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Abstract 

Image classification based on remotely sensed data is the primary domain of 

automatic mapping research. With the increasing of urban development, keeping 

geographic database updating is imminently needed. Automatic mapping of land 

cover types in urban area is one of the most challenging problems in remote sensing. 

Traditional database updating is time consuming and costly. It has usually been 

performed by manual observation and visual interpretation, In order to improve the 

efficiency as well as the accuracy, new technique in the data collection and extraction 

becomes increasingly necessary. This paper studied an object-based decision tree 

classification based on orthophoto and lidar data, both alone and integrated. Four land 

cover types i.e. Forest, Water, Openland as well as Building were successfully 

extracted. Promising results were obtained with the 89.2% accuracy of orthophoto 

based classification and 88.6% accuracy of lidar data based classification. Both lidar 

data and orthophoto showed enough capacity to classify general land cover types 

alone. Meanwhile, the combination of orthophoto and lidar data demonstrated a 

prominent classification results with 95.2% accuracy. The results of integrated data 

revealed a very high agreement. Comparing the process of using orthophoto or lidar 

data alone, it reduced the complexity of land cover type discrimination. In addition, 

another classification algorithm, support vector machines (SVM) classification was 

preformed. Comparing to the decision tree classification, it obtained the same 

accuracy level as decision tree classification in orthophoto dataset (89.2%) and 

integration dataset (97.3%). However, the SVM results of lidar dataset was not 

satisfactory. Its overall accuracy only reached 77.1%. In brief, object-based land cover 

classification demonstrated its effectiveness in land cover map generation. It could 

exploit spectral and spatial features from input data efficiently and classifying image 

with high accuracy.  
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CHAPTER 1 

INTRODUCTION  

Remote sensing techniques are accomplished in information acquisition of the Earth‘s 

surface. Remote sensors mounted on aircraft or satellites can collect data by recording 

the reflected energy. With the abundant land cover information, remote sensing 

provides a wide range of applications in many fields, such as urban planning, 

environmental monitoring, disaster assessment and many other purposes. Image 

classification based on remotely sensed data is the primary domain of automatic 

mapping research. In the application of urban and regional planning and management, 

up-to-date fundamental geographical database is imminently needed for delineating 

the distribution of build-up area, water boundary, forest and so on. Traditional 

database updating is time consuming and costly. It has usually been performed by 

manual observation and visual interpretation, In order to improve the efficiency as 

well as the accuracy, new technique in the data collection and extraction becomes 

increasingly necessary. 

1.1 Background  

From aerial planes to satellites, from analog to digital, the development of remote 

sensing technique make it possible to detect and monitor things on the Earth‘s surface. 

To adapt various purposes, several kinds of imagery productions are acquired under 

different conditions by sensors respectively with different resolution. 

 

Regarding to the principle of sensors, they can be divided into passive and active type. 

The passive remote sensing is conventional and most frequently used. It collects the 

spectral information reflected from the earth surface, like common aerial imagery, 

Landsat MSS (The Landsat Multispectral Scanner used in Landsat series of satellites), 

Landsat TM (The Thematic Mapper used in Landsat series of satellites), SPOT 

HRV-PAN(High Resolution Visible sensor of panchromatic imaging system in SPOT 

satellite) and most other satellite imageries (CRISP, National University of Singapore, 

2001).  

 

As a matter of fact, airborne digital camera has notable high geometric resolution and 

accuracy. Large-format and medium-format digital camera system are two major 

commercially available airborne digital camera systems. Comparing with 

medium-format, the large-format digital camera system have extreme wide-ground 

coverage, For instance, Digital Mapping Camera (DMC) from Intergraph‘s Z/I 



 

 

Imaging, UltraCamD and UltraCamX from Microsoft Vexcel, Quattro DigiCAM and 

DiMAC systems are some typical large-format digital cameras. These camera systems 

are based on multiple camera heads designs (Toth, 2009). For example, DMC II 

camera system has four multispectral cameras in red, green, blue, (RGB) and 

near-infrared (NIR), plus a fifth high-resolution panchromatic camera head 

(Intergraph, 2010). Moreover, with the continuously development of camera products, 

UltraCam Eagle was announced in 2011 as the ultra-large format digital aerial camera 

system. The updated sensor can present up to 260 Megapixel image format with an 

exchangeable lens system (UltraCam Eagle, 2014). 

 

Alternatively, radar and lidar (light detection and ranging) are physical based active 

remote sensing, collecting the reflection actively by microwave wavelengths and 

ranging techniques respectively. Radar and lidar techniques can provide very useful 

data for particular requirement and can contribute as ancillary data when cooperate 

with spectral imagery. Synthetic aperture radar (SAR) as the most common 

microwave sensor can work in the cloud coverage area and can under the night-time 

condition. Lefsky and Cohen (2003) also stated that it is sensitive to the structure of 

vegetation in the moisture and freeze thaw conditions because of the dielectric effect 

of microwave. In addition, radar as well as the lidar remote sensing, have the 

capability in surface layer penetrated detection. By emitting the laser pulse to the 

earth surface and collecting the reflection through airborne, the device can record the 

time interval and intensity of the reflected laser pulse. After necessary processing and 

analysis, they are able to provide the height distribution of the surface as the 

contribution of essential data for the elevation model. 

 

Without extraction and analysis, it is hard to make full use of the remotely sensed 

imagery. Image classification as one of the most important image analysis processes is 

used for creating thematic maps with the purpose of providing primary data for the 

further spatial analysis. Different landscapes can be classified into categories, like 

forest, agriculture, water and such other classes by using image classification 

algorithms, which can provide landscape planning or assessment and drive 

meteorology or biodiversity models. With the development of image classification 

algorithms, plenty of various image classification approaches have risen up. These 

approaches can be grouped by several criteria. Depending on the training samples are 

used or not, the categories are divided into supervised or unsupervised classification. 

From the statistical parameters are employed or not, the categories can split as 

parametric classifiers or non-parametric classifiers. From different kinds of pixel 

information used, they can be grouped as per-pixel, subpixel, object-oriented or 

per-field classifiers (Lu and Weng, 2007).  



 

 

1.2 Research objectives 

In this master‘s degree project, an object-based image classification method is 

investigated and evaluated based on orthophoto and lidar data. Feature information 

from the imageries are analyzed and contributed to the object segmentation and 

classification rule set. The classification is performed in three dataset. Firstly, 

orthophoto and lidar data are used as input data alone. And then the combination with 

both orthophoto and lidar data as input data is investigated.  

1.3 Research approach  

First of all, literature review is performed to research the current similar studies. Data 

set of one appropriate test areas are provided by Lantmäteriet, including the derivation 

data from laser scanning data and aerial photographs. Segmented objects were 

generated by using eCognition Developer. The comparison for object-based decision 

tree and SVM classification algorithms with different data sets is performed.  

1.4 Thesis outline 

The thesis work is organized as follows. 

 

Chapter 1 presents a general description of the remote sensing and image 

classification background, brings the objectives and approach of this project research.  

 

Chapter 2 gives a literature review on land use map classification based on orthophoto 

and lidar data, object-based classification method is point out specifically. The 

previous research on automatic mapping is also described.    

 

Chapter 3 interprets the study area and imagery data used in the research. eCognition 

as the implementation software is introduced. The classified landuse types are defined 

also in this chapter.  

 

Chapter 4 describes the principle of segmentation which is the crucial importance in 

object-based image classification. Feature information used for decision tree 

classification criteria is determined from imagery inspection. Following the 

object-based image classification techniques, decision tree and SVM classifier were 

implemented in orthophoto, lidar data and combination of both data types are 

described.  

 

 



 

 

In Chapter 5, the results obtained from the classification by each data type are 

compared and discussed.  

 

Chapter 6 presents the conclusions and recommendations for the further research.  



 

 

CHAPTER 2 

LITERATURE REVIEW 

Before the VHR (very high resolution) image appears, the pixel size of remote 

sensing imagery is coarse. One pixel may represents many objects or in the similar 

size of an object of interest. Pixel-by-pixel analysis or sub pixel analysis techniques 

are appropriate to unravel information from data sets (Blaschke, 2010). With the 

increasing spatial resolution of satellite sensors, many applications which have been 

mainly applied in airborne remote sensing can be solved by satellite remote sensing. 

DigitalGlobe's Worldview-2 satellite sensor is capable of acquiring image data at 1.8 

meter multispectral resolution. GeoEye-1 satellite sensor can provide 0.41 meter 

panchromatic (B&W) and 1.65 meter multispectral resolution (Satellite Imaging 

Corporation, 2012). Application which requires accurate image data like urban change 

detection, vehicle detection, plant species identification and many urban applications 

or vegetation analysis are developing rapidly with the support of VHR image (Pacifici 

& Navulur, 2011). In the high resolution image, pixels are smaller than object 

significantly. Therefore, pixels need to be combined in the pixel-by-pixel analysis 

which begins to show cracks. Meanwhile, alternative methods have been followed 

(Blaschke, 2010). The research of object based image analysis (OBIA) and 

object-oriented software become the current tendency and grow rapidly around the 

year 2000 (Bian, 2007). 

 

Object-based classification is aimed at delineate objects from imagery which are made 

up of several pixels. The most evident difference between pixel-based classification 

and object-based classification is that the latter has objects as the basic classification 

process units instead of single pixel. Overall, as the essential step of object-based 

classification, segmentation is implemented by certain criteria of homogeneity based 

on spectral information, texture, shape and contextual information (Darwish, Leukert, 

& Reinhardt, 2003). After segmentation, meaningful objects are derived from imagery 

and further classification is able to perform based on the objects.  

 

Corresponding to the data types employed in image classification, three patterns of 

feature information are analyzed normally. One is spectral pattern analysis. Spectral 

information i.e. brightness values of the pixels are treated as the feature which 

represents the characteristics of the class in the categories of classification. Spectral 

information is the most commonly used feature. In one or more spectral bands, 

spectral information of each individual pixel is represented by digital numbers. As a 

result, mosaics of pixels with similar spectral information are assigned to the 

corresponding classes or themes. 



 

 

 

Spatial pattern analysis is another pattern for digital image classification. The 

neighborhood relationship of each pixel or cluster, size and shape of clusters after the 

image segmentation are all belongs to spatial information. Such features like ‗Relative 

border to class‘ are very useful in classification process. If the pixels or clusters in the 

border to one class are considered as the same class or theme through visual 

inspection, the misclassified pixels or clusters can be fixed by merging the one to the 

neighbor class together. 

 

Temporal pattern analysis is also one of the image classification patterns. Owing to 

the increased number of satellites and new technique for data distribution, it becomes 

possible to acquire long time series or frequent temporal images (Bruzzone, 2013). 

Multi-temporal images provide change identification on the same geographical area. 

This technique makes the analyzing process efficient for change detection. 

Multi-temporal channels can also be the foundation in image classification by a set of 

procedures.  

 

To sum up, the trend of image classification approach is to combine all of the three 

patterns. In this object-based image classification research, both spectral and spatial 

information are used in the image classification strategy.  

