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Abstract 

Geographic object-based image analysis (GEOBIA) is an innovative image classification 

technique that treats spatial features in an image as objects, rather than as pixels; thus 

resembling closer to that of human perception of the geographic space. However, the process 

of a GEOBIA application allows for multiple interpretations. Particularly sensitive parts of the 

process include image segmentation and training data selection. The multiresolution 

segmentation algorithm (MSA) is commonly applied. The performance of segmentation 

depends primarily on the algorithms scale parameter, since scale controls the size of image 

objects produced. The fact that the scale parameter is unit less makes it a challenge to select a 

suitable one; thus, leaving the analyst to a method of trial and error. This can lead to a possible 

bias. Additionally, part from the segmentation, training area selection usually means that the 

data has to be manually collected. This is not only time consuming but also prone to 

subjectivity. In order to overcome these challenges, we tested a GEOBIA scheme that involved 

automatic methods of MSA scale parameterisation and training area selection which enabled 

us to more objectively classify images.  

Three study areas within Sweden were selected. The data used was high resolution Geografiska 

Sverigedata (GSD) orthophotos from the Swedish mapping agency, Lantmäteriet. We 

objectively found scale for each classification using a previously published technique 

embedded as a tool in eCognition software. Based on the orthophoto inputs, the tool calculated 

local variance and rate of change at different scales. These figures helped us to determine scale 

value for the MSA segmentation. Moreover, we developed in this study a novel method for 

automatic training area selection. The method is based on thresholded feature statistics layers 

computed from the orthophoto band derivatives. Thresholds were detected by Otsu’s single and 

multilevel algorithms. The layers were run through a filtering process which left only those fit 

for use in the classification process. We also tested the transferability of classification rule-sets 

for two of the study areas. This test helped us to investigate the degree to which automation can 

be realised.  

In this study we have made progress toward a more objective way of object-based image 

classification, realised by automating the scheme. Particularly noteworthy is the algorithm for 

automatic training area selection proposed, which compared to manual selection restricts human 

intervention to a minimum. Results of the classification show overall well delineated classes, 

in particular, the border between open area and forest contributed by the elevation data. On the 

other hand, there still persists some challenges regarding separating between deciduous and 

coniferous forest. Furthermore, although water was accurately classified in most instances, in 

one of the study areas, the water class showed contradictory results between its thematic and 

positional accuracy; hence stressing the importance of assessing the result based on more than 

the thematic accuracy. From the transferability test we noted the importance of considering the 

spatial/spectral characteristics of an area before transferring of rule-sets as these factors are a 

key to determine whether a transfer is possible.  

Keywords: automatic training area selection, scale parameterisation, multiresolution 

segmentation, classification rule-sets, positional accuracy 
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1 Introduction 

This section introduces the topic of the thesis. First, a brief introduction to the field of study is 

made, focused on remote sensing and object-based image classification. Second, we discuss the 

problems that are to be illustrated by this research. Third, we define the aims. Fourth, the 

specific research questions, in connection to the aims, are presented.  

1.1 Background 

Mapping of the world around us has been an important part of the human civilisation dating 

back more than 5000 years (Koeman, 1993). As societies have progressed, geographic 

information has undergone a transformation from the paper-based format to the digital medium 

commonly known as spatial data. Land surveying inevitably plays an important part in 

gathering of spatial data of today, and has also done so throughout history. However, since the 

mid-19th century, acquiring of information from the Earth’s surface has gradually shifted from 

mainly terrain based methodologies by surveying, onto air-based, and even space-based, data 

acquisition techniques. With the use of various forms of airborne devices, such as aircrafts, and 

satellites orbiting the Earth, geographic data is nowadays collected in massive amounts using 

digital sensor technology. The end product is often in the form of digital photography, or 

imagery, containing multispectral or even hyperspectral, information radiated from various 

features on the surface of the Earth. The field from which such technology emerges is fittingly 

named remote sensing.  

Noted by Lillesand et al. (2008), the launch of the first commercial satellite in 1972 called 

Landsat-1, made remote sensing data by digital imagery widely available for the general public. 

This led to the development of new techniques of mapping, called image classification. Image 

classification within remote sensing refers to automatic and semi-automatic techniques aimed 

at categorising the pixels of an image into land use and land cover (LULC) classes. A common 

objective is to produce thematic maps. The very first methods of image classification were what 

are today commonly known as pixel-based techniques. Each pixel of an image contains a digital 

number (DN) which corresponds to the average electromagnetic radiation recorded within each 

pixel area by a sensor. This spectral information is used by a pixel-based technique to merge 

similar pixel values into spectrally homogeneous classes. Supervised classification is widely 

adopted in pixel-based classification. In essence, the supervised technique is based on a set of 

training areas defined by the analyst, with each area representing a desired thematic class. 

Thereafter, based on the DN values within each training area, the entire image is classified using 

a classification algorithm. 

Pixel-based classification has been designed in times when low resolution imagery was the 

predominant remote sensing data. Today, advancements in sensor capabilities have made high 

resolution imagery much more available. Blaschke (2010) points out a significant difference 

with low resolution in comparison to high resolution. In low resolution imagery, a majority of 

geographic objects are smaller than the actual pixel size. However, as the spatial resolution 

increases, i.e. the pixel size decreases, smaller features become greater than the actual pixel 

size. In order to accurately unravel more detailed objects in a high resolution imagery, without 

the emergence of salt and pepper noise commonly resulted by pixel based techniques, an 

alternative method called geographic object-based image analysis (GEOBIA) can be used. 

Since the beginning of the year 2000, image classification based on objects has been a major 
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research front in remote sensing. Today, GEOBIA is even discussed as being a new paradigm 

in remote sensing as well as within the geographic information science (GIScience) (Hay and 

Castilla, 2008; Blaschke et al., 2014).  

Described by Lillesand et al. (2008), the process of GEOBIA can be divided into two 

fundamental steps. The object-based classification technique involves, first, segmentation of 

geographic features into objects, and second, classification of objects into thematic classes. 

There is multitude of segmentation algorithms available, whereas region-growing algorithms 

are of particular popularity in remote sensing applications (Espindola et al., 2006). Similarly, 

there is a wide range of methods for classification available (Trimble, 2015). As stated by Gorte 

(1998), one of the strengths of segmenting imagery into objects, lies in its capability to treat the 

information in the image similar to that of human perception. Features in the image are treated 

as individual objects rather than pixels, and is therefore able to delineate geographic objects 

more realistically. In this study, the major focus will be on addressing the possibilities of an 

automatic classification process based on GEOBIA to delineate geographic entities as 

objectively as possible.  

1.2 Problem Statements 

An ultimate goal in mapping is to produce delineation of geographic objects as realistic and 

accurate as possible without going to the extreme in terms of time and money spent. However, 

an evident problem is the subjectivity of the mapping specialist, whether using manual methods 

of acquisition or image analysis techniques. This is particularly true in application of object-

based classification, or GEOBIA, where much of its current processes require expert knowledge 

(Blaschke et al., 2014). Thus, results vary widely from analyst to analyst, based upon the experts 

individual interpretations and decisions; a well-known issue in GIScience for decades 

(Robinson and Frank, 1985; Goodchild, 1995). This makes subjective decisions an inevitable 

part of the analysis. Automating the analysis of object delineation is a way of overcoming 

individual intervention, as the method then should be built upon a robust way of acquiring the 

data that works in most instances without major changes. According to Blaschke (2010), finding 

ways of automating GEOBIA has become a key research topic in recent years. In view of the 

aforementioned, the overall aim of this thesis is to test the possibilities of automating GEOBIA 

using a specific kind of very high resolution imagery on test areas in Sweden. Therefore, we 

will in the following paragraphs discuss some of the key problems that are to be investigated 

by means of this study related to the challenges of applying an objective application of object-

based classification.  

First, the challenge of determining appropriate segmentation parameters needs to be addressed. 

As noted by Hay et al. (2003), the stage of segmentation using some of the popular region 

growing algorithms, such as the multiresolution segmentation algorithm (MSA) (Baatz and 

Shäpe, 2000), requires a procedure of ‘trial and error’ in order to achieve proper delineation of 

geographic objects. This is well reflected in multiple studies enforced to such an approach (e.g. 

Mathieu et al., 2007; Gao and Mas, 2008; Jia, 2015). Of particular importance is the scale 

parameter, as its value affects the size of resulting segments, or image objects (Baatz and Shäpe, 

2000). The problem of finding optimal parameter values can be derived from the fact that they 

are unit less (Benz et al., 2004), and thus very challenging to determine properly. As a result, 

suggested optimal parameter value vary widely from study to study, and this possibly indicates 

that optimal parameter is highly dependent by the data used and the particular case concerned.  
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A second issue relates to the training stage of supervised object-based classification. The 

classifier of a supervised object-based method requires some input samples, i.e. training data. 

The training samples for each thematic class to be generated are selected based on the objects 

delineated by the segmentation. It is a crucial stage of the analysis as it has proven highly 

influential to the final result, especially the training set sizes (Ma et al., 2015). Therefore, it 

often needs some expert knowledge in order to select representative samples for each class 

(Büschenfeld and Ostermann, 2012). Also, in most real cases, training sizes amounts to several 

thousands; and has to be manually selected (e.g. Yu et al., 2006). This is both a labouring and 

subjective work.  

In order to assess on the possibilities of automating a GEOBIA scheme it is of great value to 

test the transferability of a scheme to multiple cases. As a result, patterns can emerge that can 

be used to validate the degree to which automation is possible. Also, the usefulness of certain 

rule-sets, including for example parameter values, can be better determined. Transferability of 

MSA parameters has been investigated by for instance Darwish et al. (2003), and Espindola et 

al. (2006). Similarly, Tormos et al. (2012) assessed the transferability of an entire classification 

scheme, involving segmentation parameters and feature statistics. In all cases, some general 

patterns were found which may be used to automate a specific scheme.  

The outcome of a transferability assessment should be based on an accuracy assessment. 

Accuracy of data produced is assessed so that to determine the fitness for use of the data 

(Chrisman, 1984). Thematic accuracy refers to the accuracy of assigned values and attributes 

of the data in comparison to the ground truth (Veregin, 1999). It is a significant element of the 

overall data quality. The list of studies focusing solely on assessing the thematic accuracy of 

classified remotely sensed data can be made very long (e.g. Shackelford and Davis, 2003; Yu 

et al., 2006; Mathieu et al., 2007; Li and Shao, 2013: Demers et al., 2015). Nonetheless, little 

or no attention is put on another very important quality element, namely the spatial or positional 

accuracy. For example, accurately distinguishing between land and water is a very important 

part in image classification. However, equally important would be to accurately determine the 

positional accuracy of the border (shoreline) between the two classes.  

Following the above discussion, in this study we are to develop and test an automatic procedure 

of GEOBIA using a case study of Geografiska Sverigedata (GSD) orthophotos (Lantmäteriet, 

2015d) of very high spatial resolution. The research is derived from the current need at the 

Swedish Mapping, Cadastre and Land Registration Authority, Lantmäteriet, to find automatic, 

and in the ultimate case, objective ways of mapping of their data. The data include a wide 

spectrum of GSD map products, for example the detailed level national property map, named 

GSD-Property Map (Lantmäteriet, 2015e). The existing need of Lantmäteriet can be put in 

contrast to current methods they use for mapping; methods based on mainly manual techniques, 

whereas the most common methods is by photogrammetric plotting and screenshot 

digitalization on digital orthophotos. These are both time consuming and subjective ways of 

mapping; time consuming because there is a wide spectrum of object types that need to be 

included; subjective due to variation in individual expert interpretations. Thus, automating 

procedures for spatial data acquisition is of great need. GEOBIA shows great potential in this 

regard. However, as already been clarified by the discussion of this subsection, automating 

object-based classification based on high resolution imagery is challenging due to several 

reasons. Therefore, a study focused on automating GEOBIA based on GSD data is of important 

value.  
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1.3 Aims of the Study 

In regard to the problem statements discussed above, the overall aim of this thesis is to test an 

automated procedure of GEOBIA for objective extraction of LULC classes using GSD 

orthophotos, identify challenges and opportunities of the method, and examine the methods 

transferability in two other cases. More specifically, the aim is three-folded. First, we are to 

develop an automatic GEOBIA scheme so that to objectively classify LULC classes similar to 

those of the GSD-Property Map. Second, the transferability of the entire classification rule-sets 

is assessed using three specific case studies. Third, we are to perform an in depth accuracy 

assessment in order to validate both the thematic and positional accuracy of classified data so 

that to assess on the degree of transferability.  

In regard to the first aim, we are to develop an automatic scheme for classification using 

GEOBIA in order to successfully extract a set of thematic classes similar to those of the GSD-

Property Map. The aim is to automate two important parts of the classification, namely the scale 

parameter selection for the segmentation, and the training area selection. Our hope is that 

automation of these key processes can replace the trial and error method as well as human 

subjectivity, which can lead GEOBIA toward a more objective approach. Hence, we are to put 

special attention to the selection of scale parameter and training areas in the study.  

