86 82.66 85.42 84.02 

Impervious 93.90 91.30 92.58 87.78 84.95 86.34 87.97 86.11 87.03 

Meadow 87.77 83.56 85.61 93.53 90.20 91.83 94.32 91.27 92.77 

Shadow 91.72 92.98 92.35 93.49 95.32 94.40 93.20 94.04 93.62 

Steppe 88.50 92.01 90.22 88.86 92.91 90.84 92.77 88.26 90.46 

Tile-roof 94.46 92.30 93.37 93.98 93.29 93.63 94.87 93.98 94.42 

OA  89.13 89.94 90.02 

Kappa  0.86 0.87 0.88 

 

The implementation of 80% threshold value for the proposed fusion of classification 

techniques was conducted using the WV-2, and the statistical results were illustrated in 

Table 4.19. When the tabular values of each classifier were analyzed, it was seen that the 

mapping of the WV-2 image by performing the suggested classification strategy resulted 

in over 91% OA values. On the other hand, the boundaries of considered ten LULC classes 

determined in WV-2 were classified with 91.03% OA value (Kappa value of 0.90), the 

best OA values were estimated as 92.54% (Kappa value of 0.92) and 92.27% ((Kappa 
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value of 0.91) for maps generated by XGBoost  and CatBoost, respectively. These results 

clearly showed that state-of-art classifiers outperformed the well-known ensemble 

method, RF, in predicting LULC class labels using hybrid classification.  

 

Table 4.19: The quantitative results of hybrid-based classification using 80% threshold 

value for WV-2 image. 

 

LULC 

Classes  

RF  XGBoost CatBoost  

PA  
 

UA  FS  PA  
 

UA  
 

FS PA  UA  FS  

Bare soil 83.60 91.35 87.30 89.89 90.55 90.22 89.36 90.51 89.93 

Forest 86.65 89.80 88.20 89.36 90.67 90.01 87.75 90.27 88.99 

Impervious 86.12 87.90 87.00 86.67 93.49 89.95 85.72 93.32 89.36 

Meadow 88.91 84.66 86.73 90.95 89.31 90.12 91.68 86.39 88.96 

Pool 97.09 97.31 97.20 97.75 95.93 96.83 97.43 96.66 97.05 

Sea 96.75 96.30 96.52 98.33 97.72 98.02 98.40 98.15 98.28 

Shadow 91.46 95.82 93.59 89.40 96.27 92.71 90.05 94.18 92.07 

Steppe 88.67 82.69 85.58 89.72 84.90 87.24 88.26 88.55 88.40 

Tile-roof 94.74 91.01 92.84 96.72 92.73 94.68 97.59 91.65 94.53 

White surface 97.38 93.42 95.36 97.72 93.85 95.74 97.99 93.05 95.46 

OA  91.03 92.54 92.27 

Kappa  0.90 0.92 0.91 

 

The individual class-based PA and UA values of each class within the maps were 

calculated and presented in the table. all classifiers estimated the similar PA and UA 

values for pool, sea and white surface classes, different class accuracies were produced 

for other classes. In other words, it was found that about 8% difference between the results 

of both metrics calculated by RF for bare soil class, XGBoost and CatBoost determined 

bare soil pixels with about 90% PA and UA values. On the other hand, RF classified the 

impervious surface pixels with about 87% class-based accuracies, the other two classifiers 

labelled mentioned pixels with 8% difference. In addition, it was seen that the about 

88.50% PA and UA values were calculated by CatBoost for steppe class, while the about 

5% difference was measured by the other two algorithms between omission and 
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commission errors. These obtained results showed that sea and pool classes were more 

accurately mapped than other classes in all cases. The FS values were computed to assess 

general individual class accuracies. When the table was analyzed, it was observed that 

pool, sea, and white surface were the most accurately mapped classes with the highest FS 

values (over 95%). In addition, the boundaries of the tile-roof class were determined with 

about 94% class-based accuracies, while the approximately 2% lower accuracy was 

measured in the map generated by RF for the above-stated class. On the other hand, 

XGBoost outperformed other classifiers in separating bare soil, forest, impervious surface 

and meadow classes from others, producing about 90% accuracy. 

 

 

 

Figure 4.13: The illustration of a) true-color UAV image, and hybrid-based classification 

maps using 80% threshold value by b) RF, c) XGBoost and d) CatBoost.  