2.1 Orthophoto for object-based land cover classification 

Orthophoto is the aerial photograph. After the process of geometrical correction, 

distortions are adjusted by using a rigorous algorithm and digital elevation model 

(DEM). Orthophoto are usually applied in geospatial data establishment and update. 

Traditional classification based on aerial images is usually reached though visual 

interpretation, which is very time consuming. To improve the efficiency, automatic 

classification methods are introduced. Object-based classification can deal with high 

complexity image like orthophoto with high-resolution data. Despite of pixel-based 

classification that only takes into account on spectral information in one pixel, 

object-based classification can draw on the features information such as texture, 

context, size, etc. for each segment (Darwish, Leukert, & Reinhardt, 2003).  

 

A number of articles can be found in the aspect of object-based classification research. 

But only a few of the studies are based on orthophoto. Kressler, Steinnocher, & 

Franzen (2005) examined object-oriented classification of orthophoto to aim at 

presenting the potential capable in order to support spatial database updating. Data 

sets from Austria were used, including orthophoto with resolution of 25cm and digital 

cadastral map as reference data. The study put emphasis on evaluating the 

transferability of the procedure, specially in terms of examing data sats from 

Switzerland, Germany and Denmark additionally. Classification process in this study 



 

 

was hierarchical and contained two stages. Initial classification grouped segments into 

coarse classes. Features as ratio green and brightness were used for vegetation 

extraction. The class of fields was generated by the features of area, brightness, 

number of sub-objects and ratio red. Then the second segmention was carried out by 

merging existing segments with similar spectral information, like large homogeous 

objects, on the basis of neighborhood operations. A more detailed classification was 

performed by fixing misclassified field to refined class. Meanwhile, the class of red 

roof was extracted from wrong classified segments of fields. After that, visual 

comparsion was perfomed for the classification results with reference data. Results 

showed that image with infrared band or a high radiometric resolution was a most 

important impact factor for accurate classification results. Moreover, the 

transferability of the procedure from one data set to another was comfirmed.  

 

Laliberte and others (2004) analyzed shrub cover change from 1937 to 2003 in 

soutern New Mexico, based on the results from object-based classification of a series 

high resolution aerial photos and a QuickBird satellite image. The procedure of 

classification was simlar with the privious article (Kressler, Steinnocher, & Franzen, 

2005). Shrubs were determined by mean brightness value and mean difference to 

neighbors. 

2.2 Lidar data for object-based land cover classification 

Light Detection and Ranging (Lidar) produces high-resolution 3D point clouds by 

collecting the reflection laser pulse from the ground surface that emit from airborne 

laser scanner. Basically, lidar data are used in defining digital elevation model (DEM) 

and providing digital surface model (DSM). In addition, lidar data are also capable in 

many applications such as 3D city modeling and classification of land cover map.  

 

Without processing and interpreting, lidar data is just a data set of mass points with X-, 

Y-, Z- coordinates and possibly with attributes like amplitude or echo count. To 

extract information like building heights, plant models or surface shapes, further 

processing of point cloud is required. Vosselman et al. (2010) stated that converting 

point cloud in raster image through interpolation algorithm or structuring laser 

scanner data by Delaunay trianulation, k-D tree or octree data structures can visualize 

lidar data and make the point cloud organized. Once the data structure is available, 

point cloud segmentation can be performed. In this procedure, points that belong to 

the same planar, cylinder or smooth surface are grouped together corresponding to 

some criterion. Then, the extracted features by such point cloud segmentation are 

required for buildings modelling or terrain surface extraction. Vosselman (2009) 

introduced some commonly used segmentation method in his article, such as 3D 

Hough transform, surface growing algorithm and the random sample consensus 

(RANSAC) algorithm. By defining the reflected laser pulse from objects, lidar point 



 

 

can have a classification assigned to the corresponding type of objects. A number of 

categories inclusive of bare ground, canopy, and water can be extracted by relative 

filter strategy. Additionally, useful attributes such as height, segment size or 

percentage of last return pulse can discriminate objects in such segment based 

classification.  

 

Axelsson (1999) mentioned that except elevation data, additional information could 

be obtained by exploring extra attributes of lidar data, which were: point density, 

registration of multiple echoes and amplitude registration (reflectance). Point density 

could record the velocity of platform and frequency of sampling. Registration of 

multiple echoes stored the times of return echoes in one laser pulse.  

 

Figure 2.1: Lidar attributes: registration of multiple echoes and amplitude registration 

(reflectance). (Adapted from Keith, 2011, University of Birmingham) 

 

Figure 2.1 interprets that echoes return are separated when they hit the canopy, brush 

and ground. Amplitude registration (reflectance) as the third attribute discribes 

amplitude of the returned laser pulse which is used for generating intensity image. 

Because different objects like vegetation and ground surface have unlike amplitude, it 

can be used in image classification strategy. Mazzarini et al. (2007) identified lava 

flows by analyzing the variations in the surface roughness and texture from lidar 

intensity image. Höfle et al. (2009) delineated glacier surface based on surface 

roughness by using airborne lidar calibrated intensity data which eliminated the 

effects from atmosphere, topography and scan geometry. It was assumed that the 

glacier suface was smoother than the adjacent area. Moreover, Donoghue et al. (2007) 

separated spruce and pine species in mixed species plantations. It showed that lidar 

intensity data was extremely useful for species variation analysis. 

 



 

 

Until recently, the achievements of land cover classification research are gradually 

increased. Traditionally, lidar point cloud has been frequently used in ground point 

extraction (Priestnall, Jaafar, & Duncan, 2000) and points of building or vegetation 

classification (Norbert & Claus, 1999). Song et al. (2002) evaluated the possibility of 

using lidar intensity data for land cover classification. In that case, interpolation and 

filtering methods were performed to reduce noise effect.  

 

Antonarakis, Richards, & Brasington (2008) used airborne lidar data to classify 

planted forest and natural forest in sweeping meanders. Two methods of object-based 

classification were compared, one included the influence of the ground and the other 

excluded the ground point. After assessing with the help of aerial digital photographs, 

it showed that the results from both methods were satisfied, with the overall 

classification accuracies of 95% and 94% respectively. Several primary features were 

generated from lidar data, vegetation height model, percentage canopy hits model, 

intensity models and skewness and kurtosis models. Vegetation height model which in 

general equal to normalized digital surface model (NDSM), was calculated by 

subtracting terrin model from canopy surface model. The difference represented the 

absolute elevation above the ground. Percentage canopy hits model defined the 

percentage of reflected hits from canopy. Intensity value in this article were averaged 

from both raw first and last pulse points. Furthermore, the difference beween the 

maximum value from first pulse and minimum value from last pulse was also 

calculated to obtain intensity difference model. At last, skewness and kurtosis model 

provided comparison of distribution difference between natural and planted forest. 

 

Brennan and Webster (2006) described the utilization of segemtation and rule-based 

object-oriented classification teachniques based on lidar data. Land cover types like 

building, road, water vegetation, and so on were extracted by analyzing DSM, DEM, 

intensity, multiple echos, and normalized height derived from lidar data. Classification 

hierarchy was constructed from coarse to detail by follwing a rule-based logic. Single 

lidar survey presented in this study was capable to identify land cover classes, but 

consideration should be given for applying interpolation methods when generated 

image from lidar point clound. It also showed that object-based classifiaction was well 

suited in lidar data with both spatial and spectral information exploited.  

2.3 The combination of aerial imagery and lidar data 

Many researches reveal that a combination of different data sources can complement 

characteristics of sensors mutually in image classification. Gamba and Houshmand 

(2002) analyzed the relative merits of aerial imagery, synthetic aperture radar (SAR) 

and lidar data in the extraction process of land cover map, DTM (Digital terrain model) 

generation and 3D shape of buildings. The authors tested and compared what kind of 

information each data type can provide. In the scenario of land cover classification, 



 

 

road and building were often misclassified due to the similar spectral information. The 

results presented that with lidar data joined, the situation of misclassification was 

mitigated. For DTM and building extraction, lidar data had more accuracy vertical 

resolution comparing with SAR, although refined algorithms were required when 

generated DTM.  

 

Bork and Su (2007) made a comparison between multispectral data and lidar data 

which was used both alone and together (i.e. integrated) in image classification of 

rangeland vegetation. DEM, surface elevation model (SEM), slope and aspect features 

were derived from lidar data in this paper. The classification accuracy of lidar data 

used alone was lower than using hybrid color composite image generated from 

original multispectral data. But it was also noted that lidar data could provide 

topography and roughness of land surface rapidly and explicitly, especially some 

biological properties in certain landform. Furthermore, the benefit of integration with 

both multispectral images and lidar data were highlighted.  

 

A similar research was undertaken by Nordkvist et al. (2012) combining optical 

satellite data and airborne laser scanner data for vegetation classification. Height 

percentiles and vegetation ratio as the classification features were generated from lidar 

data. Compared with satellite data using only, the results based on combination data 

had significant improvements. It indicated that vegetation map could be produced 

efficiently with low costs compared with the manual methods currently.  

 

Buján et al. (2012) reinforced the feasibility of combining lidar data and aerial images 

to detect rural area automatically. NDSM, intensity image, slope image, Fp-Lp image 

were derived from lidar data. These feathers together with spectral information of 

orthophoto were used to perform object-based classification. Fp-Lp image was 

calculated from the difference between the value of DSM generated from the last 

return and first return. The permeable object showed high Fp-Lp value, therefore, it 

was useful to discriminate trees from buildings. Furthermore, the segmentation 

process of this research was based on slope and intensity image. At last, the 

classification accuracy was assessed for various lidar data densities used in the 

classification method. Satisfactory level was increased from the density of 0.5 

pulses/m2up to 2 pulses/m2. What‘s more, the result with density of 0.5 pulses/m2 

was unexpected good enough and the effect of lidar point density reduction was slight 

for the image classification results.  

 

  



 

 

CHAPTER 3  

STUDY AREA AND DATA DESCRIPTION 

The study area of this degree project is a subset area of city Örebro. A square size of 

2.5km x 2.5km urban area is selected. Örebro is a trade center and attracted city in the 

middle of Sweden, with a river Svartån passing through and flowing to the lake 

Hjälmaren. Örebro castle as a famous tourist attraction in the city is located on an 

island in the river, which is used as castle fortification in medieval times (Örebro 

Kommun, 2013). With the typical land cover types contained, such as water, park, 

industrial and residential area, Örebro is a suitable area for land cover classification 

studies. 

3.1 Data acquisition 

The image data about this study area were provided by Lantmäteriet, which is the 

Swedish national mapping, cadastral, land registration authority. Two data types were 

prepared for this research, orthophoto and lidar data, as well as the DSM, DTM and 

intensity image derived from lidar data.  

 

Orthophoto were produced from the aerial photograph that collected by the camera 

Microsoft Vexcel UltraCam Eagle (UCE) in August 27
th

, 2012. The orthophoto image 

had four spectral bands, Red, Green, Blue (RGB) and Infrared (IR) with the resolution 

in 25cm (Figure 3.1).  