By the second aim, we are to test the transferability of the classification rule-sets defined for 

this study based on three test areas. The test areas are located within Sweden. Emphasis is put 

on one of the test areas located in Gävleborg County, as it will form the basis for the initial 

development of classification rule-sets, thereafter to be transferred to the other two test areas. 

We believe the transferability assessment can illuminate the potential and challenges of 

automating GEOBIA using GSD data as input in order to extract classes. Optimally, the map 

result of the transferability assessment should meet the quality requirements of both thematic 

and positional accuracy as specified by GSD-Property Map specifications (Lantmäteriet, 

2015b; 2015f; 2014), without the need of major modification on the classification rule-sets.  

With the third aim we want to examine the quality of classified data. The accuracy assessment 

provides a way of measuring the overall quality of resulting map, but more importantly, it 

enables us to validate the transferability assessment previously conducted. Both thematic and 

positional accuracy is measured. This allows us to assess on the accuracy both within classes, 

and at borders of classes. Positional accuracy is something previously not well emphasized in 

accuracy assessment of remotely sensed data produced by GEOBIA, yet a very important 

element of spatial data quality (Veregin, 1999). Hence, besides the thematic accuracy, it is of 

great value to also determine the positional accuracy so that to validate it according to the 

accuracy requirements of GSD data.  

1.4 Research Questions 

We have elaborated on four research questions which are to be answered in this study. These 

questions are related to the problem statements and specific aims described in the previous 

subheadings. The research questions are as follows: 

1. How can the MSA scale parameterisation and training set selection of the GEOBIA 

process be automatically and objectively defined?  

2. What problems and prospects are evident in the case of using an automated GEOBIA 

scheme?  
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3. What level of accuracy in terms of both thematic and positional accuracy is achieved?  

4. How is the accuracy of classified orthophotos altered when transferring a rule-set of 

image classification obtained in a previously classified data onto another data?  

1.5 Organisation of the Thesis 

The report is organised into seven chapters. Chapter one presents the background to the study, 

followed by the problem statements, specific aims, and research questions. Chapter two give a 

brief introduction to some theoretical concepts of the thesis related to remote sensing, image 

classification, and GEOBIA. Thereafter, in chapter three, we discuss the findings of the 

literature review dealing with GEOBIA, comparison studies with pixel-based classification, and 

research testing the transferability of classification rule-sets. In Chapter four we describe the 

methodology of the project with regard to the automatic object-based classification scheme 

applied based on three study areas in Sweden. Chapter five presents the results of the image 

classification. Then, in chapter six, we discuss the outcome of the research with specific 

attention to future values. Finally, in chapter seven, we conclude our findings and discuss some 

suggestion of forthcoming work.  
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2 Theoretical Concepts 

In this section the theoretical background of remote sensing and aerial photography followed 

by image generalisation or classification to extract semantic objects is discussed. Comparison 

between image classifications approaches with regard to unit of analysis is also discussed since 

it gives us perspective in analysing digital images. Analysing images as pixel compared to 

image objects is referred to as a paradigm shift in some texts. Hence, we have tried to summarise 

the concepts and research methodologies. Moreover, the rationale of object-based image 

analysis is discussed in details.  

2.1 Remote Sensing and Aerial Photography 

Remote sensing is the core topic of this thesis. Elachi and Van Zyl (2006) define remote sensing 

as the “acquisition of information about an object without being in physical contact with it” (p. 

1). Lillesand et al. (2008) explain remote sensing as involving two major parts, namely data 

acquisition and data analysis. Data acquisition includes acquiring information about features in 

the geographic space, i.e. the surface of the earth, achieved through passive or active sensors, 

such as by a digital camera (passive) or laser scanner (active). A sensor is attached to an airborne 

device, such as an aircraft or a satellite with the capability of registering terabytes of data, such 

as raster images and airborne laser scanner (ALS) data. However, in many cases, an image, or 

a point cloud, is itself not the end product, rather a source of further engendering meaningful 

information of the geographic space. This is where the part of data analysis enters. Meaningful 

information may be obtained through classifying the data into distinguishable LULC classes, 

later to be used in different kind of geographic information system (GIS) applications. 

In this study, we are making use of remote sensing data produced by Lantmäteriet in the form 

of orthophotos for extraction of LULC classes through image classification techniques. 

Orthophotos are derived from aerial photography. Aerial photography is collected by passive 

sensor, today commonly by digital camera. The pixel size, i.e. the spatial resolution, depends 

both on the camera used and the altitude from which the photographs are taken. In reference to 

Lantmäteriet (2015d), digital camera types used by Lantmäteriet are Digital Mapping Camera 

(DMC), UltraCam Eagle (UCE), and UltraCam Xp (UCXp). Flight height varies from 2500 m-

7400 m. Hence, the final spatial resolution is of either 0.5 m or 0.25 m. 

Remote sensing cameras, such as the ones mentioned above, are in fact electromagnetic energy 

sensors (Lillesand et al., 2008; Elachi and Van Zyl, 2006). A camera is designed so that to 

record electromagnetic energy (radiation) as reflected and emitted from various geographic 

features on the ground. This energy is constituted by wavelengths with a sinus length of λ 

measured commonly in μm, and identified within the electromagnetic spectrum. In remote 

sensing, we are typically looking at energy in wavelengths from 0.4 μm-10 μm, i.e. from visible 

light to thermal infrared. Earth surface features are reflecting and emitting different magnitudes 

of electromagnetic energy at different wavelengths, and these variations are stored in an image 

as DN: s for each individual pixel. The variance is visually displayed in a photograph by colour 

or grayscale intensities as demonstrated by each pixel. The range of DN: s depends on the 

radiometric resolution of the image, which in turn determines the data storage size. For 

example, in a 4-bit imagery 16 different intensity values can be shown, whereas in an 8-bit 

imagery in total 256 different values, and thus much more details, can be displayed.  
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As a case in point, the UCE camera as used by Lantmäteriet (Lantmäteriet, 2013b) is set to 

record reflected radiation in the wavelength area of 0.4 μm-1 μm (Gruber and Prassl, 2013). 

This corresponds in the electromagnetic spectrum to the interval from visible light to near 

infrared (NIR). A photograph taken by UCE, or in fact any other common passive sensor, may 

record the electromagnetic energy as the total of reflectance within each pixel or, as subdivided 

into bands of recorded intensity. The former results in a panchromatic image, while the latter 

in a multispectral image (Klang and Ågren, 2008). A multispectral image is therefore divided 

into layers corresponding to each recorded spectral band. In a UCE derived multispectral image, 

reflected electromagnetic energy is stored in four separate bands (Gruber and Prassl, 2013). The 

first three bands, called red, green, and blue (RGB), correspond to the visible light (0.4 μm-0.7 

μm), while the fourth band stores NIR wavelength reflectance (0.7 μm-1 μm). Using some 

remote sensing or GIS software enables for different band combination to be selected. An image 

displayed in normal colours amounts to combine bands RGB, while a colour infrared (IR) 

composite is a combination of the bands red, green and NIR (Lillesand et al., 2008). As for the 

radiometric resolution, UCE cameras originally stores data as 12-bit imagery. Thereafter, the 

imagery is radiometrically processed into 8-bit imagery (Lantmäteriet, 2013b).  

A major problem with digital aerial photography is scale distortions of geographic objects. The 

scale problem is derived from variations in terrain characteristics, the alignment of the camera, 

and the photograph’s central image projection. As explained by Klang and Ågren, (2008), the 

scale problem is solved by applying geometrical corrections to the photograph. This results in 

an orthophoto. The procedure of geometrical corrections involves converting a set of aerial 

photography from a central projection to an orthogonal projection with support of a digital 

elevation model (DEM). The procedure removes scale variations dependent on different 

altitudes. A combination of orthogonally corrected aerial photography is then put into a mosaic. 

The end product is a scale corrected image, called an orthophoto. In this project, orthophotos is 

to be used for image classification.  

2.2 Image Classification  

Digital image classification is a task of generalization where a large set of data of one dimension 

or more are discriminated from each other via some models with some assumptions. The 

objective could be to detect boundaries, LULC changes, or other similar purposes. However, 

when we do some generalization or simplifications we are prone to different errors and these 

errors can be grouped into two, namely bias and variance (Lu et al., 2011). Moreover, the nature 

of image, sample selection for training areas, quality of ancillary data, pre-processing and 

selection of classification algorithm are the critical steps in digital image classification. 

Furthermore, selecting the unit of analysis, i.e. either by object or pixel, is getting more attention 

in the recent literature especially with regard to higher resolution images.  

Pre-processing of the digital image depends on the ancillary data, for example if only one image 

data is used for classification purpose it might not be required to do some atmospheric 

correction if otherwise it might be required for multi temporal images. However, if the 

topography of the areas is rugged it might be required to do topographic corrections. Hence, 

feature extraction and selection is a critical step in image classification (Lu et al., 2011). 

There are several classification algorithms; here we list some of the common classifiers, that is, 

nearest neighbour, decision tree, and maximum likelihood approach. All have their own 

advantages and disadvantages. Maximum likelihood approach is most common in pixel based 

classification approach. The quality of results depends heavily on the training data sets 
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representativeness. In pixel based classification techniques the computer is trained so that to 

divide an image into manageable classes, based on individual spectral signatures that are 

developed from training areas. A classifier algorithm is then employed in order to divide the 

image into manageable classes, based on the spectral signatures (Lillesand et al., 2008). 

However, most techniques which make use of pixel value for classification lack to consider the 

possibility of integrating the structural knowledge such as texture, shape, and objects 

relationships (Blaschke et al., 2014). However, it is worth to notice that there are many 

techniques which are developed to detect textures, neighbouring cell value which compliments 

reflectance properties each object in different image bands to improve positional and thematic 

classification. Moreover, taking the image at the right day, time, and season, as well having the 

right ancillary data, seems equally important as classifier itself (Bodart et al., 2011; Saadat et 

al., 2011).  

In addition to that, there are several techniques used to overcome the limitation of pixel-based 

LULC detection and classification. Hussain et al. (2013) have in a review presented a 

comprehensive list of both pre-classification and classification techniques. In reference to the 

review, image transformation through vegetation index and principal component analysis 

(PCA) are common methods to gain more knowledge. Furthermore, machine learning 

algorithms like support vector and decision tree algorithms produce reasonable information 

when the analyst have limited knowledge. Similarly, advanced methods like spectral mixture 

analysis to detect LULC change seems to have good results and the results argued to be 

transferable. However, it is time consuming and difficult to get the right threshold pixel values 

and to quantify the neighbouring cell spatial correlation values, even though research is 

advancing by searching the possibilities of fuzzy boundaries, texture analysis, and the likes 

(Hussain et al., 2013). 

2.3 Geographic Object-Based Image Analysis  

As previously stated, GEOBIA is an abbreviation for geographic object-based image analysis. 

Until recently, the technique was often termed as simply object-based image analysis (e.g 

Blaschke, 2010; Laliberte et al., 2010). However, the word ‘geographic’ is increasingly often 

used to clarify its specific application within remote sensing and GIS (Hay and Castilla, 2008). 

GEOBIA is thought of as a relatively new image classification technique in comparison to 

pixel-based methods. An early attempt of integrating GEOBIA in remote sensing applications 

was made already in the 1990s, by for example Câmara et al. (1996), among others. 

Nevertheless, it was not until the beginning of the year 2000 that we see an increased interest 

of GEOBIA as a research topic in remote sensing (Blaschke, 2010). Due to its widespread 

research interest and subsequent technical advancements made, many today regard GEOBIA 

as a new paradigm within GIScience (Hay and Castilla, 2008; Blaschke et al., 2014). One of its 

main advantages over pixel-based methods is that it treats geographic features in an image as a 

set of objects instead of as individual pixels. This is a great conceptual advancement. 

The application of GEOBIA for the purpose of LULC classification can be categorised into a 

set of process steps. The initial step of GEOBIA, which sets it apart from traditional pixel based 

ones, is image segmentation. In image segmentation, an image is grouped into objects based on 

spectral and/or spatial properties of an image (Wang et al., 2010). This is a concept that for a 

long time has been a concern for research in fields outside remote sensing (e.g. Haralick and 

Shapiro, 1985; Pal and Pal, 1993). Today, a wide range of segmentation algorithms are 

available, whereas region-based algorithms are the ones most applicable within the field of 

remote sensing (Wang et al., 2010). The reason is its capability to merge pixels into spectrally 
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homogeneous areas, and at multi-scales (Benz et al., 2004), thus reflecting the human 

perception, which tend to group the geographic space into hierarchies of homogeneous objects 

(Gorte, 1998). Within the group of region-based algorithms are for example the region-growing. 

A very common one, as previously mentioned, is the MSA (Baatz and Shäpe, 2000), integrated 

in popular software for object-based classification, that is, eCognition (Trimble, 2015). Other 

similar region-growing algorithms have been developed (e.g. Devereux et al., 2004; Wang et 

al., 2010), however, there is no doubt the MSA surpasses corresponding ones in terms of 

popularity.  