 

Thematic maps of UAV image were generated by conducting the hybrid image 

classification method using 80% threshold value to analyze and results were presented in 

Figure 4.13 visually. The figures indicated that the main confusion appeared between the 

bare soil and steppe classes. In addition, the pixels representing tile-roof class were 

observed within the bare soil class boundaries. On the other hand, XGBoost showed 

superior performance in distinguishing the two classes mentioned above.  
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The visual results of the hybrid image classification technique performed by 

applying 80% threshold value on the WV-2 satellite image, were given in Table 4.14. In 

general, separating class borders using three ensemble learning classifiers resulted in 

similar LULC maps. The misclassification errors were observed among impervious 

surface, sea, and shadow classes in the eastern parts of the study area. In addition, pool 

classes was more correctly mapped compared to other classes.  

   

 

 

Figure 4.14: The illustration of a) true-color WV-2 image, and hybrid-based 

classification maps using 80% threshold value by b) RF, c) XGBoost and d) CatBoost. 

 

The McNemarôs test was applied to the prediction results of each classifier to assess 

statistical significance between mapping performances of algorithms. Table 4.20 

represents the outcomes obtained from a pairwise performance comparison using aerial 

and satellite images. When tabular values were analyzed, it was seen that the differences 

between the predictions of each classifier were significantly different. In other words, the 

tabular values higher than the critical test value (i.e., 3.84) verified that CatBoost and 

XGBoost  showed superior classification performances in the mapping of UAV and 

satellite images by performing the proposed method, respectively.  
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Table 4.20: McNemarôs test results of ensemble algorithms for hybrid-based 

classification using 80% threshold value. 

 

Pairwise UAV Image WV-2 Image 

RF-XGBoost 823.56 148.49 

RF-CatBoost 699.03 65.30 

XGBoost-CatBoost 277.83 18.21 
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5. DISCUSSION 
 

The gathering of accurate and reliable spatial information from high-resolution 

imagery through thematic map production has become one of the most popular topics in 

the remote sensing community since the early 2000s. Improving spatial resolution causes 

an increase in spectral details (heterogeneity) in the image, and the salt and pepper effect 

is observed in the visual results produced by the pixel-based classification technique of 

these images. To overcome this drawback, object-based image classification has been 

suggested and effectively applied to aerial/satellite images due to its improved 

performance and strengths compared to pixel-based mapping [Yan et al., 2006], [Fu et al., 

2017], [Sibaruddin et al., 2018]. Dividing a given image into smaller objects by 

aggregating spectrally similar pixels is the most critical step of object-based image 

analysis. Using image objects instead of pixels provides many superiorities in the LULC 

mapping, including faster process time, defining spatial features together with spectral 

properties, and minimizing the noises [Hay and Castilla, 2006]. Although the superiority 

of object-based mapping of high-resolution imagery has been verified in a plenty number 

of studies, the performance of this technique is affected by choice of optimal SP value for 

the entire image [Phiri and Morgenroth, 2017]. In other words, the set of lower SP values 

leads to the representation of a real-earth object with many segments, called over-

segmentation. On the other hand, when the larger size segments are constructed (under-

segmentation), the image object consists of a collection of spectrally varying pixels 

representing different LULC classes. Though enhancing the robustness of training data 

and selecting advanced classification algorithms can handle the over-segmentation, 

various approaches such as integrating pixel- and object-based classification results have 

been suggested to overcome under-segmentation problems and increase the accuracy of 

map. The researchers reported that merging the advantages of pixel and object-based 

classification techniques provides effective and more accurate visual and statistical results 

[Zhang and Tang, 2013], [Salah, 2014]. .This thesis presents a novel threshold-based 

hybrid classification approach to enhance the object-based classification accuracy by 

solving the under-segmentation issue. The different threshold values were considered to 

evaluate their impact on LULC accuracies. In addition, the performance of the hybrid 
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image classification strategy was compared the visual and quantitative results of the 

widely-used two image classification techniques. The obtained findings were deeply 

discussed in the following sections.  

 

5.1.  The Impact of Threshold Values on Classification 

Accuracy 
 

Since the image objects obtained by object-based image analysis are of different 

sizes according to the LULC class they represent, their spectral variability is different. 