 

 

 
Figure 3.1: The orthophoto of the study area. 

 

Lidar data were obtained from national elevation model (NNH) which was collected 

by airborne laser scanning system from Optech‘s Gemini Airborne Laser Terrain 

Mappers (ALTM). Optech described that this lidar mapping system was equipped 

with industry‘s fully automated Continuous Multipulse (CMP) technology (Optech, 

2006). The lidar data of this study area was generated in March 21
st
, 2012 with the 

spatial resolution in 1m and point density in 0.5 to 1 point per square meter (Figure 

3.2). In this lidar system, echo information of each laser pulse could be registered as 

one of the lidar data attribute. Axelsson (1999) stated that multiple echoes could be 

useful to detect very fast change in elevation. 



 

 

 

Figure 3.2: Original lidar point cloud. 

 

3.2 Data derivation from orthophoto 

From the orthophoto provided above, seven surfaces were derived to aim at 

discovering critical features in classification. These were, DSM and NDSM, 

near-infrared (NIR) value, Ratio Green, Ratio Vegetation Index (RVI), Normalized 

Difference Vegetation Index (NDVI), Normalized Difference Water Index (NDWI) 

and Land & Water Mask (LWM). 

 

First of all, DTM was produced from laser data. DSM was generated from linear array 

imaging by using image matching algorithm. NDSM as the normalized DSM was 

obtained by subtracting the DTM from the DSM (Figure 3.3). The resolution of both 

DSM and NDSM were 1m. It was noted that, the accuracy of DSM generated from 

aerial imagery was slightly higher than the accuracy of DSM generated from lidar 

data, after comparing both DSM value in the same area. Based on that, the NDSM in 

this study was a hybrid dataset calculated by DSM from aerial imagery and DTM 

from laser.  



 

 

 

Figure 3.3: The normalized DSM (NDSM). 

 

Considering the NIR value, the distinguishing characteristic at NIR wavelengths often 

makes water easily delineated with remote sensing data. Figure 3.4 below shows that 

the reflection from water bodies in the NIR band (around 1.0 µm) is remarkably low, 

because of the energy absorption property. However, Lillesand et al. (2004) pointed 

out that the reflectance properties of water bodies depend on various interrelated 

factors. For instance, the suspended material in the water or the bottom of a water 

body can cause the specular reflection of the water‘s surface. Therefore, an 

appropriate threshold must be used to interpret the reflectance over water area in 

particular remote sensing data. In this case, a binary mask for the NIR value image 

was used to illustrate a thresholding for water. An appropriate threshold should 

segment image into two classes, i.e., water and non-water area. Shown in Figure 3.6 is 

a NIR value image that displays three segmented results with different thresholds. 

Because the water‘s strong absorbability of the incident energy, threshold was set 

from low digital number (DN) according to the histogram of DNs for the NIR image 

(Figure 3.5). From the segmented figure, red color presents parts of area below 

threshold at DN=40. The result shows that the whole water bodies are included 

completely. However, numbers of scattered red spots are in the forest area, which 

means that threshold at DN=40 cannot separate water from forest. After that, a 

threshold set at DN=30 displays area in lower DNs range as blue color to eliminate 

forest area from water. The results illustrate that some spots in forest area is removed, 

but a number of shadow areas and dark roof still exist. Furthermore, some small parts 



 

 

of marshland and pond disappear compared with the former red divided area. In case 

that the assigned threshold is not small enough, another threshold at DN=15 is 

determined. Green areas shown in the image represent the outcomes. The results 

demonstrate that the primary river stream and lake are maintained, but additional pond 

and marshland are absent. At the same time, the misclassified shadow areas around 

building are extremely persistent. Considering the water body is decreasing by 

narrowing the threshold value, the gray-level thresholding of NIR image does not 

present a significant effect for water discrimination. Therefore, in this project, the NIR 

value is not considered as a functional feature for water segmentation. 

 

Figure 3.4: The typical spectral reflectance curves for water, soil and vegetation at wavelength 

0.5-1.1𝜇𝑚. (Adapted from Mather and Koch, 2010) 

 
Figure 3.5: The histogram of NIR image. 



 

 

 

 

Figure 3.6: Binary mask in three different thresholds for NIR image. (DN value from 0 to15 was 

set in green. DN value from 0 to 30 was set in blue. DN value from 0 to 40 was set in Red.) 

Ratio Green is derived from the ratio of green band to the total value of red, green and 

blue bands. It can highlight the reflectance of vegetation in green wavelength. In 

addition, the spectral signature of green leaves in NIR band has a distinct pattern, 

compared to other materials such as bare ground or rock. The reflectance of 

vegetation in NIR is much higher than in any portion of visible wavelengths (Figure 

3.7). Ratio Vegetation Index (RVI) (also known as the Simple Ratio) as the ratio of 

near-infrared band to red band, is the first vegetation index to be defined by Birth and 

McVey (1968) and is commonly used since then. The RVI value for bare soils is 

around 1, whereas green vegetation usually has very high RVI values. Jackson & 

Huete (1991) presented that the RVI values of bare dry soil and bare wet soil were 

1.21 and 1.33 respectively. For wheat covered area the RVI value was 12.9.   
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Figure 3.7: Spectral signatures of vegetation in visible and NIR wavelengths. (Adapted from 

FLIGHT RIOT, 2013) 

 

Meanwhile, Normalized Difference Vegetation Index (NDVI) was found. Compared 

with RVI, both of the indices are functionally equivalent. But NVDI is also sensitive 

for the sparse vegetation (Rouse et al. 1973). NDVI is calculated with the formula 

 

 𝑁𝐷𝑉𝐼 =
(𝑁𝐼𝑅 –  𝑅𝑒𝑑) 

(𝑁𝐼𝑅 +  𝑅𝑒𝑑)
  

 

The value range is from -1 to 1. Because green vegetation has high reflectance in NIR 

and low value in red, the NDVI value for vegetated areas is nearly 1. The bare soil 

and rocks have similar reflectance in NIR and red, so the NDVI value is close to 0. In 

addition, some areas covered by water, clouds and snow have larger reflectance value 

in red compared with the value in NIR. Therefore, it generates negative NDVI value 

in these surveyed areas (SEES, 2003). 

 

The normalized difference water index (NDWI) as a method to enhance the presence 

of water in remotely sensed imagery was generated from orthophoto. The principle of 

NDWI is similar with NDVI. It was the comparison of differences between NIR and 

green. The equation of NDWI is  

 

 𝑁𝐷𝑊𝐼 =
𝐺𝑟𝑒𝑒𝑛 − 𝑁𝐼𝑅

𝐺𝑟𝑒𝑒𝑛 + 𝑁𝐼𝑅
  

The reflectance of water in near-infrared wavelength is lower than the reflectance in 

green. Accordingly, the NDWI value of water is positive. In contrast, soil and 

vegetation on the ground have zero or negative NDWI value (McFeeters, 1996).  

 

Alternatively, Land & Water Mask (LWM) was also used to extract water class. It was 



 

 

calculated by following the formula 

 

𝐿𝑊𝑀 =
𝑁𝐼𝑅

(𝐺𝑟𝑒𝑒𝑛 + 0.0001)
× 100 

 

Uddin (2010) addressed that the LWM value of water was usually from 0 to 50 while 

the total range of LWM was from 0 to 255.  

3.3 Data derivation from lidar data 

Raw point cloud data of lidar don‘t have the capability to sufficiently interpret the 

land surface. Therefore, four surfaces were derived from lidar data, which were DTM, 

DSM, Fp-Lp image and intensity image. DTM was provided from the elevation model. 

It was produced by extracting points on the ground surface from lidar point cloud 

(Figure 3.8). DSM was rasterized from lidar data by first return (Figure 3.9). Both 

DTM and DSM were provided from Lantmäteriet with the spatial resolution in 1 

meter. 

 

Figure 3.8: The DTM image generated from lidar point cloud. 



 

 

 

Figure 3.9: The DSM image was rasterized from lidar data by first return. 

 

Fp-Lp image was calculated by the difference of DSM between first pulse and last 

pulse, with spatial resolution in 1 meter. It had the capability to discriminate 

permeable objects e.g. vegetation. Buján et al. (2012) explained that when a single 

laser beam hit a permeable object, the backscattered beam contained a portion from 

object surface and the remainder until the pluse reached ground. Consequently, the 

permeable objects always had the Fp-Lp value greater than zero which is useful to 

extract trees which have similar height with buildings from build-up area (Figure 

3.10). 



 

 

 

Figure 3.10: The Fp-Lp image calculated by the difference of DSM between first pulse and last 

pulse. 

 

Intensity as the primary attribute from lidar data recorded the reflectance on the 

surveyed area (Axelsson,1999). It was useful to discriminate asphalt areas from 

grassland or buildings in classification process (Buján et al. ,2012). In this study, only 

single and first pulse were used to obatin the intensity image, with a 2m resoultion 

(Figure 3.11). Because single and first pulse could reflect the land cover object 

surface on the surveyed area whereas the last pulse of multiple returns was useful for 

buildings delineate.  



 

 

 

Figure 3.11: The intensity image derived from lidar data. 

3.4 Software-eCognition and Quantum GIS 

The software eCognition Developer 8.0 was used for the object-classification 

procedure of this study. As advanced image analysis software, eCognition provide 

users to develop their own rule-sets for algorithm or operation of segmentation and 

classification. It allows user import arbitrary combination of data type for the image 

segmentation to generate image regions of object. Various features and algorithm can 

be analyzed and implemented for the extraction. And final results can be exported in 

raster or vector format. All the rule sets are managed in process tree and can be saved 

and reused easily (Trimble, 2014).  

 

Quantum GIS 2.0 (QGIS) was applied for design the layout and presenting the result 

image. As an open source GIS (geographic information system) desktop application, 

QGIS is similar as ArcGIS but can be operated in various systems like windows, Mac 

and Linux. It can provide the essential function for visualizing, managing, editing and 

analyzing geographic data (QGIS, 2014).  



 

 

3.5 Definition of classified land cover types 

Four land cover types were considered focusing on the essential land cover types in 

geographical database, forest (high vegetation), water, openland, and building. The 

rest of elements on the map were assigned to unclassified. The following descriptions 

were the definition of each land cover type (Figure 3.12): 

 

Forest (high vegetation). This class contained all surfaces covered by trees.  

 

Water. Water bodies were classified into this group, such as river, pond, swamp and 

even sewage treatment plant. 

 

Openland. Relative open areas covered by low vegetation like bushed and grass. 

Parking lots and bare ground were also included. 

 

Building. Fields with residential houses, commercial or industrial buildings were 

categorized into the building class. 

 

Unclassified. Fields which did not fit into the above four land cover types. 
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Figure 3.12: Class definition examples: From left to right, RGB and NIR images from orthophoto, 

intensity and NDSM images generated from lidar data. 