The second step of the GEOBIA process is devoted to the image classification. This step can 

be further divided into a set of subcategories. Calculating statistics is an important subcategory 

of image classification in order to successfully separate between different desired thematic 

classes. Hereon is discussed on information drawn from eCognition 9.1.2 software (Trimble, 

2015). Nonetheless, the concept of statistics applies for other similar object-oriented image 

analysis software as well. Statistics is generated primarily from the bands of the imagery in 

hand. Statistics of each band, such as mean, standard deviation, and ratio is calculated either 

locally for each object as generated from the antecedent step of image segmentation, or globally 

for a segmented image as a whole. These statistics are often referred to as features, feature 

statistics, object features, or similar. However, as stated by Carleer and Wolff (2006), in order 

to overcome the problem of colour (spectral) similarities of the imagery bands, some additional 

statistics, or features, are often needed. These additional features, such as size, shape, texture, 

and others, can be calculated from ancillary data, such as from elevation data (e.g. Yu et al., 

2006; Juel et al., 2015), and similar. In essence, each individual feature computed for the 

analysis has its specific purpose of separating between two or more classes (Carleer and Wolff, 

2006). Hence, the purpose of feature statistics is that it adds information so that objects can be 

easier merged by resemblance into thematic classes. 

After the step of adding feature statistics to the analysis, the objects are finally classified into a 

set of classes using some classification method. Classification methods can be divided into two 

types, namely supervised classification (using training data and classifier), and rule-based 

thresholding (Trimble, 2015). The former uses training data in the form of objects, selected for 

each class. The number of training data, or samples, selected for each class varies from case to 

case. Samples, which contain information about each feature calculated, should each one 

represent a typical characteristics of a particular class. Based on the object samples selected, a 

classification algorithm is applied so that to find similar objects that are merged into thematic 

classes. There are many types of algorithms, whereas for example Bayes, nearest neighbour 

(NN), and decision tree, are classifiers embedded in eCognition. The classification method 

based on training data and classifier is vital when a complex set of classes has to be classified, 

as it enables for a wide range of features to be incorporated in the analysis. Different from the 

above explained classification procedure is the rule-based methodology by thresholding. It 

simply divides objects into classes based on for example mean threshold as defined by different 

features. This is a preferred method if for example classes are easily separated using only a few 

features. 
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3 Literature Review 

In this section the research related to the thesis are reviewed. In the review process methods of 

the studies and important results are presented. Most studies in this field are comparison studies 

on object versus pixel-based approaches; therefore, we review some articles that have particular 

importance to the study to enhance the perspectives on the research field. The focus of the 

review was to get insight and method to answer the research questions.  

3.1 Classification by Objects 

Classification by objects is the key concept of this study. Hereon follow a few examples useful 

to our research. Yu et al. (2006) provides an advanced methodology of GEOBIA. They used a 

12-bit IR multispectral orthophotos mosaic with a spatial resolution of 1 m. The imagery was 

segmented using MSA in software eCognition. From the imagery and ancillary data, features 

of several kinds were statistically generated, for example spectral features from the four bands 

of the imagery and intensity-hue-saturation (IHS) transform indices, topographic features from 

the several derivations of the DEM, and texture features from the NIR band. By feature selection 

optimal features were utilised in a hierarchical classification tree to separate between different 

thematic classes. A two stage nearest neighbour classifier was used in the analysis, 

implementing one sample per object. First, four general classes were derived, and second, the 

remaining 44 vegetation classes. They argue that the use of features significantly improved the 

accuracy of the classification, especially the use of topographic features. This stresses the need 

for appropriate ancillary data in object-based analysis.  

The importance of using some ancillary data to derive feature statistics is well stressed also in 

other literature. Laliberte et al. (2010) made use of normalised difference vegetation index 

(NDVI) and the DN values of the high resolution (0.04 m) panchromatic aerial imagery (red, 

green, and NIR) so that to find appropriate thresholds for the different classes. Through the DN 

values, shadows and non-shadows were successfully separated. The NDVI layer proved useful 

to separate vegetation from non-vegetation, and also to distinguish between more specific 

vegetation classes of bushes, grass, and forbs. Li and Shao (2013) derived both NDVI and 

principal component analysis (PCA) layers from 1 m resolution 8-bit aerial imagery of bands 

RGB and NIR. They argued that both the NDVI and the second PCA band where spectrally 

different, thus these were used in different ways in order to improve the classification accuracy. 

Besides layers generated directly from imagery, Juel et al. (2015) employed digital terrain 

model (DTM) and canopy height model (CHM), both derived from ALS data. The information 

from DTM and CHM were used to statistically calculate different features for the classification 

using the random forest classification algorithm. For example, CHM was useful to separate the 

spectrally similar classes of forest from other low vegetation.  

3.2 Comparison Studies with Pixel-Based Techniques 

According to Demers et al. (2015), GEOBIA is more flexible and rule-sets are transferable in 

comparison to pixel-based classification techniques, even though the results had more or less 

similar accuracy in very heterogeneous and fragmented landscapes. In their study they used 

SAR and SPOT to extract features. The techniques employed were for the pixel-based approach 

the maximum likelihood algorithm, and in GEOBA multi-resolution algorithm for 
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segmentation and hierarchy classifier for the classification. They stated that the lower accuracy 

results from GEOBIA can be improved by fuzzy algorithm and proper thresholding of different 

features which might take considerable time. On other hand, Whiteside et al. (2011) argue that 

GEOBIA is suitable for heterogeneous image classification.  

Another comparative study using Landsat data conducted by Dingle Robertson and King (2011) 

showed that there is no significant difference between pixel-based and GEOBIA techniques. 

However, they mentioned that the visual quality is more attractive in GEOBIA than pixel-based 

method, in particular, they noticed a ‘salt and pepper’ appearance produced by the pixel-based 

technique. Furthermore, Weih and Riggan (2010) concluded that spatial resolution of the data 

set improves the performance of GEOBIA and they pointed out that standard method of 

accuracy assessment may not fit to GEOBIA.  Studies conducted by Duro et al. (2011) analysed 

three common machine learning algorithms both used pixel and object unit of analysis and their 

result suggests no significant difference, however if the resolution increases the object based 

classification outperforms pixel-based classification. Myint et al. (2011) compared both 

techniques on QuickBird image of 2.4 m resolution and the results were 90.4% accuracy with 

GEOBIA whereas only 63.3% accuracy in case of pixel-based classification. Hence, we can 

hypothesis that GEOBIA is the best alternative when we deal with high resolution imagery.  

3.3 Transferability of Rule-Sets  

Studies on transferability of rule-sets are important for automation purpose since most studies 

use visual inspections by trial and error to determine the different parameters. In a rule-set 

transferability study conducted by Demers et al. (2015) it showed that GEOBIA rule-sets are 

replicable with some spectral threshold modifications. Rokitnicki-Wojcik (2011) suggested that 

spectral threshold modification when applying rule-sets developed in one study area to other 

areas depend on the features to be classified. Similarly, Tormos et al. (2012) suggest that 

different scale classification and resolution datasets can be combined to improve classification 

accuracy. Furthermore, Hofmann et al. (2011) produced a method to measure the robustness of 

rule-set transferability; in that way it was possible to determine the robustness of the transferred 

rule-sets from one locality to others.  

Demers et al. (2015) assessed the transferability of MSA parameters visually and the objective 

was to overcome the spectral value difference due to atmosphere and sun angle of the day the 

image was taken. In that study the scale parameter used varied between 35 and 175 and were 

identified by trial and error. Moreover, spectral value was argued to be the most important 

parameter in classification of objects, even though others like shape, compactness, texture, and 

topology were considered in the classification process. Granholm et al. (2015) stated that scale 

selection was limited to match the reference polygons and other parameters were selected 

visually and they mentioned it was challenging to delineate the boundaries between forest and 

open areas. Furthermore, Li and Shao (2013) argued that quantification of MSA parameters and 

ancillary data could help to improve the classification accuracy.  
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4 An Automatic Object-Based Classification Scheme 

In this section an automatic GEOBIA scheme is presented using a case study of GSD data 

(Figure 1). The subtopics of the methodology include study areas, data sets, image 

segmentation, feature generation, automatic training area selection, image classification, 

transferability test, and thematic and positional accuracy assessment.  

 

Figure 1 General flowchart of the classification process.  

The study areas were selected in three different locations in Sweden. We used only GSD data 

as input. The imagery was classified into two hierarchical levels, which for the first level 

included forest, open area, and water, and for the second level coniferous and mixed forest, 

deciduous forest, impervious surfaces, soil, and rock, low vegetation, and water. The first step 

in the process was to segment the orthophoto into objects using the MSA algorithm. Thereafter, 

feature statistics for the orthophoto bands and elevation data was made. These were used both 

in the training area selection process and in the classification. We introduced and tested a novel 

method for automatic training area selection based on feature statistic thresholds. Results were 

assessed based on its thematic and positional accuracy. Thematic accuracy was assessed for all 

the classes, while positional accuracy only for the three main classes, namely forest, open area, 

and water. Finally, the transferability of the classification scheme was tested by applying rule-

sets developed for the main study area to the other two areas.  

4.1 Study Areas and Data Sets 

For the purpose of automatic extraction of LULC classes and conducting a transferability 

assessment we have selected three study areas located within Sweden. We refer to the sites as 

Area A, Area B, and Area C (Figure 2). Each site covers an area of 2.5 km x 5.0 km. The test 

areas reflect general characteristics of the Swedish natural and cultural landscape ranging from 

agricultural lands, deciduous and coniferous forests, and networks of lakes and streams.   

Area A is the main study area located on the east coast of Sweden, approximately 25 km north 

of the regional capital Gävle, in Gävleborg County, and 183 km from the capital city Stockholm. 

The area is a mix of forest, predominantly coniferous forest, agriculture, and the lake 

Hamrångefjärden. A village with the same name as the lake, Hamrångefjärden, is also located 

within the area. Two streams are connected to Hamrångefjärden called Hamrångeån and 

Häckelsängsbäcken. Overall, the site contains geographic characteristics typical to the Swedish 

east coast.   
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Area B is found in the south western part of the country, more specifically in the south western 

part of Vänern, the largest lake in Sweden. It is located within Västra Götaland County, about 

323 km from Stockholm. The land use of the area is mainly of agriculture, followed by land 

cover of mixed coniferous and deciduous forest in the east. Further eastward is the shoreline of 

Vänern. Two streams are running across the site, named Dalbergsån and Lillån. In addition to 

agricultural land and forest are sparsely scattered farm houses.   

 

Figure 2 Study areas displayed with infrared orthophoto (Images: © Lantmäteriet).   

Area C is located in the northern part, 56 km west of the town of Jokkmokk (Lule Sámi: 

Jåhkåmåhkke), in Norrbotten County, and approximately 824 km from Stockholm. The site is 

a subarctic area typical to that of the northern part of Sweden. Forest is the dominant land cover. 

Another characteristic is bare rock. The highest peak of the area is the mountain Oarjep 

Gáddoajvve (730 m.a.s.l.). From the south west onto the east runs the stream Jiervasjäkhå, 

which runs across the lake Vuolep Jiervasjávrre and out in the bay Jiervasloukta of lake Karats 

(Lule Sámi: Gárásj). The area is unpopulated, thus no significant human made structures are 

found.   

Each data set used in this study is produced by Lantmäteriet and georeferenced according to the 

projected planimetric (N, E) national reference system called SWEREF 99 TM, and the national 

height reference system (H) called RH 2000. The main data are high resolution GSD 
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orthophotos (Lantmäteriet, 2013a; 2015d). The orthophotos are produced based on aerial 

photographs (Lantmäteriet, 2013b). The aerial photographs are seasonally taken from early 

spring until late summer, usually from April 1 to September 15. Photographs are taken in a 

flight line with approximately 60% cover for each pair. Most commonly, an 8-bit radiometric 

resolution is used, with recording of bands RGB (400 nm-750 nm), and NIR (750 nm-1050 

nm). Digital cameras utilised ranges from DMC, UCE, and UCXp (Figure 3). In this study, we 

make use of stereo pairs of aerial photographs for generation of digital surface model (DSM).  

 

Figure 3 Spectral sensitivity of an UCE camera 

(Image: © Vexcel Imaging GmbH).  

In regard to the GSD orthophotos, we use two different types. For Area A and Area B, the 

orthophotos are based on aerial photography with 8-bit radiometric resolution taken at intervals 

of every second year with a spatial resolution of 0.25 m. It is named GSD Orthophoto25. 

Photographs of Area C are of the type GSD-Orthophoto; 8-bit images taken at intervals of every 

sixth to tenth year with a resolution of 0.5 m. We have orthophotos of true colour of band RGB, 

and IR, whereas the IR images consist of the bands red, green, and NIR. In Area A and Area C, 

photographs are taken with UCE camera (Gruber and Prassl, 2013). In Area B, the camera type 

used is an UCXp (Gruber and Muick, 2014). The metadata of the photographs is summarised 

in Table 1. Note that the number of GSD orthophotos are two 2.5 x 2.5 squares for each study 

area, and that these have been directly computed from the aerial photographs; thus both the 

orthophotos and the aerial photographs have the same temporal accuracy. The GSD IR 

orthophotos are applied in the stage of classification.   