Theoretically, if the class probability value of a given image object estimated by the 

classification model is 1, the uncertainty of the segment is zero. Therefore, the segment is 

named a homogeneous image object belonging to only a particular LULC class. In 

practice, the probability values calculated for image objects in the object-based image 

analysis rarely take a value of 1 due to difficulties in the segmentation process like under-

segmentation errors. Therefore, the class probabilities of each image object were analyzed 

to measure the uncertainty of an image object, and different threshold values (i.e., 60%, 

70% and 80%) were selected and their effects on classification accuracy were analyzed 

thoroughly.. In addition, by using various threshold values as a decision-maker, it is 

possible to analyze which of the pixel and object-based classification results is more 

effective and dominant in hybrid map production. In other words, applying higher 

threshold values to identify homogeneous and heterogeneous segments leads to 

decreasing the segment numbers considered as pure and labelled with object-based 

classifier; therefore, the impact of pixel-based classification becomes dominant in the 

hybrid-based thematic maps. On the other hand, defining a lower threshold value increases 

the number of segments whose class labels are determined by object-based classification. 

The classification processes were conducted using a well-known ensemble learning 

method (RF) and two state-of-art classifiers (XGBoost and CatBoost). 
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Figure 5.1: The comparison of results of hybrid-based maps generated using a) UAV, 

and b) WV-2 images.  

 

 The overall accuracies of the results of the UAV and satellite image were shown 

with a column chart as illustrated in Figure 5.1. As can be seen, the mapping of aerial and 

WV-2 images by applying the presented classification technique resulted in over 89% and 

91% OA values in all cases. On the other hand, it was observed that the accuracies of 

hybrid-based maps of both images generated by XGBoost and CatBoost increased when 

higher threshold values were set. In other words, XGBoost and CatBoost mapped each 

image with the lowest overall class accuracies by employing 60% threshold value, 

whereas the highest OA values were computed with 80% threshold value in the fusion of 
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pixel- and object-based results. In addition, when the mapping results of the RF classifier 

produced by using 60% and 80% threshold values were analyzed, it was observed that 

there is an inverse relationship between the overall class accuracies calculated from the 

maps as mentioned above of RF and the results of other classifiers. In other words, the 

thematic maps of both images generated by XGBoost and CatBoost applying 60% 

threshold value have the lowest OA values, RF produced the thematic maps with finest 

OA values by setting the mentioned threshold. Furthermore, when the statistical results 

computed from all algorithms considering 70% threshold values for both imageries were 

evaluated, it was seen that the estimated OA values were between the accuracy of the 

maps produced using the 60 and 80 threshold values. These findings can be related to the 

pixel-based mapping performance of classification algorithms. A series of studies have 

confirmed that RF showed inferior performance in separating LULC class boundaries with 

pixel-based classification using high-resolution images compared to the classification 

performance of advanced ensemble learning algorithms [Du et al., 2015], [Georganos et 

al., 2018], [Colkesen and Ozturk, 2022]. Consequently, when pixel-based classification's 

effect is minimal on the proposed hybrid-based mapping, RF generated the best 

classification results in terms of OA compared to results of XGBoost and CatBoost 

estimated from both images.  

 

5.2. Quantitative Performance Assessment of Classification 

Techniques 
 

In this thesis, thematic maps of the proposed classification technique were generated 

employing three different threshold values and ensemble learning methods. In addition, 

the mapping performance of the suggested approach was compared against the high-

resolution UAV and satellite image classification performances of traditional pixel-based 

and object-based classification concerning overall and individual class accuracies (FS). 

The overall mapping accuracies of each technique calculated from RF, XGBoost, and 

CatBoost were presented in Figure 5.2. When the results of both imageries were analyzed, 

it was seen that about 84% and 88% OA values were estimated from thematic maps 

generated by pixel-based classification of UAV and WV-2 images, respectively. On the 
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other hand, when the object-based mapping of UAV image was performed using three 

algorithms, about 88% of OA values were significantly higher than the results of pixel-

based mapping of UAV image were computed. In addition, the production of thematic 

maps using WV-2 satellite image resulted over 89% overall class accuracies. These results 

of both imagery clearly showed that pixel-based classification was inferior to object-based 

classification techniques in terms of accuracy mapping accuracy. Our findings contribute 

to the comparative results of land cover mapping using high-resolution imagery conducted 

by [Yan et al., 2006], [Cleve et al., 2008], [Kamal and Phinn, 2011], [Colkesen and 

Kavzoglu, 2017].  