  



 

 

CHAPTER 4 

METHODOLOGY 

An overview workflow is shown below (Figure 4.1). Firstly, surface derivation was 

implemented from provided orthophoto and lidar data. NDSM, Fp-Lp image and 

intensity image were generated for the classification process. Secondly, objects were 

created based on input dataset by using segmentation algorithm. Thirdly, spectral and 

spatial related features were experimented for each class i.e. forest, water, openland, 

building based on orthophoto, lidar and their surface derivation. By evaluated the 

loaded data, the features and the threshold to represent corresponding objects were 

found. After that, rules for classifying object were decided. Classifications were 

performed based on orthophoto and lidar data, both alone and integrated, by following 

the rule set respectively. On the other hand, SVM classification algorithm was also 

performed based on the same data dataset as decision tree classification algorithm. At 

last, corresponding samples in each class were selected to aim at assessing the 

accuracy of classification results. 

 
Figure 4.1: The general workflow of object-based land cover classification method. 

4.1 Segmentation 

Segmentation as the primary step in the object-based approach groups areas of similar 

pixel values into object. eCognition uses region growing algorithm for segmenting 

remotely sensed images. Process starts by seed selection as the origin of growing 
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region. And then, the neighboring pixels with similar spectral, textural and shape 

characteristic are merged together into a segment. It should be mentioned that, 

threshold parameters are the constraint for the size of segments (Jensen, 2005).  

 

A variety of segmentation algorithms such as multiresolution segmentation, quad tree 

or chessboard are provided in eCognition. Multiresolution segmentation was chosen 

for image segmentation process in this project. It presents homogeneous areas in 

larger objects whereas heterogeneous areas are in smaller ones. The results of 

segmentation can be defined by users with scale parameter. The scale parameter 

regulates how much the homogeneity of object will be. The smaller the scale is, the 

heterogeneous the objects are (eCognition8.0: Guided Tour Level 1).  

4.2 Decision tree classification  

Object-based land cover classification was performed by eCognition 8.0 software. 

This project compared the classification results based on lidar data and orthophoto, 

both alone and integrated. The extraction results presented four land cover types, 

namely forest, water, openland and building. As shown in figure 4.2, the decision tree 

classification consisted of five steps  

 

 
 

Figure 4.2: The workflow of object-based decision tree classification process. 

4.2.1 Orthophoto classification dataset 

At the first step, orthophoto which included four spectral bands i.e. red, green, blue 

and near infrared were chosen to be used for analysis. With the resolution in 0.25m, 

the outlines of objects such as building edges were clearly delineated. Obviously, it 

was important for satisfied segmented object generation.  

 

Multiresolution segmentation was performed using scale parameter 50. Shape and 

Compactness as the Composition of homogeneity criterion kept the default value 0.1 

and 0.5 respectively. After the process executed, the segmentation results was shown 
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in figure 4.3. The created objects delineated outlines of buildings also roof parts and 

other land cover surfaces properly.  

 

Figure 4.3: The subset of segmentation results. 

 

Based on the segments, the related features of objects were analyzed in order to define 

threshold and differentiate the classes. Brennan and Webster (2006) stated that Fuzzy 

memberships (0 means no membership or 1 means full membership) were used in the 

eCognition software. When user implements the rule-set of classification process, a 

threshold is defined to characterize a class. If the object met the threshold of a class, 

then it could be assigned to the given class. A rule-set of the classification process was 

described in the flowchart (Figure 4.4).  



 

 

 

Figure 4.4: The flowchart summarizing the orthophoto classification dataset. 

 

Forest was identified by using vegetation index RVI. eCognition provided numbers of 

standard features in the list of feature view. Spectral indices of vegetation and water as 

specific features were not included, but they could be customized and calculated on 

the basis of all inserted images. RVI and ratio green could both represent the spectral 

characteristic of forest. Comparing the testing results in figure 4.5, it showed that ratio 

green didn‘t have the capacity to distinguish the shadow areas around buildings but 

RVI could. Accordingly, RVI was used to separate the class of forest and threshold of 

RVI value was defined as 1.5. All objects with mean RVI value >=1.5 was assigned to 

forest. The threshold value was obtained based on the trial and error principle, where 

suitable value was found through many tests of values. 
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Figure 4.5: The comparison of RVI and ratio green for forest extraction (The results extracted 

from RVI shown in green color, while ones from ratio green was in red color). 

 

Next, grass covered areas which were contained in openland class was extracted from 

the remaining objects. Due to the difference of spectral features, the process of 

openland classification was divided into two parts, one represented grass and the other 

was bare ground. Spectral feature NDVI<0 was used to perform the grass part of open 

space extraction.  

 

Furthermore, the classification process separated the rest of classes continuously. 

Water could be classified according to two spectral features, NDWI and LWM. These 

two indices presented similar effect on water extraction. Comparing the results from 

figure 4.6a and 4.6b, NDWI performed slightly better than LWM. From the result of 

LWM, a part of building and adjunctive shadow areas were misclassified as water. 

However, NDWI improved the results and separated these areas from water. Therefore, 

NDWI was used for water classification. All objects with a NDWI value larger than 

0.5 were assigned to the class of water. 



 

 

 

Figure 4.6a: The classified result by using LWM. Two Small parts of buildings cannot separate 

from the water class. 

 

 

Figure 4.6b: The classified result by using NDWI. Two Small parts of buildings almost separate 

from the water class compared with the former result. 

 

Bare ground or parking lots as the other part of openland class were classified after 

water class. Since these areas had similar spectral feature, Brightness>170 was 

defined as the threshold for openland discrimination. Meanwhile, paved roads were 

also included by following the rule. In that case, a shape feature, Asymmetry<=0.83, 

was used to eliminate roads from openland class.  

 

At the end, the last step of classification separated the building class from the 

remaining objects. Mean infrared value and mean red value was used to extract 

buildings. Objects met the value Mean IR<84, Mean IR>140 and 55<Mean Red<189 

were assigned to building. The rest objects that didn‘t meet the rule were kept as 

unclassified objects. 



 

 

4.2.2 Lidar classification dataset 

 

Figure 4.7：The flowchart summarizing the lidar data classification dataset. 

 

From the lidar data, three derived surfaces were used in the segmentation process of 

lidar data classification dataset. These layers were intensity image, Fp-Lp image and 

NDSM, of which NDSM was a hybrid dataset, originated from both aerial images and 

laser data. Among these layers, resolution of intensity image was 2m that were 

different from the others as 1m. Even so, eCognition could perform segmentation for 

integrated data with different resolutions. Scale parameter was defined as 10 in the 

process of multiresolution segmentation. Unlike the segmentation of orthophoto, the 

derived surfaces from lidar data didn‘t have such high resolution. So the size of 

segments should be small in order to get appropriate objects. Figure 4.8 compared the 

segmentation results by two scale parameters, 50 and 10.  
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Figure 4.8: The left shows segmentation results of lidar data by scale parameter 50, the right is 

obtained by scale parameter 10. 

 

Following the rule-set in the decision tree and the corresponding parameters, 

object-based land cover classification was performed (Figure 4.7). The most 

important advantage of lidar data was the elevation feature. Building and forest were 

extracted from the beginning using the NDSM>=2 expression. Compared with 

building, forest was a permeable object. Therefore, objects with the value of Fp-Lp 

larger or equal to 2 were classified as forest. On the other hand, objects with Fp-Lp 

value less than 1 was assigned to building. When checking the extraction results, a 

problem appeared. Besides the buildings there were also water classified. It was 

because the accuracy of NDSM in the water area was not good enough. The variation 

range of water‘s NDSM value was very large, from 0 to nearly 4.3 m (Figure 4.9). 

This might cause by the effect of laser hitting the branch from the surrounding trees 

near water. In this case, additional rule to refine the result was added. Misclassified 

objects with intensity<=4.5 was assigned to the water. 



 

 

 

Figure 4.9: The NDSM value of water subset area. 

 

In addition, the object without high elevation value (i.e. NDSM<2) became the 

candidate of openland and water class. Openland was defined as bared ground or 

grass without covering, so the expressions NDSM<0.1 and Asymmetry<=0.83 were 

used to classify openland. Meanwhile, asymmetry minimized the misclassification of 

roads from openland class. At the same time, the feature of intensity value was used to 

extract water from the remaining objects. In general, water had the low value of 

intensity. But in this intensity image, some water areas had extremely high intensity 

value, where showed as light areas in Figure 4.10. These unusual areas might cause by 

the reflection of laser pulses in the water. In some directions, probably just right 

beneath the airplane, reflectance back from the surveyed surface recorded in very high 

value. Accordingly, intensity<37 as well as intensity>221 were used to extract water. 

 

Figure 4.10: The water subset area of intensity map. 



 

 

4.2.3 Integration of lidar and orthophoto dataset 

In the orthophoto classification dataset, building was difficult to extract appropriately 

due to the similar spectral features with roads. But if only with orthophoto, it was not 

able to provide sufficient information. Meanwhile, in the lidar classification dataset, 

water extraction also met problem caused by lidar data acquisition. Therefore, by 

integrated lidar and orthophoto, the problems could mitigate and the results of 

classification could be improved. 

 

All layers used in the previous classification were integrated together as the input data 

of multiresolution segmentation process. Orthophoto, including four spectral bands i.e. 

red, green, blue and near-infrared, and lidar derived intensity image and Fp-Lp image 

were employed, as well as the hybrid dataset NDSM, which was originated from both 

aerial images and laser data. The size and quantity of input layers together with the 

value of scale parameter could all affect the time cost of segmentation process. Large 

input layer or small scale parameter could take an extremely long processing time. 

Since orthophoto was in the input data, the scale parameter was set the same as 

orthophoto classification dataset. With the scale parameter in 50, sufficient objects 

were created based on the integrated data.  

 

Figure 4.11: The flowchart summarizing the Integration of lidar and orthophoto dataset 

 

The decision tree of integration of lidar and orthophoto dataset presented the rule-set 

of the classification process and corresponding parameters (Figure 4.11). Similar with 

lidar classification dataset, building and forest were extracted firstly by the expression 

NDSM>=2. Beside Fp-Lp value, spectral feature RVI was also used to restrict the 

boundary of forest. Hence, forest was generated with the rule RVI>=1 and Fp-Lp>=2. 
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In contrast, building was extracted with the Fp-Lp value less than 1, and as well as 

ratio green was used to improve the results. Meanwhile, a portion of water areas with 

wrong elevation value were defined by the expression intensity<=4.5 and LWM<=60. 

The other parts of water with regular height were extracted by following the rule 

LWM<=60, intensity<37 and intensity>221. On the other hand, the remaining objects 

with asymmetry<=0.83 were assigned to openland. Since openland was defined as 

relatively large area, refinement was performed with ―area‖ features by ignore some 

areas which pixels were less than a certain number.  

4.3 Support vector machines (SVM) classification 

Except using the decision tree classification and the corresponding extraction 

parameters, another classification method was examined. Support vector machines 

(SVM) as an advanced supervised classification technique was applied to identify 

each pixel into the demanded categories.  