Table 1 Metadata about aerial photography used.  

Study Area Orientation # of Photos Date-Time Camera 

Area A 
S-N 5 01/08/15-14:23 

UCE 
S-N 5 01/08/15-06:57 

Area B 

N-S 7 06/09/14-14:21 

UCXp S-N 7 09/06/14-14:58 

N-S 6 09/06/14-15:34 

Area C 
N-S 3 09/07/14-08:40 

UCE 
N-S 3 09/07/14-08:01 

 

Reference data in GIS vector format is used in the automatic training area selection process and 

as a reference map in the accuracy assessment. The reference data is based on the GSD Property 

Map (Lantmäteriet, 2015e). The map data is designed in map scale of 1:5 000-1:50 000. It 
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should be noted that the data of Area C is more generalised than that of the other two sites. The 

reason is that Area C is located in a much isolated northern part of Sweden, in the subarctic 

regions. The property map contains multiple types of thematic classes of the basic vector 

storage types of points, lines, and polygons. We focus on LULC classes represented as polygons 

and polylines. The study areas we have chosen have up to six LULC classes. The mean 

planimetric (N, E) positional accuracy (Lantmäteriet, 2014; Lantmäteriet, 2015f) for the classes 

of this study is summarised in Table 2. The vector data from the GSD-Property Map was 

acquired from the Geodata Extraction Tool (www.maps.slu.se) at November 19, 2015.   

Table 2 Mean planimetric positional accuracy.  

Class Accuracy (m) 

Coniferous and mixed forest (polygon) 20 

Deciduous forest (polygon) 20 

Open area (polygon) 15 

Water surface (polygon) 10 

Shoreline (polyline) 5 

Stream/ditch (polyline) 5 

 

We also incorporate elevation data in the analysis. The DEM data employed is called GSD-

Elevation Data, Grid 2+ (Lantmäteriet, 2015c). The data is part of the National Elevation Model 

of Sweden; a project started in 2009, built upon ALS points with a point density averaging from 

0.5-1 points/m2. The resulting raster DEM has a pixel size of 2 m x 2 m.  

4.2 Segmentation by the Multiresolution Segmentation Algorithm  

In order to extract geographic entities in GEOBIA the first step employed was segmentation of 

pixels into different image objects. In this study we applied what is known as the multiresolution 

segmentation algorithm, or abbreviated as MSA, developed by Baatz and Schäpe (2000). The 

segmentation was performed in software eCognition Developer 64 supported by the spectral 

bands red and NIR. The images had many details which might obstruct meaningful image 

generalisation. Hence, the use of MSA minimises the average variability within the image 

object. The algorithm resembles region growing optimisation problem where it starts in a single 

pixel randomly and merges the region with least weighted cost. The parameters used to weight 

the cost are compactness, shape, and scale of the image objects. The algorithm of MSA is 

visualised in Figure 4.  

For detailed description of the algorithm, see Baatz and Schäpe (2000). The pixels in image are 

weighted by the heterogeneity of the object image with the help of different intrinsic parameters 

such as spectral value, shape, and compactness; and further analysis is possible through 

incorporating topological, hierarchical, and textural object features (Blaschke et al., 2014). In 

this study the compactness and shape values were left as default.   

http://www.maps.slu.se/
http://www.maps.slu.se/
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Figure 4 Illustration of the multiresolution segmentation algorithm.  

Another important factor that affects the quality of the segmentation result is scale (Blaschke 

et al., 2014), and the practices used to select the most suitable scale parameter is mostly by trial 

and error (Demers et al., 2015). The general rule is however, the size of the scale should be at 

least as big as the smallest object that is to be extracted (Miao et al., 2015), and small enough 

not to eliminate the object (Baatz and Schäpe, 2000; Blaschke et al., 2014). In this study the 

quantification of scale parameter was based on the Estimation of Scale Parameter (ESP) tool 

developed by Drăguţ et al. (2010; 2014) for the purpose of accomplishing scale estimation from 

multilayers. The ESP tool generates local variance and rate of change for each scale which helps 

to determine at which level the image can be segmented for better feature extraction. First the 

mean local variance of all layers is calculated for each object image that is created using 

segmentation process. Second, the rate of change from every object image is generated. If the 

rate of change is greater than index (number of layers) the process continues to calculate rate 

of change and local variance of each generated object, otherwise it stops. 

We applied two scale levels for each study area; consequently, we needed two scale parameters 

for each level. The first level was intended to provide coarser level superclass objects which 

required a large scale parameter. Whereas, the second hierarchy was produced so that to obtain 

sub objects of fine scale; this needed a small scale parameter.   

4.3 Creating Feature Statistics  

GEOBIA often need some additional layers in the form of feature statistics as input to perform 

an accurate classification (Carleer and Wolff, 2006). We used two of the spectral bands of the 

GSD orthophotos alongside with elevation data to statistically derive features to the analysis. 

This is done in order to as accurately as possible discriminate between different thematic classes 

in the classification process. Unique for this study is that we thresholded each of the feature 

layers and used them also as input in the automatic training area selection process. Here follows 

a discussion of the features calculated for the classification scheme. 

Two bands of the orthophotos were used to calculate feature statistics, i.e. red and NIR bands. 

In particular, NIR band is widely proven for its capability to distinguish between coniferous 

and deciduous forest types. The reason is, according to Häme (1984), due to the two forest 

type’s apparent cellular structure which reflects especially different in the NIR area of the 

spectrum. This can be clearly seen if comparing their spectral signatures plotted in a graph 
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(Figure 5). Thus, this information was used to separate between coniferous and deciduous forest 

in all three study areas.  

 

Figure 5 Spectral signature plot of forest types. 

(Note: Layer 1 = NIR; Layer 2 = red; Layer 3 = green) 

NDVI is widely used for discriminating between different vegetated areas (Laliberte et al., 

2010). NDVI is calculated using the formula (NIR – red) / (NIR + red). This ratio enhances the 

presence of vegetated areas while decreasing others. The NDVI layer can also be used to 

distinguish between more specific vegetation classes of bushes, grass, and forbs (Li and Shao, 

2013). We used NDVI to distinguish vegetated from non-vegetated areas. 

A normalised difference water index (NDWI) was utilised to separate water bodies from other 

land cover classes. Originally, the index layer should be calculated based on two NIR bands 

(Gao, 1996). However, we only had access to one merged NIR band, thus we used the formula 

as proposed by McFeeters (1996), calculated by the equation (green – NIR) / (green + NIR). 

Example of a NDWI layer computed for this study is shown in Figure 6. 

 

Figure 6 Level 2 NDWI feature statistics of Area C with one segments’ statistics.  

Moreover, a normalised DSM (NDSM) was used to distinguish between the different vegetation 

classes. Since low vegetation and forest have very similar DN: s in all of the spectral bands, a 

NDSM can be used to differentiate between those two classes because of their apparent height 
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differences (Juel et al., 2015). NDSM is computed as DSM – DEM. The DSM we generated 

from the aerial photographs using software called MATCH-T DSM. The resulting LAS data 

(*.las) was converted from point clouds to raster using FME. This resulted in a raster mosaic 

which was merged into a single raster DSM using MosaicPro in ERDAS Imagine. The final 

DSM had a pixel size of 1 m x 1m. However, due to the 2 m DEM, the computed NDSM also 

got a resolution of 2 m.  

Each individual objects generated by the MSA received a mean value based on the above 

explained input layers. In the NN classification we applied the feature statistics layers of NDVI, 

NDSM, band red, and band NIR. For the automatic training area selection process, we applied 

threshold values on feature statistics computed from NDVI, NDWI, and NIR. These processes 

are further explained in the following subsections. 

4.4 Automatic Training Area Selection  

Training areas are needed in the part of classification. It is a very critical yet tedious part of the 

classification due to the fact that training samples has to be manually selected, which often 

require expert knowledge of the area (Büschenfeld and Ostermann, 2012). In the following we 

propose a new method of automatic training area selection. As stated by Chellasamy et al. 

(2014), a robust automatic method of training area selection should be able not only to 

automatically detect training areas, but also be able to exclude areas not representable of a 

particular class. The uniqueness of the method proposed in this study is that it finds erroneous 

areas and excludes them by the use of thresholded feature statistics and elevation data.  

Here we outline the general principle of the method. The first step of the process was to use the 

feature statistics layers (i.e. NDVI, NDWI, and NIR) and threshold them into interest areas that 

approximated the boundaries of the thematic classes that were to be classified. This was done 

in eCognition (Figure 7). We received automatic threshold values for the original raster layer 

by using Otsu’s thresholding algorithm (Otsu, 1979) and its multilevel derivative (Liao et al., 

2001) in MATLAB. For each layer we calculated according to one to three thresholds. 

Thereafter, by visual inspection we selected the threshold that best could separate between one 

or more classes. For NDVI feature layer we used a threshold that separated between vegetated 

and non-vegetated areas. From the thresholded NDWI feature layer we extracted only water 

segments. We also found a threshold for the NIR feature layer to separate between deciduous 

and coniferous forest. All of the above thresholded feature statistic layers were then extracted 

separately and exported to ArcMap for further processing. 

 

Figure 7 Feature layer for impervious surfaces, soil, and rock, in Level 2 of Area A where (a) 

orthophoto, (b) segments of Level 2, and (c) the thresholded NDVI feature statistics (yellow). 
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In ArcMap we performed the actual selection using ModelBuilder. In principle, each 

thresholded feature layer had to undergo a filtering process so that it remained only segments 

representative for each thematic class. For example, in order to get possible training area 

candidates for the first level forest class (Figure 8), the NDVI layer containing segments of 

vegetation was selected. Thereafter, the layer was filtered using an automatic selection process 

so that it remained only segments that coincided with forest areas. The process works as 

follows. First, a general boundary of training data candidates was fixed by using the forest 

polygon extracted from the GSD-Property Map. That is, all the segments of the thresholded 

NDVI feature layer that was located completely within the forest polygon were kept. A similar 

approach has been suggested by Hajahmadi et al. (2013). In the second step, a new filter was 

applied using a thresholded NDSM raster layer. The threshold was set to > 1.5 m, and so was 

done for all the other classes which used the NDSM as filter. The threshold > 1.5 m was chosen 

because it defined the limit between open area and forest according to the land cover 

specification (Lantmäteriet, 2014). From the filter operation using the thresholded NDSM layer 

we received only segments within areas of > 1.5 m. Due to the large amount of segments we 

used simple random sampling to select only 20% of the training areas. For the Level 2 classes 

only 5% of the total amount was selected. Hence, the automatic training area selection for the 

forest class was completed.  

 

Figure 8 Workflow to automatically generate training samples for forest in Level 1 of Area A. 

The process explained above worked similar for the other classes in Level 1. For Level 2, class 

boundaries received from Level 1 were used also as boundary layers to filter for only the 

representative training areas. In the final step, when representative training areas for each class 

had been automatically selected, the data were merged and exported from ArcMap as a TIFF 

file (*.tif). Thereafter the samples were imported to eCognition as a test and training area (TTA) 

mask, and used as training data for the NN classifier (Figure 9 and 10).  

 

Figure 9 Level 1 of Area B showing (a) orthophoto, and (b) some training samples. 



21 

 

4.5 Classification into Hierarchical Scales using the NN Classifier  

The intended thematic classes were classified using the standard NN classifier. The 

automatically generated training data was used as input in the classification. Moreover, four 

feature statistic layers were incorporated in the analysis. These were computed from two of the 

spectral bands of the orthophotos (i.e. red and NIR), and from ancillary data (i.e. NDVI and 

NDSM). Myint et al. (2011) stated that different classes require different scale; therefore, 

hierarchical classification was employed to handle this. For each of the study areas we 

developed two thematic hierarchies. The first level was based on the coarser level segmentation 

with the purpose of producing a set of general thematic classes, or superclasses. The second 

level hierarchy was established on the finer scale segments which created subclasses. In Level 

1 we classified according to forest, open area, and water. The Level 2 classification constituted 

the subclasses of the Level 1 classes. Hence in Level 2, subclasses of forest were deciduous 

forest and coniferous and mixed forest; the open area subclasses were named impervious 

surfaces, soil, and rock, and low vegetation; and water was simply left as one water class also 

in Level 2.  

 

Figure 10 Workflow of nearest neighbour classification.  

4.6 Transferability Assessment  

The possibility of automation cannot be validated based on one single data test. Therefore, we 

tested the degree to which automation can be achieved by a transferability test. We tested the 

transferability of the entire GEOBIA scheme as defined for Area A, onto the two other sites. 

The test was conducted as follows.   

Area A served as the main study site were within the entire GEOBIA rule-set was developed. 