 

 

 

Figure 5.2: The comparison of classification performances of each technique on the a) 

UAV, and b) WV-2 images. 
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When overall class accuracies of the proposed technique computed for each imagery 

were compared with the results of pixel- and object-based classification, it was observed 

that the classification performance of the threshold-based hybrid classification technique 

outperformed to other classification techniques by generating higher OA values. In other 

words, improvement in overall map accuracies of UAV data reached up to 5% and 2% by 

implementing the suggested classification workflow compared to results of pixel- and 

object-based maps, respectively. On the other hand, these increments were obtained as 4% 

and 3% using satellite image. The researchers reported that more accurate thematic maps 

are produced using superiorities of pixel- and object-based techniques by combining their 

results [Malinverni et al., 2011], [Li et al., 2013], [Salah, 2014], [Liu et al., 2021], and our 

classification results verified the findings in their studies.  

In this thesis, the LULC mapping performances of considered ensemble learning 

methods were also analyzed and compared. As can be seen from the table 5.2, when pixel-

based CatBoost showed superior performance in the separation of LULC class boundaries 

within both images compared to other pixel-based results, it was observed that XGBoost 

more correctly determined the LULC labels in the maps generated by performing object-

based classification. Consequently, CatBoost and XGBoost were more accurately 

assigned the pixel and object labels, respectively. The studies performed by [Georganos 

et al., 2018] and [Ozturk and Colkesen, 2021b] mentioned that algorithms showed similar 

classification performances to the obtained results in this thesis. On the contrary, RF 

outperformed to state-of-art classifiers using 60% threshold-based hybrid classification 

technique, whereas XGBoost and CatBoost produced similar classification performance 

in terms of OA in the maps generated by applying 70% and 80% threshold values to the 

suggested classification approach.  

In order to assess the statistical significance among the accuracies of thematic maps 

generated using the three different classification techniques, McNemarôs test was applied 

to the prediction results of each LULC map. The results of the evaluated classification 

techniques produced from the same algorithm were analyzed in the pairwise comparison. 

The McNemarôs test results of UAV and WV-2 images were illustrated in Tables 5.1 and 

5.2, respectively. It should be noted that P-B, O-B, H-B represent the pixel-based, object-

based, and proposed hybrid classification techniques, respectively. When findings were 
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analyzed, it was seen that all tabular values were higher than the critical test value (i.e., 

3.84). In other words, there is a statistical significance between the accuracies of each 

classification technique. These results confirmed that the proposed classification 

technique outperformed to other two approaches. 

 

Table 5.1: Comparison of the performance of classification techniques on UAV image 

using McNemar's test.  

 

Algorithm Technique P-B O-B 
H-B 

(60%) 

H-B 

(70%) 

H-B 

(80%) 

R
F
 

P-B - 226.51 52.95 203.88 235.56 

O-B  - 1039.26 1056.09 739.17 

H-B (60%)   - 91.89 25.73 

H-B (70%)    - 3.91 

H-B (80%)     - 

X
G

B
o

o
s
t 

P-B - 230.77 120.79 23.75 4.46 

O-B  - 97.13 400.32 750.45 

H-B (60%)   - 324.29 605.25 

H-B (70%)    - 279.54 

H-B (80%)     - 

C
a
tB

o
o

s
t 

P-B - 112.48 10.21 69.32 213.63 

O-B  - 724.40 887.19 947.37 

H-B (60%)   - 174.54 267.99 

H-B (70%)    - 100.66 

H-B (80%)     - 

 

To analyze the variations in the class-based accuracies in the maps of UAV images, 

the FS values of all considered techniques calculated from each algorithm were converted 

into a column chart as shown in Figure 5.3. The figure clearly showed that the individual 

class accuracies of bare soil, forest, and meadow were improved by performing the hybrid 

classification technique in all scenarios compared to results of pixel-and object-based 

mapping. In addition, the pixel-based classification showed inferior performance in 



 72 
 

separating meadow and forest class borders. On the other hand, when the FS value of 

impervious surface reached the highest accuracy in the map of the suggested approach, 

which employs 80% threshold value generated by RF classifier, the FS values of 

mentioned class significantly decreased in the maps of XGBoost and CatBoost algorithms. 

On the other hand, it was found that the pixel-based classification determined the class 

boundaries of shadow with the highest accuracies. Furthermore, object-based XGBoost 

more correctly assigned the labels of tile-roof compared to results of other classification 

techniques estimated from RF and CatBoost. 

 

Table 5.2: Comparison of the performance of classification techniques on WV-2 image 

using McNemar's test. 