 

Figure 4.12: SVM classification with support vectors and separating hyperplane. (Adapted from 

Meyer, 2001) 

 

In principle, a separating hyperplane of training set is defined with support vectors 

and maximal margin (figure 4.12). With kernel function, training dataset is projected 

into high-dimensional feature space. SVM implements the classification easier by 

building a maximal margin hyperplane in a higher dimensional space (Markowetz, 

2003).  

In this study, 30 segmented objects were selected as training samples for each class. 

The SVM algorithm was performed in eCognition software. To execute SVM, some 

parameters had to be considered. Radial Basis Function (RBF) Kernel method was 

chosen in this project. To use the RBF kernel in eCognition, Kernel Parameters 

gamma and Error weight C parameters must be set. As a coefficient polynomial, 

gamma represents the width of RBF function. Error weight C is the influence of 



 

 

training errors (Markowetz, 2003). Few literatures can be found on the identifying of 

these parameters. Though a process of trial and error, the value gamma and C were 

determined as 0.0001 and 1000 respectively. In addition, for SVM training area, 

because the different attributes of bare ground and grass, the sample selection process 

of openland category was divided into two classes, i.e. bare ground and grass. After 

the classification finished, these two classes were merged as openland.  

4.4 Accuracy assessment  

The accuracy of the classification results was validated by visual inspection and 

statistical assessment. Orthophoto provided an easily distinguishable image in the 

study area with the resolution in 25cm. The comparison between the classification 

results and orthophoto could interpret the accuracy intuitively.  

 

In addition to visual inspection, an overall accuracy assessment of the classification 

quantified the accuracy and summarized in the form of a confusion matrix. To 

perform the validation of classification results, samples were selected randomly in 

object level for each class, which represented that the objects should be assigned to 

this class. After samples selection, eCognition generated a mask from the samples. 

Since orthophoto dataset had small and fine segmented objects, sample mask was 

selected in this schedule. For the comparable of accessed accuracy, the same mask 

was applied for all three classification dataset. 

 

Based on the sample mask, the level of agreement between the classification results 

and reality were calculated and presented in confusion matrix. The producer‘s 

accuracy as omission error refers to the probability that pixels of the certain class 

were correctly extracted. It was measured as the total number of correct classified 

pixels in a certain category divided by the column total of that category. On the other 

side, user‘s accuracy presented the reliability of classified results. As a commission 

error, user‘s accuracy indicated the probability that the pixels assigned as a certain 

land cover class in the map were actually belonging to the category on the ground. It 

was calculated as the total number of correct classified pixels in a category divided by 

the raw total of that category (Congalton, A Review of Assessing the Accuracy of 

Classifications of Remotely Sensed Data , 1991). 

 

The overall accuracy is calculated as the total number of correctly classified pixels in 

the major diagonal of the matrix divided by the total number of observed pixels in the 

entire matrix. The expression is shown below 

�̂� =
∑ 𝑥𝑖𝑖𝑖=1,𝑛

∑ ∑ 𝑥𝑖𝑗𝑗=1,𝑛𝑖=1,𝑛
 

(Where n is the number of rows in the matrix, i and j represent the row and column 

sequence) 



 

 

 

In addition, Kappa coefficient (KHAT statistic) as a discrete multivariate technique is 

also performed in the accuracy assessment. It is computed as  

�̂� =
𝑁 ∙ ∑ 𝑥𝑖𝑖 − ∑ 𝑥𝑖+ ∙ 𝑥+𝑖𝑖=1,𝑛𝑖=1,𝑛

𝑁2 − ∑ 𝑥𝑖+ ∙ 𝑥+𝑖𝑖=1,𝑛
 

(Where n, i and j are the same as the former equation, N is the total number of 

observation, 𝑥𝑖+ and 𝑥+𝑖 are the number of total observations in the row i and the 

number of total observations in the column i respectively) (Congalton, A Review of 

Assessing the Accuracy of Classifications of Remotely Sensed Data , 1991)  

 

Kappa coefficient value is varied in the range between 0 and 1. In general, high value 

of Kappa indicates high level of agreement. K>0.8 represent good reliability, K value 

between 0.4 and 0.8 is middle, and K<0.4 means poor agreement (Congalton, 1996). 

  



 

 

CHAPTER 5 

RESULTS AND DISCUSSION 

With object-based land cover classification, the study area was extracted into four 

classes: forest, water, openland and buildings. Both airborne orthophoto and lidar data 

were used alone and integrated in the classification dataset. The results were 

generated in two different classification algorithms, i.e. decision tree and SVM.  

5.1 Image segmentation results 

A prerequisite for the realization of optimal image classification is a sufficient image 

segmentation result. Before processing each classification schedule, image 

segmentation was performed based on the corresponding input layers. Results 

presented that image was segmented into meaningful objects. In eCognition, image 

layers were segmented simultaneously. For each layer, the segmentation weight was 

equal. Scale and other parameters were selected though a process of trial. For 

orthophoto dataset and integration dataset, the scale parameter was 50. And for lidar 

dataset, it was assigned as 10 due to the difference of image resolution.  

 

The objects in segmented image should be easily identified by classification algorithm. 

After segmentation process finished, a visual inspection was made by comparing the 

delineated objects with the high resolution orthophoto. The segmentation results from 

integration, orthophoto and lidar dataset in different land cover types were illustrated 

in Figure 5.1~ 5.6 respectively. For building class, build-up areas and residential areas 

were presented separately, as well as bare field and grass areas in openland class. 

Input layers for image segmentation of orthophoto dataset contained red, green, blue 

and near infrared bands with 0.25m resolution. Meanwhile, the input segmentation 

layers for lidar dataset included intensity (2m resolution), Fp-Lp (1m resolution) and 

NDSM image (1m resolution). Although the segmentation results of lidar dataset was 

based on low-resolution lidar data, for the comparison convenient, the result of lidar 

segmentation was illustrated in both lidar input layers and orthophoto backgrounds.  



 

 

 

With regard to the segmentation results of build-up areas (figure 5.1), integration 

dataset and orthophoto dataset show almost no difference in the selected areas. The 

borders of roofs are found correctly without significant errors in both dataset. 

Moreover, different types of roof materials on the same building have been assigned 

as individual objects (in the color coral pink and gray). However, the results from 

lidar segmentation are generality. In spite of the coarse outline of roof, mixture of tree 

and building does not exist. In the image of lidar data input layers, buildings with 

height are shown in rusty red and trees are distinguished in green because of Fp-Lp 

image. Therefore, buildings are clearly identified from other objects.   

 

(a) (b) 

(c) (d) 

Figure 5.1: The segmentation results of build-up areas: (a) Integration dataset segmentation; 

(b) Orthophoto dataset segmentation; (c) Lidar dataset segmentation shown in orthophoto 

background; (d) Lidar dataset segmentation shown in lidar data input layers.  



 

 

 

Concerning the residential areas with low-density buildings, the resultant 

segmentation largely respects the houses boundary and shape. Even so, a small 

number of houses with roof in the poor light are blend with shadows on the ground in 

both integration dataset and orthophoto dataset. Even if the input layers of integration 

dataset contains height image, it is still not beneficial in such small objects for the 

reason of the coarse resolution of lidar data. Regarding the lidar dataset in figure 

5.2(d), the house is delineated correctly. Nonetheless, the object outline is jagged due 

to the limited accuracy is by pixel size. 

 

(a) (b) 

(c) (d) 

Figure 5.2: The segmentation results of residential areas: (a) Integration dataset segmentation; 

(b) Orthophoto dataset segmentation; (c) Lidar dataset segmentation shown in orthophoto 

background; (d) Lidar dataset segmentation shown in lidar data input layers.  



 

 

 

As for the openland field, it mostly contains a lot of variability in urban areas. For 

instance, a construction area may contain bare ground, grass or building block. It is 

difficult to find the common features for such objects with variant spectral 

information and texture. Figure 5.3 presents a good segmentation results from a subset 

of bare ground areas mixed with vegetation and parking lots. In order to distinguish 

different object types, the size of segmented object become small. As a result, some 

small trivial segments appear in all three dataset. Integration dataset is slightly better 

than others concerning that the segments represents roads and parking lots more 

completely.  

 

 

(a) (b) 

(c) (d) 

Figure 5.3: The segmentation results of bare ground areas: (a) Integration dataset 

segmentation; (b) Orthophoto dataset segmentation; (c) Lidar dataset segmentation shown in 

orthophoto background; (d) Lidar dataset segmentation shown in lidar data input. layers.  



 

 

 

In addition, the segmentation results of grass areas in orthophoto and integration 

dataset generate very detailed segments (Figure 5.4). Even the white lines in football 

filed are delineated explicitly. Because of the difference in mowing height or different 

type of grass, the grass field is represented by many segments. 

 

As a matter of fact, small pools of water such as ponds or wetlands are also very 

complicated land cover features in image segmentation. Figure 5.5 illustrates some 

small ponds and wetlands in Oset och Rynningeviken Nature Reserve of Örebro 

kommun (Örebro kommun, 2014). Patches of woody scrub or reeds grow in wetland 

and the edges of pond. It causes problems when segment the images, as well as the 

overhanging vegetation and dead leaves floating on the water surface. The 

segmentation results of integration and orthophoto dataset are of good qualities that 

can represent pond in one piece of large segment.  

(a) (b) 

(c) (d) 

Figure 5.4: The segmentation results of grass areas: (a) Integration dataset segmentation; (b) 

Orthophoto dataset segmentation; (c) Lidar dataset segmentation shown in orthophoto 

background; (d) Lidar dataset segmentation shown in lidar data input layers.  



 

 

 

 

Compared with water, frost is simpler but also has variable height and shadows. 

Figure 5.6 shows the segmentation results of a subset forest area. It‘s nearby 

residential area with a stream passing through. The segments manage to split forest 

canopy and shadow into disparate objects.  

(a) (b) 

(c) (d) 

(a) (b) 

(c) (d) 

Figure 5.5: The segmentation results of water areas: (a) Integration dataset segmentation; (b) 

Orthophoto dataset segmentation; (c) Lidar dataset segmentation shown in orthophoto 

background; (d) Lidar dataset segmentation shown in lidar data input layers.  

Figure 5.6: The segmentation results of forest areas: (a) Integration dataset segmentation; (b) 

Orthophoto dataset segmentation; (c) Lidar dataset segmentation shown in orthophoto 

background; (d) Lidar dataset segmentation shown in lidar data input layers.  



 

 

5.2 Decision tree classification results 

After the process of segmentation, meaningful objects were obtained. By following 

the rule sets of classification, objects were assigned to one of the defined classes, i.e. 

building, forest, openland, water or unclassified.  

 

To assess the classification quality, accuracy were analyzed and summarized in 

confusion matrices with the user‘s and producer‘s accuracy. Table 5.1~5.3 show the 

results of the validations from the three classification dataset. The values are rounded 

off into 3 decimal places. Among the three classification dataset, the results from 

integrated data display the highest overall accuracy with 95.2% as well as Kappa 

coefficient with 0.933. Classification using orthophoto alone get a slightly higher 

accuracy (0.892) than the results from lidar data alone (0.886). All three classification 

dataset have Kappa coefficient higher than 0.8, which means that the results are in the 

high level of agreement. 