We then performed independent classifications of Area B and Area C. The independent 

classifications comprised two important things. First, the MSA scale parameter was selected, 

and this was done based on the ESP tool. Second, we performed the automatic training area 

selection, with defined thresholds for the feature statistic layers using Otsu’s thresholding.  

In order to test the transferability of the classification scheme defined for Area A, we performed 

two other classifications for Area B and Area C using the scheme of Area A. We refer to these 

areas as Area Bt and Area Ct. This included application of identical scale for the segmentation, 

and thresholds for the automatic training data selection. Thereafter, we validated the 

transferability test based on the thematic and positional accuracy assessments. This is explained 

in the next subsection.   
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4.7 Accuracy Assessment  

The accuracy assessment was divided by two parts. The first part was devoted to the thematic 

accuracy of the classified maps. The second part focused on the positional accuracy of the 

general classes of forest, open area, and water, for both hierarchical levels. As reference data 

for the thematic accuracy assessment we used the segment layers, while for the positional 

accuracy test we employed line data extracted from the GSD-property Map. Sample data was 

generated for the purpose of accuracy assessment. For assessment of the transferability test 

results, identical sample data as for corresponding maps was employed so that to avoid any 

bias.  

In the thematic accuracy assessment, we applied a method embedded in eCognition software 

(Figure 11). For each class we manually collected a set of segments that was to work as samples. 

Important was to not select any of the segments used as training data in the classification process 

as these always are correctly classified, otherwise it would lead to bias of the final accuracy 

result. The sample size for each class was determined based on recommendations set by the 

data quality handbook called Handbok i mät- och kartfrågor (HMK), published by Lantmäteriet 

(Lantmäteriet, 2015a). This required that we knew the total number of segments within each 

class so that to determine an individual sample size based on the advice given by HMK. After 

collecting the samples, the layer was saved as a TTA mask. The TTA mask was then validated 

against the corresponding classified map to produce an error matrix in order to calculate overall, 

producer’s and user’s accuracy.  

 

Figure 11 Level 1 of Area A showing (a) orthophoto, (b) segments, and (c) samples for water. 

The positional accuracy was assessed using a traditional point-based method recommended by 

the American Society for Photogrammetry and Remote Sensing (ASPRS) Accuracy Standards 

for Large-Scale Maps (ASPRS, 1990) (Figure 12). We tested classes in both hierarchical levels. 

In Level 1 it included forest, open area, and water. In assessment of the Level 2 classes we 

merged the two subclasses of forest (i.e. deciduous forest and coniferous and mixed forest) and 

open area (i.e. impervious surfaces, soil, and rock, and low vegetation) in order to resemble the 

Level 1 classes of forest and open area. An exception was made for Area C since it included 

only a generalised reference data comprised of land and water. Thus, we only checked the 

positional accuracy of water in Level 1 and Level 2 for Area C.  
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Figure 12 Positional accuracy assessment of forest in Area B. 

The positional accuracy was automated in ArcMap by ModelBuilder. We utilised the thematic 

polygon borders of the class forest, open area-agriculture, and water from the reference data, 

that is, the GSD Property Map, to generate sample points along the polygons (converted to 

lines). In the assessment of water, we excluded streams of width < 10 m from the reference data 

as the classified data lacked in corresponding objects. We used the planimetric accuracy 

tolerances displayed in Table 2 to determine interval space for the points along the lines for 

each of the three reference boundaries. Thereafter, we used simple random sampling to narrow 

the amount of sample points. We followed the sample size recommendations set by HMK 

(Lantmäteriet, 2015a) to determine the number of points for each individual test. We validated 

the positional accuracy of the lines by calculating the perpendicular distance from each of the 

randomly selected point on the reference lines to the classified data. The set of distances 

obtained was used to calculate an accuracy measure by the root mean square error (RMSE). 

RMSE values were then compared to accuracy tolerances set by Lantmäteriet (2015f) and 

ASPRS (1990) (Table 3).  

Table 3 RMSE (N, E) accuracy tolerances (m).   

Source RMSE 

Tolerance (m) 

Map Scale 

Lantmäteriet* 5.00 1:5 000-1:50 000 

ASPRS# 1.25 1:5 000 

ASPRS# 2.5 1:10 000 

ASPRS# 5.00 1:20 000 

*Lantmäteriet (2015f); #ASPRS (1990) 
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5 Classification Results 

In the following we present the results of the automatic GEOBIA scheme developed. First, the 

segmentation result for each study area and subsequent thematic class level is presented. 

Second, we put forward details about the automatic training area selection algorithm 

implemented. Third, some noteworthy visual results regarding the classified maps are exhibited 

in comparison to the results obtained from the transferability assessment. Fourth, we provide 

the result of the computed thematic and positional accuracy of the classified maps.   

5.1 Segmentation  

The results from MSA for all three study areas, including the transferability assessment, are 

summarised in Table 4. The MSA parameters were left unchanged except scale. Hence, shape 

and compactness weights were set as default where shape equalled 0.1 and compactness 0.5. 

We believe these are optimal if there is no specific expert knowledge related to the objects to 

be extracted.  

Table 4 Scale and number (#) of image objects.  

Study Area Level Scale # of Image Objects 

Area A 
1 140 19 701 

2 45 158 850 

Area B 
1 46 110 149 

2 22 433 563 

Area Bt 
1 140 14 446 

2 45 115 296 

Area C 
1 64 24 620 

2 22 202 487 

Area Ct 
1 140 5147 

2 22 50 649 

 

According to Figure 13, a scale of 45 seems natural to have as first scale level since the local 

variance and rate of change seems to decrease rapidly. The second scale is chosen at scale 140 

since the rate of change and local variance seems to undergo moderate decay from scale 50 to 

140 and thereafter we see random changes of local variance, thus, there is no specific trend. 

The same logic was employed to choose scale for the two other study areas (Appendix A).  

In Figure 14 we can see that different environments have specific underlying natural scale. 

Moreover, we can see that some object classes like water require high scale as we see in both 

cases. The scale of Level 1 in Area C was set to 64 (Figure 14c) and it was good enough to 

extract water and vegetation classes whereas some details were abstracted, and therefore Level 

2 with a scale of 22 (Figure 14d) was used to refine the classification. The image objects in 

Area A are not different than that of Area C except that the objects are relatively larger and 

have more complex spatial structure. Most water bodies were easily extracted in the Level 1 

(Figure 14a), however some parts of water have different spectral properties which make it 

difficult to extract. We also note that shadows in Area A are segmented into individual objects 

at scale 45 (Figure 14b). Generally, we observe that in Area C there are many similar objects at 

small scale size whereas in Area A there are both big and small objects independent of the scale 

size.   
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Figure 13 Scale parameter estimation for Area A.  

 

Figure 14 Segmentation results. From left to right shows Level 1 

and Level 2 where (a and b) is in Area A, and (c and d) Area C. 

5.2 Training Areas 

The training data was defined automatically based on the algorithm proposed in this thesis. We 

used Otsu’s thresholding algorithms to find suitable thresholds for the feature statistic inputs. 

The feature layers defined roughly representative and non-representative training areas for each 

class. In the first hierarchical level, named Level 1, training data was delineated for forest, open 

area, and water. In the second level, that is, Level 2, training data for deciduous forest, 

coniferous and mixed forest, impervious surfaces, soil, and rock, and water was generated. 

Through the automatic training area selection algorithm, we could refine the selection of 

training areas, to keep only representative training candidates as input in the classification 

process. The thresholds used for each test area is displayed in Table 5. We note especially the 
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low value generated in the NDVI of Area C, amounted to -0.1, in comparison the thresholds we 

got for the other two areas. Thresholds computed in the NDWI feature layers proved identical 

in Area B and Area C with a value of 0.2. Nevertheless, Area A was close with a threshold of 

0.3. Correlated results were also found in the NIR layers of the three study areas. Thus, the 

NDVI layers resulted in most dissimilar thresholds between the study areas.   

Table 5 Thresholds for the features. 

Study Area NDVI NDWI NIR 

Area A 0.03 0.3 95 

Area B 0.1 0.2 90 

Area Bt 0.03 0.3 95 

Area C -0.1 0.2 81 

Area Ct 0.03 0.3 95 

 

In the final step of the automatic selection process we used simple random sampling to reduce 

the number of resulting samples. According to recommendations made by Ma et al. (2015), 

samples should amount to at least 10% of the total ratio for each class in order to produce 

accurate classification. However, we decided to use a ratio of 0.2 for the Level 1 samples, and 

0.05 for the Level 2 samples. Details of the sample selection is presented in Table 6 and in 

Appendix B. Comparing number of training areas before random selection, as well for the final 

number, we see that Area B has much more samples than Area A and Area C, in both 

hierarchical levels. Moreover, we see a clear change in the number of samples yielded by the 

transferability assessment. The number of sample candidates in both Area Bt and Area Ct had 

drastically decreased to a more or less similar number as Area A. 

Table 6 Number (#) of training area samples in Area A. 

Level Class # Before Random 

Selection 

# After Random 

Selection 

1 

Forest 2 736 547 

Open Area 3 068 614 

Water 573 115 

2 

Coniferous 24 072 1 204 

Deciduous 18 460 923 

Impervious 11 863 593 

Low Vegetation 15 074 754 

Water 2 7 076 354 

5.3 Classified Maps  

We classified each study area in two hierarchical levels which we refer to as Level 1 and Level 

2. Level 1 consists of three classes named forest, open area, and water. These are the general 

cover classes of the study areas and superclasses of the Level 2 classes. The superclass forest 

contains two subclasses in Level 2, namely deciduous forest and coniferous and mixed forest. 

The subclass coniferous and mixed forest contains a majority of coniferous forest, but with a 

mix of deciduous forest types. The forest classes include vegetation of > 1.5 m in height. Open 

area also has two subclasses called impervious surfaces, soil, and rock, and low vegetation. The 

impervious surfaces, soil, and rock contain, part from soil and rock, for example bitumen and 

metallic surfaces, thus named impervious surfaces. Low vegetation are vegetated areas of <= 

1.5 m in height, such as grass and shrubs. The subclass of water of Level 1 was classified in 

Level 2 simply as water 2.  
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Some visual results of the object-based classification are displayed in Figure 15-19 and in 

Appendix C. The border between forest and open area match in the majority of instances the 

true boundaries if comparing to the orthophotos as well as the GSD-Property Map. In Level 2 

we see the classification uncertainty between deciduous and coniferous forest varies dependent 

on area. In the deciduous class shadowed areas are often confused with coniferous forest. 

Meanwhile, we can see some canopies of coniferous forest are spectrally similar to deciduous 

forest in the IR images, hence causing misclassification of some the coniferous canopies with 

deciduous types. However, in a small map scale, the tree species classification clearly identifies 

general areas of either species, which match approximately the ground truth displayed by the 

orthophotos.  

The open area class is overall well classified in all three study areas. In particular, the subclass 

impervious surfaces, soil, and rock delineated in most cases roads with low uncertainty. Some 

exceptions are found in road segments in Area A, misclassified as water (Figure 15). But it 

occurred only in concentrated areas casted by particularly dark shadows in the IR orthophoto. 

In Area B a bridge crossing a water stream is misclassified as water (Figure 18h and j). This 

occurred in both hierarchical levels. In Area C we identified some areas classified as low 

vegetation, while in the ground truth the areas resemble much closer to bare rock; thus, a clear 

misclassification in such instances.  

 

Figure 15 Misclassification of roads into water due to shadows in Area A where (a) 

is orthophoto, (b) segmentation of Level 2, and (c) classified map of Level 2. 
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Large water bodies are overall classified with low uncertainty in all three study areas. An 

apparent exception is a section of shoreline found in Area A (Figure 18a-e). There, water is 

misclassified as open area in Level 1, and as either impervious or low vegetation in Level 2. 

Moreover, streams existed in all three study areas, but are not easily detected in the classified 

maps. Narrow streams are misclassified as open area in Level 1, and as either of the open area 

subclasses in Level 2. This problem exists in all three study areas. On the other hand, Area B 

contains also a considerable broader stream which is well defined in both hierarchical levels. 

Mixed results are found in the classifications yielded by the transferability assessment (Figure 

19). In Area Bt the visual result in comparison to Area B reveals only minor differences. Such 

differences include for example the forest subclasses where in between classes appear more 

merged together in uniform objects in Area Bt than in Area B. Nevertheless, comparing the 

results between Area C and Area Ct reveals great discrepancies. The border between forest and 

open area are completely misclassified in both hierarchical levels. Similarly, the subclasses of 

forest and open area are predominated by considerable uncertainties. The same problem can be 

said about the water class in both levels.  

5.4 Accuracy  

Thematic and positional accuracy was calculated to validate the quality of the classification. In 

the thematic accuracy assessment, we selected samples for each class and then compared for 

matching with the classified result. The number of samples for each class was selected based 

on recommendation made by HMK. In the positional accuracy test we assessed the Level 1 

classes and the merged Level 2 classes of forest, open area, and water. We used a point-based 

method for this which generated a large number of points along the GSD reference lines from 

which the perpendicular planimetric distance to the classified data was determined. From the 

deviations we calculated the RMSE in order to assess on the accuracy for each class. 