 

Algorithm Technique P-B O-B 
H-B 

(60%) 

H-B 

(70%) 

H-B 

(80%) 

R
F
 

P-B - 352.03 1259.13 985.25 914.35 

O-B  - 5.84 4.01 5.83 

H-B (60%)   - 286.55 375.47 

H-B (70%)    - 85.50 

H-B (80%)     - 

X
G

B
o

o
s
t 

P-B - 288.09 713.43 1030.25 990.42 

O-B  - 148.09 258.73 138.54 

H-B (60%)   - 81.22 53.77 

H-B (70%)    - 4.84 

H-B (80%)     - 

C
a
tB

o
o

s
t 

P-B - 257.91 734.15 990.60 1086.64 

O-B  - 370.53 155.52 514.38 

H-B (60%)   - 100.41 143.74 

H-B (70%)    - 112.05 

H-B (80%)     - 
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Figure 5.3: The comparison of class-based accuracies of each classification technique 

calculated by a) RF, b) XGBoost and c) CatBoost using UAV image.  
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Figure 5.4: The comparison of class-based accuracies of each classification technique 

calculated by a) RF, b) XGBoost and c) CatBoost using WV-2 image. 
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The class-based accuracy results of thematic maps generated by WV-2 using 

mentioned classification techniques were presented in Figure 5.4. As can be seen, when 

all combinations of the proposed classification technique more correctly determined the 

boundaries of the forest, impervious surface, shadow, steppe, and tile-roof classes, the 

pixel-based technique outperformed other techniques in the classification of the pool and 

white surface classes. On the other hand, similar results were obtained for forest and 

meadow classes in all cases. As a result, the implementation of threshold-based approach 

showed more effective performance in classifying most LULC classes determined in input 

images.  

 

5.3. Qualitative Performance Assessment of Classification 

Techniques 
 

In order to perform further analyses on the qualitative performance comparison of 

the proposed classification strategy in the mapping of high-resolution images against two 

well-known classification techniques, particular regions of both remote sensing images 

were evaluated. For this, eight sub-regions were determined in the UAV image and visual 

results of each technique in these regions were extracted, as shown in Figure 5.5. When 

the classification results of artificial structures representing impervious surface and tile-

roof classes were given between regions 1 and 3, the mapping results of other classes were 

illustrated from region 4 to region 8. The areas where the main classification difference 

occurred were marked with black and white dashed circles. It should be noted that the 

result of the algorithm that produced the map with the highest OA value in the visual 

performance comparison was utilized. It was observed in the true color image of region 1 

that the tile-roof's color turned yellow due to moss. When the maps of this region were 

analyzed, pixels representing the mossy tile roof generally assigned to bare soil LULC 

class by pixel-based technique. On the other hand, the labels of mentioned pixels were 

correctly classified by performing object-based classification. However, it was observed 

that pixels corresponding to impervious surface LULC class were predicted as tile-roof 

by object-based approach as shown with a dashed circle. Furthermore, each scenario of 

the suggested hybrid classification successfully eliminated the classification errors of 
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pixel-based technique by employing the correctly classified segments through object-

based result. In contrast, the boundaries of the impervious surface were correctly extracted 

using this region's pixel-based result.  

The sub figures of region 2 presented the mapping results of impervious surface, 

shadow and tile-roof classes. As can be seen, pixel-based classification showed inferior 

performance in separating class border of impervious surface and tile-roof, whereas the 

smoother and more accurate map was produced by object-based classification. On the 

other hand, object-based classification misclassified the shadow pixels between the two 

classes, whilst the pixel-based technique was more successful for labelling the shadow 

class in the marked areas. When the visual performance of the threshold-based hybrid 

classification approach was analyzed, it was observed that the boundaries of mentioned 

three classes were effectively mapped by employing 70% and 80% threshold values. In 

addition, the more satisfactory visual result was produced by applying 60% threshold to 

the proposed strategy compared to the results of two widely-used techniques. 

Region 3 shows the mapping result of the impervious surface class. When each map 

was assessed, it was seen that pixel-based classification outperformed to object-based 

technique. On the other hand, the pixel-based classification and the 60% threshold-based 

hybrid approach showed similar performance. In addition, when 80% threshold value was 

set, more accurate visual maps were generated compared to the performance of the hybrid 

technique, employing 70% threshold. 

The performance comparison results of each technique in mapping pixels 

representing shadow and forest were illustrated inregion 4. When sub-figures were 

analyzed, it was observed that many forest pixels were assigned to the meadow class in 

the pixel-based map. In addition, although the boundaries of forest class were determined 

with smoother visual by employing the object-based technique and hybrid-based 

approach, which uses 60% threshold, the most suitable maps were generated by the 

suggested classification strategy using 70% and 80% threshold values.  
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Figure 5.5: Visual assessment of classification techniques using UAV image.  