 

As for orthophoto classification dataset, the overall accuracy is 89.2%. Regarding 

producer‘s accuracies, forest achieves 95.5% classification accuracies, while the other 

classes get over 85% accuracies (Table 1). Building is misclassified as forest and 

water. Of forest, the only source of omission error is from water. Even though 

openland and water have a good accuracy (89.2% and 87.9% respectively), their 

errors are omitted from other three classes. As for user‘s accuracies, all classes have 

good results with accuracy over 90%. The highest user‘s accuracy is water (97.7%), 

but it has confusion with other three, as well as forest. Meanwhile, about 7.3% of 

openland are misclassified as water. 5.5% areas of building are misclassified as 

openland and water. These classification errors are caused by the similar spectral 

features of land cover types in orthophoto.  

Table 5.4: Confusion matrix for orthophoto classification dataset. 

Accuracy Assessment - Orthophoto 

User \ Reference Class Building Forest Openland Water Sum User 

Building 350891 0 2514 17825 371230 0.945 

Forest 3881 404217 18604 20761 447463 0.903 

Openland 0 0 885907 20959 641623 0.927 

Water 29641 18909 14945 626678 955416 0.977 

Unclassified 27916 20 70721 26882 125539 
 

Sum 412329 423146 992691 713105 
  

 
      

Producer 0.851 0.955 0.892 0.879 
  

       

Overall Accuracy 0.892 

Kappa Coefficient 0.852 



 

 

 

With regard to lidar classification dataset, the overall accuracy achieves 88.6%.  

Additionally, the four classes yield over 88% average producer‘s accuracies (Table 

5.2). Among that, water achieves the highest classification accuracies in 90.3% and 

mainly contains some misclassified openland, while the other classes reach over 85% 

accuracies. Building has the second highest accuracy in 89.2% and it is confused 

mainly with forest. Meanwhile, the omission error of forest is 85.1% with 

misclassified areas mostly in openland. Considering of openland, it has a good 

accuracy in 88.6%. Even so, its errors are omitted from other three classes. As for 

user‘s accuracies, building is classified with 99% accuracy with a few commission 

errors from forest. Water achieves a good accuracy as well (97.4%). Forest has the 

lowest user‘s accuracy due to commission errors from building and water basically. 

Openland reach 94.7% accuracy and some areas are confused with water. Owing to 

the height value and intensity data, the lidar classification dataset achieved such 

optimal results without very high resolution.   

 

Table 5.5: Confusion matrix for lidar classification dataset. 

Accuracy Assessment - Lidar 

User \ Reference Class Building Forest Openland Water Sum User 

Building 22993 184 23 36 23236 0.990 

Forest 638 22508 273 585 24004 0.938 

Openland 263 547 54958 2850 58060 0.947 

Water 146 106 256 40253 41319 0.974 

Unclassified 1747 3094 6547 838 12226 
 

Sum 25787 26439 62057 44562 
  

 
      

Producer 0.892 0.851 0.886 0.903 
  

       

Overall Accuracy 0.886 

Kappa Coefficient 0.845 

 

Concerning of integration dataset, the classification results reach highest overall 

accuracy in 95.2% comparing with others. On the side of producer‘s accuracies, 

building and openland achieve over 95% classification accuracies, while forest and 

water reach over 91% accuracy. Building is classified with 97.1%. Only small areas of 

openland and water are misclassified as building. Forest has the lowest producer‘s 

accuracies in 91.7%, due to the omission errors from openland mostly. Merely 3.5% 

of openland areas are mainly misclassified as water and forest, while 5.7% of water 

areas are misclassified as building and openland. On the side of user‘s accuracies, 

none of the four classes are down below 95%. Forest achieves the highest accuracy in 

99%, while a small part of forest is misclassified as openland. Water has almost the 

same accuracy as forest, with the value of 98.9% accuracy. Building has the lowest 



 

 

user‘s accuracy in 95.9% due to the commission errors from water, while openland 

with the accuracy 96.7% has the commission errors basically from forest. The results 

show significant improvement of integration dataset either in producer‘s accuracy or 

in user‘s accuracy. The overall accuracy improved expressively from 89.2% 

(orthophoto classification dataset) and 88.6% (lidar classification dataset) to 95.2%.  

 

Table 5.6: Confusion matrix for the integration of lidar and orthophoto classification dataset. 

Accuracy Assessment - Lidar&Orthophoto 

User \ Reference Class Building Forest Openland Water Sum User 

Building 400325 4881 279 11852 417337 0.959 

Forest 0 388073 4334 0 392407 0.990 

Openland 922 23080 958230 8532 990764 0.967 

Water 1445 0 5897 672599 679941 0.989 

Unclassified 9637 7112 23951 20122 60822 
 

Sum 412329 423146 992691 713105 
  

 
      

Producer 0.971 0.917 0.965 0.943 
  

       

Overall Accuracy 0.952 

Kappa Coefficient 0.933 

 

 

Besides the accuracy value comparison, the results of three classification datasets for 

each class were compared in the same selected subset areas of segmentation results 

(Figure 5.7~5.12). All the figures represent the imagery in (a) The orthophoto; (b) 

Integration dataset classification; (c) Orthophoto dataset classification; (d) Lidar 

dataset classification.  

 

  



 

 

 

Build-up areas with large size buildings are always segmented into detailed and 

accurate objects, which make the classification process much easier and more precise. 

Figure 5.7 shows classification results of a large size building in three classification 

dataset. The identification of the building is presented very well in integration dataset 

with the objects encompassed completely around building boundary. Compared with 

integration dataset, the results generated from orthophoto misclassified the roads 

around building. The reason is that the spectral information of road and building are 

conflicting with each other. On the contrary, lidar dataset eliminated the errors owing 

to the accurate elevation information. Even so, a part of building boundary is still not 

separated from the trees beside due to the similar height and intensity value.  

 

(a) (b) 

(c) (d) 

Figure 5.7: The classification results of build-up areas: (a) The orthophoto; (b) Integration 

dataset classification; (c) Orthophoto dataset classification; (d) Lidar dataset classification.  



 

 

 

Considering the residential areas, the size of houses is smaller than commercial and 

industrial buildings, with the surrounding mixture of trees, grass and roads as well. 

Therefore, the difficulty of classification is increased. However, the results from 

integration dataset performed a very good result. Only a few parts of house in 

shadows were unclassified or misclassified as trees. Likewise, lidar dataset also had 

the capability to delineate the general shape of houses, although two houses with the 

dark roofs were assigned as water due to the similar value of intensity. On the other 

hand, orthophoto dataset presented results of residential areas with some errors 

included. Many dark roofs were identified as openland or forest. Meanwhile, roads 

were not distinguishable with buildings.  

(a) (b) 

(c) (d) 

Figure 5.8：The classification results of residential areas: (a) The orthophoto; (b) Integration 

dataset classification; (c) Orthophoto dataset classification; (d) Lidar dataset classification.  



 

 

 

In terms of openland, orthophoto dataset misclassified building with same spectral 

features as bare ground to openland (Figure 5.9.c). Because of the ability of lidar data, 

this circumstance was improved by intensity image. Figure 5.9.b displayed that 

integration schedule was able to identify bare ground correctly. Furthermore, 

integration schedule also enhanced the extraction of grass area. As shown in Figure 

5.10, it presented an area with football fields. It is notable that, the field upper left 

corner had color darker than others. Due to the feature difference with other grass 

field, simply using orthophoto or lidar data was incompetent (Figure 5.10.c and 

5.10.d). The results were refined by integration dataset (Figure 5.10. b).  

(a) (b) 

(c) (d) 

Figure 5.9：The classification results of bare ground areas: (a) The orthophoto; (b) Integration 

dataset classification; (c) Orthophoto dataset classification; (d) Lidar dataset classification.  



 

 

 

With regard to water category, the effect of integration dataset was not distinct. By 

comparing figure 5.11.b and 5.11.d, it is evident that small pieces of water body were 

absent in integration results while that of lidar results were displayed completely. Yet, 

as presented in figure 5.11.c, the orthophoto dataset didn‘t reach the identification of 

the compact water bodies. Instead of the complexity of water, forest showed its simple 

characteristic. Figure 5.12 presented the results from lidar, orthophoto and integration 

classification dataset. Each one of them derived forest effectively from images. 

(a) (b) 

(c) (d) 

Figure 5.10：The classification results of grass areas: (a) The orthophoto; (b) Integration dataset 

classification; (c) Orthophoto dataset classification; (d) Lidar dataset classification.  



 

 

 

 

  

(a) (b) 

(c) (d) 

(a) (b) 

(c) (d) 

Figure 5.11：The classification results of water areas: (a) The orthophoto; (b) Integration 

dataset classification; (c) Orthophoto dataset classification; (d) Lidar dataset classification.  

Figure 5.12：The classification results of forest areas: (a) The orthophoto; (b) Integration 

dataset classification; (c) Orthophoto dataset classification; (d) Lidar dataset classification.  



 

 

Final maps with four classes of land cover including forest, water, openland and 

building were created in three classification dataset (Figure 5.13~5.15). Four 

contrasting colors were used to distinguish the corresponding categories effectively, 

i.e. red represented building, green represented forest, blue represented water and 

brown represented openland. In addition, the black areas indicated unclassified areas 

with no category.  

 

Figure 5.13: The final map of orthophoto classification dataset. 

 

Compared to the final maps with lidar data used, the final map of orthophoto 

classification dataset extracted larger forest areas than others. In fact, some low 

vegetation like shrub with similar spectral reflection was also classified into forest 

category. However, lidar data limited the forest with 2m height value and improved 

the results. Nevertheless, it also caused scattered areas of forest in the final map of 

lidar data used alone. With the integration of both lidar and orthophoto, the problem 

of forest area was mitigated. Undoubtedly, openland was difficult to extract due to the 

various spectral features. In the orthophoto classification result, one football field on 

the top of the map was misclassified as water. The texture of this football field was 

natural turf in dark green color which was similar with water. Meanwhile, another 

football field on the upper left side was not assigned to any category. This football 

field had a bare soil surface with a smaller size. Compared to other bare ground 



 

 

classified in openland, the color of this football field presented a dark gray color with 

brightness value around 129 instead of light gray brightness value above 170. 

Therefore, it caused the difficulty to extract this field in openland category. 

 

 

Figure 5.14: The final map of lidar classification dataset. 