The overall thematic accuracy result reveals an average of 84% (Table 7 and 8, and Appendix 

D) if considered both hierarchical levels in all three study areas, including the result from the 

transferability assessment. In all cases, the overall accuracy is higher in Level 1 than in the 

subsequent Level 2 classification. Level 1 of Area A has the overall highest thematic accuracy 

of 98%, followed by Level 1 of Area B and Area Bt with 97% overall accuracy. In Level 2, 

Area Bt has the highest accuracy of all other Level 2 classified maps. The absolute lowest 

accuracy was obtained in Level 2 of Area Ct, with an accuracy of only 43%. Level 2 of Area C 

has the second lowest accuracy (71%) and Level 1 of Area Ct the third lowest (75%). 

Interestingly, according to the overall accuracy the classification of Area Bt performed equal 

or better than the classification produced by Area B. In contrast, Area Ct yielded drastically 

lower accuracy figures than the original classification.  

Table 7 Confusion matrix of Area A Level 1.  

 Reference  

Classified Forest Open Area Water User’s 

Forest 93 0 0 100% 

Open Area 0 75 4 95% 

Water 0 0 32 100% 

Producer’s 100% 100% 89%  

Overall Accuracy = 98% 
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The confusion matrices computed shows that both the producer’s and user’s accuracy equalled 

1 for some classes (Table 7 and 8, and Appendix D). To this group include the Level 1 forest 

and open area class of Area A, and both level of water classes of Area B. On the contrary 

looking at the result of some of the subclasses of forest and open area indicate some problems. 

For example, if looking at the producer’s and user’s accuracy in Level 2 of Area A there is 

indication that the classification of the forest subclasses has some confusion with each other 

(Table 8). User’s accuracy of coniferous and mixed forest, and deciduous forest resulted in 0.84 

and 0.69 respectively. As a user of the data, it should be expected that 84% of the objects 

assigned to coniferous and mixed forest are in fact that type on the ground. For deciduous forest 

user’s accuracy only account to 69%. However, looking at the producer’s accuracy, an inverted 

result is found. Here, coniferous forest amount to only 0.63, while deciduous to 0.86. Therefore, 

as a producer, it should be unsettling to know that among the objects assigned as coniferous 

forest has a probability of only 0.63 of actually belonging to such a class on ground. Thus, the 

reliability and precision of classification for coniferous and mixed forest, and deciduous forest 

is low. If producer’s accuracy of coniferous is high, corresponding values for deciduous forest 

becomes low and vice versa. This unstable classification is also particularly clear in the open 

area subclasses found in Level 2 of Area C (Appendix D). 

Table 8 Confusion matrix of Area A Level 2. 

 Reference  

Classified Coniferous Deciduous Impervious Low Veg. Water 2 User’s 

Coniferous 102 18 0 1 0 84% 

Deciduous 56 124 0 1 0 69% 

Impervious 0 0 107 0 14 88% 

Low Veg. 2 3 1 171 5 94% 

Water 2 0 0 0 0 125 100% 

Producer’s 63% 86% 99% 98% 87%  

Overall Accuracy = 86% 

 

The result of the positional accuracy test is shown in Table 9. Measured deviations between the 

reference data (GSD-Property Map) and the classified results were analysed by calculating the 

RMSE. In Area C only the water classes were analysed due to restricted reference data. In the 

majority of cases, the Level 1 classification got lower result than the Level 2 classification. This 

is the opposite in comparison to the thematic accuracy results. The two exceptions are the water 

classes of Area A and Area C which got higher accuracy in Level 1 than in Level 2, although 

in Area A it was with a small marginal. The best accuracy was obtained in the Level 2 water 

class of Area B, followed by the water classes of Area Bt and Area C. The lowest accuracy was 

also found in the water class, in Area Ct. The very high RMSE values in Area Ct is also 

confirmed by the low thematic accuracy result we received for the area. Among the forest 

classes, Area A got best results, just above the accuracy tolerances set by Lantmäteriet (2015f) 

and ASPRS (1990) (Table 3), while the Level 1 forest class in Area Bt got the lowest result 

(20.9 m). A similar result is found in the open area classes. Area A has a much higher accuracy 

in Level 2 than in corresponding level of Area B and Area Bt. However, Level 1 of Area B has 

a slightly better result than the same level of Area A.  
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Table 9 Planimetric positional accuracy by RMSE. 

Study Area Level Forest (m) Open Area (m) Water (m) 

Area A 
1 9.3 10.9 22.6 

2 6.3 7.9 22.8 

Area B 
1 11.0 10.0 2.2 

2 10.9 9.9 1.8 

Area Bt 
1 20.9 21.1 2.6 

2 10.6 9.1 2.3 

Area C 
1 - - 5.1 

2 - - 4.1 

Area Ct 
1 - - 62.9 

2 - - 130.9 

 

Comparing the RMSE values against accuracy tolerances set by Lantmäteriet (2015f) and 

ASPRS (1990) (Table 3), we see that only 5 out of 22 levels pass the widest limit of 5.0 m. All 

five levels are water classes, whereas two are from Level 1 and three from Level 2. Four out of 

five is representatives from the Area B classifications, while only one from the Level 2 

classification of Area C. Moreover, only 3 out of 22 pass the 2.50 m limit set for data of scale 

1:10 000. These high accuracies are found only in Area B and Area Bt. However, none of the 

levels passes the 1.25 m set for a map scale of 1:5 000.  
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6 Towards Objective Object-Based Classification 

In this study we tested an automatic GEOBIA scheme to classify data based on high resolution 

GSD imagery. Here we discuss the outcome of the study, with feedback to the problem 

statements, aims, and research questions. In the first two subsections we discuss pros and cons 

of the automatic object-based classification scheme proposed, where we stress the importance 

of objective classification. Thereafter, we discuss some of the important classification results 

generated, followed by the effect of the transferability assessment.  

6.1 Objective Scale Parameterisation 

Segmentation process is a prerequisite for accurate GEOBIA. In this thesis the MSA algorithm 

was conducted to generate image objects for further analysis. However, performing this 

technique was not straightforward as it requires analysts’ intervention. The most important 

factor in this process as mentioned in the literature is the scale parameter. We used ESP tool to 

select the scale parameter. This tool generated a scale that is specific to local variance and 

spatial structure of the digital image and nested scene (Woodcock and Strahler, 1987) and the 

rate of change of next produced image objects. The result shows apparently that in areas 

dominated with simple landscape like agriculture in the case of Area B, the natural scale tend 

to be low whereas in complex environments the scale needs to be higher. These results agree 

with a study presented by Woodcock and Strahler (1987) where in the agricultural areas the 

local variance tend to be high in small scale and decreases with increase of scale. High scale 

permits higher variability within the image object (Drăguţ et al., 2014).  

Similarly, in Area C scale is low compared to Area A but higher compared to Area B which 

can be explained by the complexity of spatial structure of the locality. In this study the focus 

was to identify two scale levels which can be used for hierarchical classification. Thus, the scale 

generated automatically by the ESP tool were not used directly, rather we identified scale 

parameter that suited our study as input in the MSA. The most interesting is that the scale 

generated through the ESP tool in Area A agrees with scale parameters by Demers et al. (2015) 

as they seemed to have used data with similar spatial complexity. Moreover, scale parameter 

affects linear and small objects strongly (Wang et al., 2010). For instance, narrow rivers can be 

omitted due to their size. Hence, the classification process has a possibility to improve by 

employing relevant ancillary data. For example, in the narrow river object extraction, a polyline 

ancillary data can be incorporated into the classification process.  

Beside scale parameter there are also other parameters that have to be determined by the analyst. 

Shape factor was set to 0.1 and compactness to 0.5; these where the default values in 

eCognition. The impact of these two parameters is different to different objects. For example, 

if emphasis of the boundaries of two classes is desired the compactness value can be increased 

and if shape weight is increased the produced homogeneity criterion will change (Baatz and 

Shäpe, 2000). Though understanding these factors when segmenting a digital image is 

important, the focus of this study has been on automating the segmentation process. What is 

typical in this algorithm is that the merge action depends on these weights and this action affects 

the future merging decision.  
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6.2 Automating the Training Area Selection Process 

In addition to the objective way of scale parameter selection, we proposed and implemented a 

new method to automatically define training data. Today, training data is in the majority of 

cases done manually; examples are found in for instance Yu et al. (2006), who used thousands 

of samples. It is very easy to understand that this is a very time consuming part of the 

classification. Also, Ma et al. (2015) confirm that the number of training data is much sensitive 

to the overall accuracy, thus stressing the need for a large number of samples. In addition, 

manually selected data is affected by the analyst’s interpretations, leading to possible bias of 

the final result. As a consequence, manual selection is a subjective part of the classification. 

Little has been done to investigate possibilities of automatic training area selection. To the few 

include Ozdarici Ok and Akyurek (2011), Buschenfeld and Ostermann (2012), Hajahmad et al. 

(2013), and Chellasamy et al. (2014). These studies indicate a new trend within GEOBIA. 

Considering the statements above, we identified the selection of training areas as a very 

important aspect in order to accomplish an automatic and objective GEOBIA workflow.   

The difference in our technique, in comparison to previous solutions, is that we use thresholded 

feature statistic layers as input to define representative training areas for each class. The 

thresholding process of specific feature statistics layers is sometimes used as a straightforward 

way of object-based classification. This has been implemented by for example Jia (2015), also 

using GSD data as input. However, a significant drawback in such classification is that some 

classes are almost impossible to extract properly due to similarity in spectral and/or other 

dimensional properties. For example, results made by Jia (2015) revealed that shadows are often 

misclassified as water. Thus, such classification approach is not always suitable which leads 

the analyst to apply classification by training data as input. Nevertheless, thresholding of 

features can give us rough delineation of classes. These ‘rough’ feature statistics classes each 

contain segments that can be used as training data. So therefore the automatic training area 

selection algorithm is based upon thresholding of feature layers. After the thresholding, the 

algorithm runs a filtering process with input data as a key component in order to refine the 

feature statistics layers which results in training areas for each class.  

The first step in the process of automatic training area selection is to identify which input layers 

could be needed. For example, in this study three layers were selected which were NDVI, 

NDWI, and NIR band, all products from the IR orthophotos. These were converted to feature 

statistics in eCognition. Thereafter the thresholds were identified to split segments into groups 

of for example vegetation, non-vegetation, water, or into more specific purposes such as 

segments representing deciduous and coniferous forest types. Uniquely, we used Otsu’s 

thresholding algorithms (Otsu, 1979; Liao et al., 2001) for this purpose. It produces automatic 

single or multi thresholds based on the digital image properties. The automatic process enables 

the analyst to easier select a suitable threshold among one or more thresholds calculated and 

use it for a specific mean. In the case of this study, we could not always use the threshold 

received for a single thresholding, but had to use thresholds from two or three divisions. As 

such, the method is not entirely automatic in the sense that the analyst can run a process and 

then receive a value without first testing by visual inspection if the threshold really works or 

not. However, it can still be a more objective approach than through the trial and error method 

because the threshold value itself is defined based on a well approved technique (in this case 

Otsu's thresholding), and hence not entirely on an analyst’s personal testing.  

The second step of the algorithm is devoted to filtering of the thresholded feature inputs. In our 

case we used thematic polygons from GSD data, and thresholded NSDM (with threshold at 1.5 

m), to filter out unwanted segments and keep only those representative of a class. This was done 
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by location selection, that is, segments had to be within the specific borders of the input data to 

be left as training data candidates. The amount of training data created by this approach is 

generally vast in number. Thus, in order to reduce processing time, we implemented random 

selection of the samples.  

We believe this algorithm can easily be used when classifying a small set of classes, as in the 

case of this study. Then, only a few input features have to be thresholded. On the contrary, when 

there is a need for a great number of classes, the number of thresholded feature layers also 

increase. This is an obvious drawback of the algorithm. Moreover, another con of the method 

is that it is relied on thematic layers as input. If the thematic layers are of unknown quality, 

subsequent selection process is bounded with increased uncertainty. We propose a future study 

to test the algorithms further capabilities and limitations.   

In mind of the problem statements discussed in the introductory part of this thesis, planning of 

a GEOBIA scheme generally imply a trial and error methodology to obtain needful parameters 

of the classification. The classification is therefore highly dependent on expert knowledge, 

which may lead to subjective analysis and biased results. We have in this thesis addressed the 

need of being objective when applying object-based classification. The problem with the 

method of trial and error is that it cannot be described very easily in a scientific way. 

Meanwhile, many argue that GEOBIA is today a science (Hay and Castilla, 2008; Blaschke et 

al., 2014). However, the trial and error method sets the science on weak foundation. In 

comparison to a trial and error approach, our scheme relies on techniques that help us to find 

optimal parameters objectively. This in turn helps us to describe our methodology in a scientific 

and concrete way. An objective workflow is important so to obtain trustworthy results.  

6.3 Delineation of Classes 

Overall, the classification of forest areas proved successful, especially in prohibiting mix up 

with other similar spectral objects, such as grass and shrubs in the open area classes. We believe 

the NDSM was particularly important in this case as the elevation property could help to 

distinguish between the height differences of forest compared to the open area vegetation. 

Although the positional accuracy of forest was above prevailing accuracy tolerances, we note 

that the GSD reference data is generalised to a map scale that ranges from 1:5 000-1:50 000. 

Likely, this resulted in higher RMSE than if the reference data would have had a similar scale 

as the classified maps. In this sense, the positional accuracy is negatively affected. In view of 

the above, we are confident that forest, as well as the other classes has better positional accuracy 

than suggested by the RSME result.  

One significant problem emerges in shadowed areas of the Level 2 forest subclasses. From the 

visual result we can see that some shadowed areas in the deciduous areas are confused as 

coniferous forest (Figure 17e, j, and o). The problem is also reflected in the producer’s and 

user’s accuracy of the two forest type classes where we see an unbalance between the two 

accuracies. Spectrally speaking, the two forest species are different in the NIR band, which can 

also be clearly seen from Figure 5. Therefore, in theory, it must be possible to distinguish better 

between them both. In the case of Level 2, objects are small enough to delineate shadowed areas 

as separate object. This could cause a problem. One possible solution is to enlarge the scale 

(size) of objects. If we increase the scale of objects, larger areas are covered, until shadows are 

no longer separate objects, but part of either forest subclasses. For example, applying the Level 

1 segmentation for this purpose may result in better result as objects are larger due to larger 
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MSA scale. This could be a possible solution to reduce the confusion of coniferous and 

deciduous forest. We suggest a future study to further enlighten this problem.  

In the open area classes of Area A we note especially the confusion of shadows with water. 

Water is spectrally similar to shadows. This is particularly true when it comes to shadows in 

urban areas, which has been noted before by for instance Jia (2015). We detected a number of 

road segments misclassified as water both in Level 1 and Level 2 of Area A (Figure 15). As we 

can see, shadows pose a problem not only when classifying between coniferous and deciduous 

forest, but also when it comes to other different features, such as roads. The shadow problem is 

a complex subject that does not have any single solution although well elaborated in the 

literature (e.g. Zhou et al., 2009). As the challenges posed by shadows are vast, yet very 

important in order to obtain good classification result, we discuss the problem more in depth in 

Appendix E. 

The water class demonstrated much diverse results in terms of its accuracy. In Area A the 

thematic accuracy exhibited quite good result for both producer’s and user’s accuracy (Table 

8). It can be easy to interpret these figures as well executed classifications. However, great 

discrepancies were found if comparing the thematic accuracy with the results of the positional 

accuracy test. Level 1 and Level 2 of Area A has very high RMSE (20.6 m and 20.8 m 

respectively), significantly higher than any of the tolerances displayed in Table 9. This we 

believe is not only caused by the generalised reference data, as the GSD shoreline product is 

produced with the lowest accuracy tolerance in comparison to the other GSD classes (Table 2). 

Therefore, an interpretation of the problem could be the shallow areas found within the water 

bodies of Area A (Figure 18a-e). Object means for each of the band will be different from other 

‘pure’ water objects. Hence, such objects are assigned to a neighbouring class which lead to 

higher positional uncertainties. The dissimilar results obtained by the positional accuracy 

assessment in comparison to the thematic assessment stress the importance of testing also the 

accuracy of positions associated with classified data. Both thematic and positional accuracy 

reveals two different aspects of the data that are important in order to determine the quality 

(Veregin, 1999).  

Moreover, we found a problem regarding the extraction of water streams. We found that narrow 

streams, of approximate width of < 10 m, in all three areas proved very challenging to classify 

accurately (Figure 18a-e, and k-o). In comparison, the broader stream found in Area B (of width 

> 10 m) exhibit a stream delineation of very low uncertainty (Figure 18f-j). The problem is 

partly caused due to lush vegetation, such as tree canopies, covering part of the streams in the 

orthophotos. Another possible problem is related to the depth of the streams. Especially shallow 

streams result in that the bottom shines through the body of water, and as such affect negatively 

the classification which leads to misclassifications. Water particles in streams are also a 

problem as the spectral properties is altered. In above explained instances, it is generally 

recommended that manual editing should to be involved (Mathieu et al., 2007). This involves 

selecting the erroneous objects and assigning them to the ‘right’ class. In the case where a 

stream is clearly visible, although narrow, a solution could be to improve the MSA 

segmentation process. Scale is an important parameter for the size of objects, but shape and 

compactness can be used to detect objects of certain interest, such as narrow but elongated 

streams. Thus, shape and compactness must certainly be adjusted to better delineate these 

particular features. The problem is that there is no objective solution to detect these parameters. 

We suggest a future study to have a look into this problem.  



41 

 

6.4 Transferring Classification Schemes  

The overall thematic accuracy is very different between Area Bt and Area Ct (Appendix D). In 

Area Bt the overall accuracy proved equal or better than in the original classification in Area 

B. However, comparing Area Ct with Area C it is evident that the overall accuracy has dropped 

in both levels. Similarly, producer’s and user’s accuracy reveal only minor changes between 

Area B and Area Bt. On the contrary, in Area Ct especially Level 2 has low producer’s and 

user’s accuracy in the subclasses of forest and open area. Although the positional accuracy by 

RSME shows a drop in Area Bt in comparison to Area B the change is much more extreme in 

Area Ct (Table 9). By visual inspection, it is clear that the classification of Area Ct is totally 

different in comparison to the original classification of Area C (compare Appendix D with 

Figure 19c and d). Visual discrepancies in Area Bt compared to Area B is however difficult to 

find with the naked eye (compare Appendix D with Figure 19a and b).  

The above results indicate that transferability of classification rule sets from one area to another 

does work quite well in some cases, while in some other cases it is not suitable at all. The 

important question is why this occurs? We believe it has to do with the spatial characteristics 

of the areas. Comparing the three study areas we see that in terms of spatial complexity Area A 

and Area B are more closely related than Area C. Both areas contain forest, open areas of mainly 

agriculture, and impervious surfaces such as roads and rooftops of houses. Although Area C 

contain much forest, it lacks completely in agricultural land and human made structures. As a 

consequence, spectral properties of the orthophoto of Area C compared to the other two areas 

are different. For example, looking at the threshold obtained for the training area selection, we 

see from Table 5 that especially the threshold of the NDVI layer is much different than the other 

areas. This indicates deviating spectral property in the NIR and red band of the orthophoto. In 

this respect, Area C is different from the other two areas.  

The abovementioned point to that transferring of classification scheme works under a specific 

condition. The spectral property of the digital imagery in hand we believe plays the leading 

role. A digital image with different spatial characteristics is due to have different spectral 

properties. Thus, it was not suitable to use the classification scheme developed specifically for 

Area A, for classification of Area C. On the other hand, due to similarity between Area A and 

Area B in terms of the spectral property, it worked considerably well to classify Area B with 

the scheme of Area A. In consideration of the above discussion it would work to transfer 

schemes between data of similar characteristics. This can help to further automate the 

classification process. For example, the steps of finding an optimal scale for the MSA 

segmentation using the ESP tool can therefore be skipped. Similarly, threshold for the automatic 

training areas selection does not need to be computed. Removing these steps reduces the total 

processing time, which as a consequence helps to further automate the classification.  
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7 Conclusions and Forthcoming Work 

In this thesis we have investigated the possibilities of using an automated object-based 

classification scheme, or GEOBIA, in order to extract a set of thematic classes based on GSD 

data. In this section, we follow the above discussion by concluding our findings and subsequent 

suggestions. Thereafter, we propose some future research topics that can extend our work.  

7.1 Conclusions 

Application of GEOBIA generally implies a complex workflow that requires expert knowledge 

to manage. As a first step, the analyst needs to find optimal parameters for the segmentation 

process. If using MSA, especially important is the scale parameter controlling the size of 

objects. A trial and error approach is common in this stage of the analysis. Secondly, training 

data for the classification has to be collected. A typical practice is to manually collect the 

training areas. Also here the expert’s decisions are fundamental to the outcome of the final 

result. It is not difficult to understand that image classification under these circumstances easily 

can be biased due to an expert’s individual interpretations. In view of the aforementioned, this 

thesis has dealt with overcoming these problems by testing an automated classification scheme 

that enables the analyst to more objectively classify images.  

Objective MSA scale parameterisation was achieved using the ESP tool. Based on the image 

input, it computes local variance and rate of change at different scale. The computation was 

then visualised by a graph. Based on the graphical visualisation, we interpreted the result which 

helped us to determine robust scale for the segmentation of the orthophotos. A result that is 

based upon objectively defined metrics can be more trustworthy in nature as the method applied 

can be more thoroughly explained with theoretical support. This in hand helps to describe the 

quality of the end product.  

Training areas were used as input for the NN classifier. In order to objectively define training 

areas for each class we proposed a new algorithm for automatic selection based on thresholded 

feature statistics layers. This method suits well for a small number of classes. However, while 

classes increase in number, so does also the input feature layers. This is an obvious restriction 

of the method proposed. Moreover, although the method is automatic, the threshold selection 

requires some manual intervention in order to select the output threshold that best suits the need. 

Nevertheless, it is still objective in the sense that it is supported by a well approved technique, 

in this case Otsu’s thresholding. We are certain that automatic training area selection will be 

more important in GEOBIA as it helps the analyst to overcome bias in results.  

The result of the automatic classification shows overall good results which indicates that the 

automated processes are reliable. However, especially important we believe was the use of 

NDSM to distinguish between high and low vegetation. This enabled us to accurately delineate 

the border between open area and forest. Subclasses of forest and open area were more difficult 

to classify properly, partly due to shadows. We suggest one solution would be to apply the 

classification using the segmentation scale obtained for the first hierarchical level instead of the 

second one. As a result, more shadows are merged with surrounding objects instead of being 

delineated as individual ones. Moreover, we found from the result that water was challenging 

to classify in some areas due to for example vegetation. This resulted in very high positional 

uncertainty in one of the study areas. Interestingly, the thematic accuracy indicated no 
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significant problem. The contradictory results show the importance of assessing classified data 

by more than its thematic accuracy. Equally important we think is to assess the accuracy of 

positions.  

The transferability of the automatic classification scheme was tested to investigate the degree 

to which automation can be fulfilled. The scheme of the main study area was applied to the 

other two areas. The result revealed great differences between the two. In one of the tests, the 

overall thematic accuracy proved equal or better than the original classification. In contrast, we 

received very poor accuracy in the other test. The hypothesis is that the area which responded 

well in the transferability test shared with the main study area much similar spectral properties 

in the orthophoto bands in comparison to the one that generated low result. Thus, the degree to 

which transferability of classification rule-sets is possible depends much on the spectral 

property of the image, which ultimately is controlled by the spatial characteristics of the ground 

truth. It is therefore not possible to automate the process by transfer of classification rule-sets 

in all cases. The spatial characteristics of an area in comparison to another must first be 

considered.  

The innovativeness of the method developed in this thesis lays on its approach of automating 

the momentous parts of the object-based classification process. In particular, we put forward 

the novel method of automatic training area selection as a significant step forward toward a 

classification scheme that is less dependent on human intervention. We also see the potential 

of automatic scale parameterisation as a step forward toward a methodology that is less relied 

on the trial and error approach. In contrast to manual approaches, our scheme is dependent on 

methods which can be theoretically described. We thus have support for our course of action, 

which is not necessarily the fact in other cases. In conclusion, automation is not merely about 

saving time and resources, but more importantly, about making results that are objectively 

produced, something the end user should desire. We are confident that this is the future of 

GEOBIA.  

7.2 Forthcoming Work 

Based on our findings, it is of much value to briefly discuss some aspects that could be extended 

by some forthcoming studies. First, we put forward the extensive possibilities of automating 

GEOBIA. In this study we only tested a specific set of methods that helped us with scale 

parameterisation and training area selection. One interesting future topic would be to conduct a 

comparison study of different methods of automatic training area selection. Moreover, the MSA 

parameters of shape and compactness inevitably play important roles to identify certain objects 

of interest. A future study should look into the possibilities to objectively select robust values 

for these parameters dependent on purpose. In addition to the above, transferability of 

classification rule-sets is a key to achieve an automated process. We suggest a quantified study 

built on the findings provided by this study where possibilities and limitations regarding this 

concept are further investigated.  

Second, the GSD orthophotos implemented in this study is of very good quality in terms of its 

resolution. However, in the very high resolution imagery (< 1 m) there is a high degree of 

complexity. We believe it would be interesting to conduct some research comparing high 

resolution images (like GSD orthophotos), in comparison to coarser resolution data (>= 1 m), 

such as satellite images. This could be very beneficial, especially for mapping agencies like 

Lantmäteriet, to help them validate their need in connection to such results.  
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Third, a limitation of our study was the quality of the reference data that restricted us from 

doing a positional accuracy assessment of all of the thematic classes extracted. This bounded 

us to an assessment of forest, open area, and water. We got very interesting results of this 

assessment in comparison to the thematic accuracy which has lead us to the conclusion that a 

positional accuracy test in connection to classified data is of great importance. Therefore, in a 

forthcoming study, reference data of very high accuracy should be obtained for all classes to be 

extracted. Reference data should preferably be collected in the field. This can enable us to 

conduct a detailed positional accuracy assessment. 
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Appendix A: Scale Estimation 

Figure A1 and A2 show visually how the scale parameter was selected for Area B and Area C. 