 

Among the classification dataset, lidar data showed the capacity for water and 

building extraction. Except the main stream shown in the results of orthophoto 

classification dataset, a paralleled tributary above the main stream was also extracted 

from lidar data by using the intensity value. In addition, swamp area and small ponds 

scattered in the forest were distinguished as well. Using height information NDSM 

derived from lidar data, buildings were classified successfully with an accuracy of 

99%. In addition, Fp-Lp value obtained from lidar data presented a very useful 

competence in the discrimination of buildings and forest. On the other hand, the 

information provided from lidar data was still incomplete. From the results of lidar 

data classification dataset, many black unclassified areas appeared. In the process of 

road elimination, spatial feature ‗Asymmetry‘ was used. However, some openland 

areas had similar asymmetry value and intensity value with road. Consequently, some 

openland areas were classified erroneous. Thus, with orthophoto joined, spectral 

feature brought forceful improvement in the final map of integration classification 



 

 

dataset. As a matter of fact, ―length‖ or ―length to width‖ spatial features could be 

used alternatively for the separation of linear features like roads. Due to the small size 

of segments, roads were split into pieces. Therefore, based on ―length‖ or ―length to 

width‖ spatial features, roads were indistinguishable from the other categories.   

 
Figure 5.15: The final map of integration classification dataset. 

 

The final map of integration classification dataset presented an improved result with 

the overall accuracy up to 95.2%. Comparing the user‘s accuracy in the confusion 

matrix tables, most of the classes had an improved accuracy except building. The 

accuracy of building slightly reduced to 95.9% in the integration classification dataset, 

while the accuracy was 99% in the lidar classification dataset. As with the height 

information issues, there were some errors of the height above water area. Due to that 

reason, some water areas were incorporated into building through the height 

information extraction. The accuracy of building might reduce slightly when 

integrated spectral features with lidar derived features in order to refine the 

misclassified areas. From the final results, it showed that water had a high accuracy 

with 98.9%. In fact, water was very difficult to distinguish from shadows. The results 

shown in orthophoto classification dataset had less misclassified water areas scattered 

around the buildings. That was because that ―area‖ feature was used to restrict the 

pixel numbers in the merged objects of water class. Otherwise, the results would not 



 

 

be satisfied. Unlike the orthophoto, lidar classification dataset and integrated 

classification dataset could present detailed water map with satisfied accuracy without 

using ―area‖ feature restriction. If ―area‖ feature was used to reduce the misclassified 

water areas, many ponds composed by a small number of pixels would also be 

eliminated.   

5.3 The results comparison of SVM and decision tree 

The results of support vector machines classification algorithm were shown in figure 

5.16-5.18. SVM was applied to generate land cover map with same dataset, i.e. lidar, 

orthophoto and integrated datasets. In general, the generated map demonstrated a 

satisfied result, especially the map from integration dataset. Shown in figure 5.16 is 

the SVM classification result of integration dataset. All water bodies were extracted 

detailed, except small parts of marshland were misclassified as building. Additionally, 

only a few roads and shadow areas were extracted incorrect as water. The overall 

SVM classification accuracy for integration dataset was 97.3% and the kappa 

coefficient was 96.2% (Table 5.4) while that of decision tree classification was 95.2% 

(kappa coefficient=93.3%). In terms of both the producer‘s and user‘s accuracies of 

SVM classification, all classes overreached 90%. SVM techniques produced superior 

classification accuracy with integrated datasets. 

 

Figure 5.16: The SVM classification results of integration dataset. 

 



 

 

Table 5.4: Confusion matrix for integration SVM classification. 

Accuracy Assessment – Integration_svm 

User \ Reference Class Building Forest Openland Water Sum User 

Building 371505 0 2160 1828 375493 0.989 

Forest 0 422756 17068 0 439824 0.961 

Openland 16807 390 972438 4965 994600 0.978 

Water 4431 0 640 704940 710011 0.993 

Unclassified 19586 0 385 1372 21343 
 

Sum 412329 423146 992691 713105  
 

 
      

Producer 0.901 0.999 0.980 0.989 
  

       

Overall Accuracy 0.973 

Kappa Coefficient 0.962 

 

In spite of this, SVM classification results from lidar data was short of accuracy. 

Figure 5.17 presented the results from lidar data. The category of building was 

sufficient. However, many forest areas were assigned as building. And SVM didn‘t 

extract some bare ground areas and marshlands. Moreover, the overall SVM 

classification accuracy for lidar dataset only reached 77.1% and the kappa coefficient 

was 69.6% (Table 5.5). Obviously, the overall classification accuracy of lidar dataset 

didn‘t achieve an acceptable level of accuracy. 

 

Figure 5.17: The SVM classification results of lidar dataset. 



 

 

Table 5.5: Confusion matrix for lidar SVM classification. 

Accuracy Assessment – Lidar_svm 

User \ Reference Class Building Forest Openland Water Sum User 

Building 21626 2276 171 327 24400 0.886 

Forest 160 19967 229 39 20395 0.979 

Openland 1415 2646 44363 1784 42942 0.884 

Water 1604 584 4293 36461 50208 0.849 

Unclassified 911 1017 13028 5966 20922 
 

Sum 25716 26490 62084 44577  
 

 
      

Producer 0.841 0.754 0.715 0.818 
  

       

Overall Accuracy 0.771 

Kappa Coefficient 0.696 

 

Comparing the classification results from orthophoto dataset, SVM classification 

algorithm obtained a satisfied result as the same as the decision tree algorithm (Figure 

5.18). SVM had the capability to extract openland and forest. Water area were also 

well delineated expect misclassified shadows around building. Besides, the overall 

accuracy of SVM orthophoto classification was 89.2% and the kappa coefficient was 

85.2% (Table 5.6) while that of decision tree classification was exactly the same. 

Despite this, for all the classes, the producer‘s and user‘s accuracies of SVM 

classification exceeded 88% except for the producer‘s accuracy of building class. In 

general, the SVM classification for orthophoto datasets was achieved with high 

accuracy. 

Table 5.6: Confusion matrix for orthophoto SVM classification. 

Accuracy Assessment – Orthophoto_svm 

User \ Reference Class Building Forest Openland Water Sum User 

Building 277672 0 5129 1146 283947 0.978 

Forest 240 398854 52462 1445 453001 0.880 

Openland 79659 24212 889034 4359 997264 0.891 

Water 11964 80 12665 706104 730813 0.966 

Unclassified 42794 0 33401 51 76246 
 

Sum 412329 423146 992691 713105  
 

 
      

Producer 0.673 0.943 0.896 0.990 
  

       

Overall Accuracy 0.892 

Kappa Coefficient 0.852 

 



 

 

 

Figure 5.18: The SVM classification results of orthophoto dataset. 

  



 

 

CHAPTER 6 

CONCLUSIONS 

With the increasing of urban development, keeping geographic database updating is 

urgent demanded. Automatic mapping of land cover types in urban area is one of the 

most challenging problems in remote sensing. This paper studied an object-based land 

cover classification based on orthophoto and lidar data, both alone and integrated. 

Four land cover types i.e. Forest, Water, Openland as well as Building were 

successfully extracted. This approach performed on segmentation for the input data 

before classification process. Homogeneous pixels were merged together and became 

an object. Two classification algorithms, decision tree and SVM were preformed 

based on segmented objects. For decision tree classification algorithm, characteristics 

of each land cover type must be explored, in order to classify objects by following the 

rules. For SVM classification algorithm, training area based on segmented objects 

should be selected in advance. Object-based classification methods demonstrated its 

effectiveness in land cover map generation, which could exploit spectral and spatial 

features from input data efficiently and classifying image with high accuracy.  

 

In decision tree classification, orthophoto classification dataset reached 89.2% overall 

accuracy while that of lidar dataset classification acquired 88.6%. Both lidar data and 

orthophoto showed enough capacity to classify general land cover types alone. 

Meanwhile, the combination of orthophoto and lidar data demonstrated a prominent 

classification results with 95.2% accuracy. In SVM classification, the overall accuracy 

of orthophoto and integration dataset obtained satisfied results as the same as the 

decision tree algorithm, with the accuracy in 89.2% and 97.3% respectively. 

Meanwhile, the results from lidar didn‘t achieve pleased accuracy with the value of 

77.1%. 

 

SVM algorithm presents a successful applied to image classification. It generalizes 

the land cover categories very well with limited training object samples. The low 

accuracy of lidar results is caused by coarse resoltion or minor number of training 

objects.  

 

Integrating orthophoto with intensity and elevation images derived from lidar data 

could optimize the classification results, but the results were not as well as anticipated.  

The most apparent problem was the misclassified water. It was difficult to distinguish 

shadow and water from spectral feature. Intensity or elevation images derived from 

lidar data could not provide efficient solutions also. Although spatial feature could be 

used by eliminating the misclassified shadow objects that had the distance value 



 

 

―related border to building‖ larger than 0, the shadow caused by trees could not be 

discriminated following this method because that numbers of trees share the same 

border with water alone the river. In addition, elevation higher than 2m as the restrict 

rule of building extraction could not include all buildings, such as small garages. 

Some buildings with dark roof showed similar spectral feature or intensity value as 

water. If the elevation of river area was correct, the problem could be solved by 

normalized height as the restrict rule.  

 

Based on the study, the integration of orthophoto and lidar data could achieve satisfied 

classification results with very high agreement. Comparing the process of using 

orthophoto or lidar data alone, it reduces the complexity of land cover type 

discrimination. But it also shows the possibility to carry out the classification process, 

if accessing to both orthophoto and lidar data is not available at the same time. 

 

In order to use this method at national level for the geospatial database updating, the 

rule-set for the classification process should be transferability from one dataset of a 

specific area to another. It is anticipated that areas with same resolution of input 

dataset and similar landscape of this study area could use the same rule-set with very 

few changes to be made when performing the classification process. In the further 

studies, multiple areas will be carried out in order to examine the transferability of the 

classification procedures.  

  



 

 

REFERENCES 

Antonarakis, A.S., Richards, K.S., & Brasington, J. 2008. Object-based land cover 

classification using airborne LiDAR. Remote Sensing of Environment, pp. 

2988-2998. 

Axelsson, P. 1999. Processing of laser scanner data—algorithms and applications. 

ISPRS Journal of Photogrammetry & Remote Sensing 54 (1999), pp.138-147. 

Bian, L. 2007. Object-oriented representation of environmental phenomena: Is 

everything best represented as an object? Annals of the Association of 

American Geographers 97 (2), pp. 267-281. 

Birth, G. S., & McVey, G. R. 1968. Measuring the color of growing turf with a 

reflectance spectrophotometer. Agronomy Journal 60, pp. 640-649. 

Blaschke, T. 2010. Object based image analysis for remote sensing. ISPRS Journal of 

Photogrammetry and Remote Sensing (65), pp. 2-16. 

Bork, W.E., & Su, G.J. 2007. Integrating LIDAR data and multispectral imagery for 

enhanced classification of rangeland vegetation: A meta analysis. Remote 

Sensing of Environment 111 (2007), pp. 11-24. 

Brennan, R., & Webster, T. 2006. Object-oriented land cover classification of 

lidar-derived surfaces. Can.J.Remote Sensing,Vol.32,No.2, pp. 162-172. 

Bruzzone, L. 2013. Current scenario and challenges in the analysis of multitemporal 

remote sensing images. Harokopio University, Athens, Greece. 

Buján, S., González-Ferreiro, E., Reyes-Bueno, F., Barreiro-Fernández, L., Crecente, 

R., & Miranda, D. 2012. Land use classification from LiDAR data and 

ortho-images in a rural area. The Photogrammetric Record 27(140), pp. 

401-422. 

Congalton, R. G. 1996. Accuracy Assessment: A Critical Component of Land Cover 

Mapping. American Society for Photogrammetry and Remote Sensing, pp. 

119-131. 

Congalton, R. G. 1991. A Review of Assessing the Accuracy of Classifications of 

Remotely Sensed Data . Remote Sensing of Environment (37), pp.35-46. 

CRISP (Center of Remote Imaging, Sensing and Processing). 2001. Optical Remote 

Sensing. CRISP Research. Available at: 

http://www.crisp.nus.edu.sg/~research/tutorial/optical.htm (Accessed at: 18 

July 2013) 

Darwish, A., Leukert, K., & Reinhardt, W. 2003. Image Segmentation for the Purpose 

of Object-Based Classification . Geoscience and Remote Sensing Symposium, 

2003, IGARSS ’ 03. Proceedings 2003 IEEE International, Vol. 3, 

pp.2039-2041. 

 

 



 

 

Donoghue, D. W. 2007. Remote sensing of species mixtures in conifer plantations 

using LIDAR height and intensity data. Remote Sensing of Environment, 

110(4), pp. 509-522. 

FLIGHT RIOT. 2013. NIR and Vegetation – The Basics. FLIGHT RIOT. Available at: 

http://flightriot.com/nir-and-vegetation/ (Accessed at: 2 February 2014).  

Gamba, P., & Houshmand, B. 2002. Joint analysis of SAR, LIDAR and aerial imagery 

for simultaneous extraction of land cover, DTM and 3D shape of buildings. 

International Journal of Remote Sensing, 2002,Vol.23,No.20, pp. 4439-4450. 

Höfle, B., Sailer, R., Vetter, M., Rutzinger, M., Pfeifer, N. 2009. Glacier surface 

feature detection and classification from airborne LiDAR data . EGU General 

Assembly 2009, held 19-24 April, 2009 in Vienna, Austria, pp. 4665. 

http://www.crisp.nus.edu.sg/~research/tutorial/optical.htm (Accessed at: 18 

July 2013) 

http://www.slideshare.net/kdchallis/the-role-of-lidar-intensity-data-in-interpret

ing-archaeological-landscapes (Accessed at 20 July 2013). 

Jackson, R. D., & Huete, A. R. 1991. Interpreting vegetation indices. Preventive 

Veterinary Medicine, 11, pp. 185–200. 

Jensen, J. R. 2005. Introductory Digital Image Processing (3rd Edition) (p. Chapter 9). 

Pearson Prentice Hall, Pearson Education Inc., Upper Saddle River NY. 

Keith, C. 2011. Extracting Information from Lidar Intensity Images, IBM Vista, 

Institute of Archaeology and Antiquity, University of Birmingham. 

Presentation Transcript- The Role of Lidar Intensity Data in Interpreting 

Archaeological Landscapes. Available at:  

Kressler, F.P. , Steinnocher, K. , & Franzen, M. 2005. Object-Oriented Classification 

of Orthophotos to support update of Spatial Databases. Geoscience and 

Remote Sensing Symposium, 2005. IGARSS '05. Proceedings. 2005 IEEE 

International (Volume:1 ). 

Laliberte, S.A., Rango, A., Havstad, M.K., Paris, F.J., Beck, F.R., McNeely, R., & 

Gonzalez, A.L. 2004. Object-oriented image analysis for mapping shrub 

encroachment from 1937 to 2003 in southern New Mexico. Remote Sensing of 

Environment, Volume 93, Issues 1–2, 30 October 2004, pp.198-210. 

Lefsky, M. A. and Cohen, W. B. 2003. Selection of remotely sensed data. Pages 13–46 

in Wulder MA, Franklin SE, eds. Remote Sensing of Forest Environments: 

Concepts and Case Studies. Boston: Kluwer Academic. 

Lillesand, T. M., Kiefer, R. W., & Chipman, J. W. 2004. Remote sensing and image 

interpretation. Hoboken, NJ: John Wiley & Sons. pp.19 

Lu, D. and Weng, Q. 2007. A survey of image classification methods and techniques 

for improving classification performance. International Journal of Remote 

Sensing, Vol.28, No.5, pp. 823-870 

 

http://www.crisp.nus.edu.sg/~research/tutorial/optical.htm


 

 

Markowetz, F. 2003. Classification by SVM. Practical DNA Microarray Analysis 

2003. Max Planck Institute for Molecular Genetics, Computational Molecular 

Biology, Berlin. 

Mather, P., & Koch, M. 2010. Computer processing of remotely-sensed images : An 

Introduction (4th ed.). Hoboken, NJ, USA: John Wiley & Sons. pp.153. 

Mazzarini, F. P. 2007. Lava flow identification and aging by means of lidar intensity: 

Mount Etna case. Journal of Geophysical Research (112). 

McFeeters, S.K. 1996. The use of the Normalized Difference Water Index (NDWI) in 

the delineation of open water features. International Journal of Remote 

Sensing. 17(7), pp.1425-1432. 

Meyer, D. 2001. Support vector machines. R News: The Newsletter of the R Project. 

Volume 1/3, September 2001, pp. 23-26. 

Norbert, H., & Claus, B. 1999. Extraction of Buildings and Trees in Urban 

Environments. ISPRS Journal of Photogrammetry & Remote Sensing, Vol. 54, 

pp. 130-137. 

Nordkvist, K., Granholm, A.H., Holmgren, J., Olsson, H., & Nilsson, H. 2012. 

Combining optical satellite data and airborne laser scanner data for vegetation 

classification. Remote Sensing Letters Vol. 3, No. 5, September 2012, pp. 

393–401. 

Optech. 2006. ALTM Gemini. Optech. Available at: http://www.optech.ca/gemini.htm 

(Accessed at: 22 October 2013). 

Pacifici, F., & Navulur, K. 2011. Very High Spatial Resolution Imagery for Urban 

Applications. Earthzine. Available at: 

http://www.earthzine.org/2011/06/27/very-high-spatial-resolution-imagery-for-

urban-applications/ (Accessed at: 18 July 2013).  

Priestnall, G., Jaafar, J., & Duncan, A. 2000. Extracting urban features from LiDAR 

digital surface models. Computers, Environment and Urban Systems,24(2)., pp. 

65-78. 

QGIS. 2013. Welcome to the QGIS project! QGIS. Available at: 

http://www.qgis.org/en/site/ (Accessed at: 27 October 2013). 

Rouse, J.W., Haas, R.H., Schell, J.A., & Deering, D.W. 1973. Monitoring vegetation 

systems in the Great Plains with ERTS. Third ERTS Symposium,NASA SP-351, 

pp. 309-317. 

Satellite Imaging Corporation. 2012. Characterization of satellite remote sensing 

systems. Satellite Images and Geospatial Data for GIS & Mapping 

Applications. Available at: 

http://www.satimagingcorp.com/characterization-of-satellite-remote-sensing-s

ystems.html (Accessed at: 18 July 2013).  

Song, J., Han, S., Yu, K., & Kim, Y. 2002. Assessing the possibility of land-cover 

classification using lidar intensity data. In PCV'02: Photogrammetric 

Computer Vision, ISPRS Commission III, 9-13 September, Graz,Austra. 



 

 

STUDYING EARTH'S ENVIRONMENT FROM SPACE (SEES). 2003. Spectral 

Vegetation Indices (SVIs). Global Land Vegetation,chapter4, section5 

Available at: 

http://www.ccpo.odu.edu/~lizsmith/SEES/veget/class/Chap_4/4_5.htm 

(Accessed at: 27 October 2013)  

Trimble. 2014. eCognition Developer. Trimble. Available at: 

http://www.ecognition.com/products/ecognition-developer (Accessed at: 27 

October 2013).  

Uddin, K. 2010. Introduce variable indices using landsat image. GIS and Remote 

Sensing Analyst at International Centre for Integrated Mountain Development. 

Available at: http://www.slideshare.net/kabiruddin/introduce-variable 

(Accessed at: 27 October 2013).  

Vosselman, G. 2009. Advanced point cloud processing. Photogrammetric Week '09. 

Heidelberg Wichmann, pp. 137-146. 

Vosselman, G. V., & Maas, H. G. (Eds.). 2010. Airborne and terrestrial laser 

scanning. Whittles. 

Örebro Kommun. 2013. Welcome to Örebro. Örebro kommun. Available at: 

http://www.orebro.se/1340.html (Accessed at: 19 October 2013). 

      

 

  



Reports in Geodesy and Geographic Information Technology 
 

The TRITA-GIT Series - ISSN 1653-5227  
 
 

14-001 Muhammad Zaheer. Kinematic orbit determination of low Earth orbiting satellites, using satellite-
to-satellite tracking data. Master of Science thesis in Geodesy No. 3130. Supervisor: Milan 
Horemuž. March 2014. 

 
14-002 Razmik Agampatian. Using GIS to measure walkability: A Case study in New York City. Master 

of Science thesis in Geoinformatics. Supervisor: Hans Hauska. April 2014. 
 

14-003 Solomon Dargie Chekole. Surveying with GPS, total station and terresterial laser scaner: a 
comparative study.  Master of Science thesis in Geodesy No. 3131. Supervisor: Milan Horemuž and 
Erick Asenjo. May 2014. 
 

14-004 Linda Fröjse. Unsupervised Change Detection Using Multi-Temporal SAR Data - A Case Study of 
Arctic Sea Ice. Master of Science thesis in Geoinformatics. Supervisors: Yifang Ban and Osama A. 
Yousif. June 2014. 
 

14-005 Can Yang. Multi-Agent Simulation to Evaluate Sustainability of Cities. Master of Science thesis in 
Geoinformatics. Supervisors: Yifang Ban and Mats Dunkars. June 2014. 
 

14-006 Caroline Ivarsson.  Combining Street View and Aerial Images to Create Photo-Realistic 3D City 
Models. Master of Science thesis in Geoinformatics. Supervisors: Yifang Ban and Helén Rost. June 
2014. 
 

14-007 Adrian Corneliu Prelipcean. Implementation and evaluation of Space Time Alarm Clock. Master 
of Science thesis in Geoinformatics. Supervisors: Takeshi Shirabe and Falko Schmid. June 2014. 
 

14-008 Kent Ohlsson. Studie av mätosäkerhet och tidskorrelationer vid mätning med nätverks-RTK i 
Swepos 35 km-nät. Master of Science thesis in Geodesy No. 3132. Supervisors: Patric Jansson and 
Johan Sunnna. October 2014. 
 

2015 
 

 
15-001 Yanjing Jia. Object-based Land Cover Classification with Orthophoto and LIDAR Data. 

Supervisors: Hongtao Hu (KTH), Andreas Rönnberg and Mattias Pettersson (Lantmäteriet). 
February 2015. 

 
 
 
 
 
 
 
 
 
 
 

 
 

TRITA-GIT EX 15-001 

ISSN 1653-5227 

ISRN KTH/GIT/EX--15/001-SE 