The ESP tool was used to select parameter which is unique to the landscape structures. This 

tool is developed by Drăguţ et al.  (2010) for single image layers and further developed later by 

Drăguţ et al. (2014) for multiple layers. The method is based on the local variance of landscape 

structures and their rate of change. In our study, Area B was dominated by agricultural 

landscape and as a consequence the local variance was high in small unit areas and variance 

decreased dramatically when the scale increased. Therefore, a scale of 22 and 45 were selected 

to classify the objects in two hierarchical levels. A scale of 22 was selected to identify small 

objects and a scale of 45 was used to identify larger objects. However, in Area C the landscape 

structure was quite different than in Area B and as a result the scales are different. The landscape 

of Area C was dominated by low vegetation and forest.  

 

Figure A1 Scale parameter estimation for Area B. 

 

Figure A2 Scale parameter estimation for Area C. 
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Appendix B: Training Area Sets 

Training areas for each thematic class were automatically selected based on a novel selection 

algorithm proposed within the scope of this study. This however resulted in an extensive 

number of training data. In order to cut processing time of the classification, we applied simple 

random sampling to reduce the final number of areas. In Table B1-B4 we show the number of 

training areas for Area B, Area Bt, Area C, and Area Ct before and after conducting the random 

sampling, where the set after was used as training data input.  

Table B1 Number (#) of training area samples in Area B. 

Level Class # Before Random 

Selection 

# After Random 

Selection 

1 

Forest 20 076 4 015 

Open Area 56 608 11 322 

Water 2 388 478 

2 

Coniferous 55 392 2 770 

Deciduous 31 700 1 585 

Impervious 67 682 3 384 

Low Vegetation 171 196 8 560 

Water 2 13 208 660 

 
Table B2 Number (#) of training area samples in Area Bt. 

Level Class # Before Random 

Selection 

# After Random 

Selection 

1 

Forest 1 190 238 

Open Area 6 308 1 262 

Water 219 44 

2 

Coniferous 14 713 736 

Deciduous 5 573 279 

Impervious 12 691 635 

Low Vegetation 44 300 2 215 

Water 2 2 353 118 

 
Table B3 Number (#) of training area samples in Area C. 

Level Class # Before Random 

Selection 

# After Random 

Selection 

1 

Forest 4 150 830 

Open Area 1 188 238 

Water 496 99 

2 

Coniferous 49 143 2 457 

Deciduous 37 055 1 853 

Impervious 6 782 339 

Low Vegetation 3 486 174 

Water 2 3 461 173 
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Table B4 Number (#) of training area samples in Area Ct. 

Level Class # Before Random 

Selection 

# After Random 

Selection 

1 

Forest 104 21 

Open Area 2 564 513 

Water 68 14 

2 

Coniferous 1 930 97 

Deciduous 798 40 

Impervious 24 043 1 202 

Low Vegetation 113 6 

Water 2 648 32 
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Appendix C: Classified Map Results 

In this appendix the classified map results of the research are presented as complement to the 

main report. The maps presented in Figure C1 and C2 include results generated from Area B 

and Area C. The classified maps are compared to orthophoto and reference data (GSD-Property 

Map). The classification process of the data is the same as for Area A.  

 

 

  

 

F
ig

u
re

 C
1
 M

ap
s 

o
f 

A
re

a 
B

 s
h

o
w

in
g
 (

a)
 o

rt
h
o
p
h
o
to

, 
(b

) 
G

S
D

-P
ro

p
er

ty
 M

ap
, 
(c

) 
cl

as
si

fi
ed

 m
ap

 o
f 

L
ev

el
 1

, 
an

d
 (

d
) 

L
ev

el
 2

. 



58 

 

 

 

 

  

 

F
ig

u
re

 C
2
 M

ap
s 

o
f 

A
re

a 
C

 s
h
o
w

in
g
 (

a)
 o

rt
h
o
p
h
o
to

, 
(b

) 
G

S
D

-P
ro

p
er

ty
 M

ap
, 
(c

) 
cl

as
si

fi
ed

 m
ap

 o
f 

L
ev

el
 1

, 
an

d
 (

d
) 

L
ev

el
 2

. 



59 

 

Appendix D: Confusion Matrices for Thematic Accuracy 

The thematic accuracy of the classified data was examined using confusion matrices. Based on 

such a matrix it was possible to calculate overall, producer’s, and user’s accuracy which all 

show different aspects of the thematic accuracy. Confusion matrices for Level 1 and Level 2 of 

Area B, Area Bt, Area C, and Area Ct are displayed in Table D1-D8.  

Table D1 Confusion matrix of Area B Level 1.  

 Reference  

Classified Forest Open Area Water User’s 

Forest 302 0 0 100% 

Open Area 23 461 0 95% 

Water 0 0 76 100% 

Producer’s 93% 99% 100%  

Overall Accuracy = 97% 

 
Table D2 Confusion matrix of Area B Level 2. 

 Reference  

Classified Coniferous Deciduous Impervious Low Veg. Water 2 User’s 

Coniferous 76 5 0 0 0 94% 

Deciduous 77 144 0 0 0 65% 

Impervious 2 0 189 0 0 98% 

Low Veg. 1 20 0 272 0 93% 

Water 2 0 0 0 0 76 100% 

Producer’s 49% 85% 98% 100% 100%  

Overall Accuracy = 88% 

 
Table D3 Confusion matrix of Area Bt Level 1.  

 Reference  

Classified Forest Open Area Water User’s 

Forest 49 0 0 100% 

Open Area 3 56 0 95% 

Water 0 0 21 100% 

Producer’s 94% 100% 100%  

Overall Accuracy = 98% 

 
Table D4 Confusion matrix of Area Bt Level 2. 

 Reference  

Classified Coniferous Deciduous Impervious Low Veg. Water 2 User’s 

Coniferous 50 11 0 0 1 80% 

Deciduous 14 46 1 0 0 75% 

Impervious 0 0 91 0 0 100% 

Low Veg. 3 3 4 146 0 94% 

Water 2 0 0 0 0 64 100% 

Producer’s 75% 77% 95% 100% 99%  

Overall Accuracy = 91% 
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Table D5 Confusion matrix of Area C Level 1.  

 Reference  

Classified Forest Open Area Water User’s 

Forest 126 9 2 92% 

Open Area 2 42 7 82% 

Water 0 0 31 100% 

Producer’s 92% 82% 76%  

Overall Accuracy = 89% 

 
Table D6 Confusion matrix of Area C Level 2. 

 Reference  

Classified Coniferous Deciduous Impervious Low Veg. Water 2 User’s 

Coniferous 146 18 0 32 0 74% 

Deciduous 22 179 27 84 0 57% 

Impervious 0 0 90 2 9 89% 

Low Veg. 1 3 28 38 3 52% 

Water 2 0 0 0 0 104 100% 

Producer’s 86% 90% 62% 24% 89%  

Overall Accuracy = 71% 

 
Table D7 Confusion matrix of Area Ct Level 1.  

 Reference  

Classified Forest Open Area Water User’s 

Forest 12 0 0 100% 

Open Area 20 39 4 62% 

Water 0 0 22 100% 

Producer’s 38% 100% 84%  

Overall Accuracy = 75% 

 
Table D8 Confusion matrix of Area Ct Level 2. 

 Reference  

Classified Coniferous Deciduous Impervious Low Veg. Water 2 User’s 

Coniferous 3 50 0 9 0 4% 

Deciduous 1 43 0 29 0 58% 

Impervious 121 3 73 0 5 36% 

Low Veg. 0 0 3 19 0 86% 

Water 2 0 0 0 0 32 100% 

Producer’s 5% 45% 96% 33% 87%  

Overall Accuracy = 44% 
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Appendix E: The Shadow Problem 

The impact of shadows in image classification of high resolution imagery is well documented, 

especially the confusion of shadows with water (Li et al., 2005). The most common of 

techniques of shadow detection have been some sort of thresholding (Shahtahmassebi et al., 

2013). Moreover, colour model conversion has been important especially in detecting urban 

shadows (Afzalkhan and Maqsood, 2015; Rufenacht et al., 2014; Rango et al., 2006). We have 

tested both the threshold and colour model conversion but with fails in our case. We observed 

that the colour model conversion method works well in imagery where there is no water objects 

in the image. Moreover, the threshold method and band selection is very subjective and depends 

very much on the experience of the analyst.  

Methodology 

In this research we tested two techniques of shadow detection based on the data of Area A. 

First, a colour conversion model was tested (Rufenacht et al., 2014). Second, we developed and 

validated the results of a pixel-pair classification. In the first method the RGB orthophoto was 

converted to IHS space model in ERDAS Imagine, whereby shadowed areas were examined 

visually.  

In the second method we first examined the image with the aid of feature space in ERDAS, and 

we found that red and NIR bands were kind of independent. Hence, we tested if the pixel-pairs 

(red and NIR) could be used to detect shadows in the image. Then we used the band pairs to 

classify the shadows in different classes. The process was done in MATLAB software and the 

algorithm looks as follows.  

Create the feature vector for each row corresponding to the pixel-pairs in 

visible red and NIR intensity values. 

Classify the image using the created feature vector as training samples. 

/* The results become more appealing as the number of classes increase */ 

Results and Discussion 

According to visual inspection of results the most promising technique seems to be the pixel-

pair vector feature method. Based on the feature space analysis we performed in ERDAS 

software, the NIR and red band seem to be independent and can be used to discriminate between 

water and shadow to a reasonable level. The test shows that there are characteristic patterns of 

where the NIR values tend to be higher than the red band values in shadows formed in forest 

areas, whereas the values of shadows formed in the built and dry areas to be the opposite. In 

the NDVI layer, values tend to be very high in shadows created in forest areas whereas shadows 

in urban settings have values as low as water or other dark areas.  

In Figure E1 we see that water and forest have very different pixel pairs so that it is very easy 

to differentiate between the two classes. Feature space shows that forest has high DN: s in both 

the red and NIR band whereas the values for water are low. In contrast, shadows formed in 

urban areas, such as on roads, tend to have low values in the red and NIR bands (Figure E2). 

These abovementioned properties can be used by the pair-pixel approach to discriminate 

shadows from water or other dark bodies. Result of the method is displayed in Figure E3. The 
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most interesting observation is that shadows formed in forest areas are more likely to be 

classified as water, whereas shadows formed in built environments or in barren soil and rock 

can be classified as non-water. As a consequence, built-up areas (displayed with green colour 

in Figure E3) were easily discriminated from other classes.  

 

Figure E1 Feature space analysis by NIR and red 

showing location at (a) forest, and (b) water. 

 

Figure E2 Feature space analysis by NIR and red showing 

location at shadows in (a) forest, and (b) on a road. 

We believe the pixel-pair method is worth further studies. The advantage of the method over 

other thresholding or colour conversion techniques is that it enables to depict important spectral 

characteristics of different objects in different classes. Moreover, more research can be directed 

on this method combined with other ancillary data such as NDSM as suggested by 
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Shahtahmassebi et al. (2013). In fact, NDSM combined with NDVI seems to decrease the 

shadow effect in some instances. We noticed that shadows in the forest areas are classed as 

vegetation areas which are very helpful in this case. However, if identification of small objects 

in shadows is required the pixel-pair method combined with some sort of image restoration 

techniques could help to minimise the impact of shadows.  

 

Figure E3 Supervised classification based on the pixel-pair method in MATLAB.  

References 

Afzalkhan, D. A., Maqsood, A. M. M., and Rashid, K. M. A. (2015). Operative Use of Image 

Stitching Algorithm Based on Feature Extraction. International Journal of Advanced 

Research in Computer Science, 6(2). 

Li, Y., Gong, P., and Sasagawa, T. (2005). Integrated shadow removal based on 

photogrammetry and image analysis. International Journal of Remote Sensing, 26(18), 

3911-3929.  

Rango, A., Laliberte, A., Steele, C., Herrick, J. E., Bestelmeyer, B., Schmugge, T., Roanhorse, 

A., and Jenkins, V. (2006). Using unmanned aerial vehicles for rangelands: current 

applications and future potentials. Environmental Practice, 8(3), 159. 

Rufenacht, D., Fredembach, C., and Susstrunk, S. (2014). Automatic and accurate shadow 

detection using near-infrared information. IEEE Transactions on Pattern Analysis and 

Machine Intelligence, 36, 1672-1678.  

Shahtahmassebi, A., Yang, N., Wang, K., Moore, N., and Shen, Z. (2013). Review of shadow 

detection and de-shadowing methods in remote sensing. Chinese Geographical Science, 

23(4), 403-420.  

 


