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1. Introduction 

Remote sensing became an immense subject among the modern geographic analysis methods. 

It is used to detect a variation of objects on the surface of the Earth by using computer 

implemented processing techniques (Wang, Wan, Ye, & Lai, 2017). It acquires and interprets 

spectral, spatial, and temporal variation of electromagnetic energy emitted by a targeted subject 

(Ghassemian, 2016). The production of land cover maps using image classification is one of the 

conventional applications of remotely sensed imagery (Foody, 2002; Arsanjani & Vaz, 2015). A 

definition of land cover in the INSPIRE Directive (INSPIRE Thematic Working Group Land Cover, 

2013) defines it as a physical and biological cover of the Earth’s surface including classes such as 

agricultural areas, forests, (semi-)natural or built-up areas, as well as wetlands, water bodies. 

Land covers indicate the relationship between socio-economic activities and environmental 

changes therefore it is essential to constantly update knowledge about the current state of the 

landscape (Rujoiu-Mare & Mihai, 2016). 

One of the means for acquiring imagery of the surface is satellites. Because of the fast developing 

technology, satellites are now also able to retrieve high resolution images. In June of 2015, 

European Space Agency launched Sentinel-2A satellite as their established mission. The satellite 

is capturing images of the surface at high revisit frequency with high resolution 13 spectral bands 

in order to provide information and contribute to land observations, emergency response and 

security services, forestry and agricultural practises as well as to assist in food management 

(European Space Agency, 2017; Drusch, et al., 2012). By frequently producing high quality images 

of the Earth, it promotes new possibilities for research on land covers of the surface. 

Numerous techniques of classification for land cover mapping are used in the field of remote 

sensing and they can be divided into two types: supervised and unsupervised classification 

(Wang, Wan, Ye, & Lai, 2017). The result of unsupervised classification is mainly dependent on 

the characteristics of the input data set, on the other hand supervised classification requires 

extensive sampling data for thorough  identification of land cover classes (Beaubien, Cihlar, & 

Latifovic, 1999). Two of the most commonly used supervised classification techniques are 
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Maximum Likelihood and Supervised Vector Machine classifications (Alajlan, Bazi, Melgani, & 

Yager, 2012; Perronnin, Sanchez, & Mensink, 2010; Tarabalka, Benediktsson, & Chanussot, 2009).  

However, large dimensional data spaces caused by advanced digital sensors can produce 

classification inaccuracies and inconsistencies for digital land cover mapping (Alajlan, Bazi, 

Melgani, & Yager, 2012; Beaubien, Cihlar, & Latifovic, 1999). To improve the accuracy, ancillary 

data such as elevation could be used combined with spectral data (Elumnoh & Shrestha, 2000; 

Ricchetti, 2000). Such combination provided significant increases in overall accuracy. 

The focus of this study was to test three most widely used classification techniques, unsupervised 

ISO clustering, supervised Maximum Likelihood and Support Vector Machine classifications, for 

land cover mapping of Sentinel-2 imagery data combined together with Digital Surface Model. 

Research question: How does Lidar data affect accuracy image classification for land cover? 

The problems explored in the thesis: 

1. What are the most common accuracy assessment approaches? 

2. What is the most accurate classification method? 

3. What land cover types are the easiest and most difficult to classify?  
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2. Methodology 

The literature provided various approaches for land cover classification. By generalising the 

findings, the methodology structure of this study was established and presented in Figure 1. 

 

Figure 1 - Methodology scheme applied to this study 
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The workflow was started with collection and pre-processing of the data sets required for this 

study. Later, training samples and signature files were generated. Finally, total of six 

classifications were performed and final results evaluated. 

This chapter will describe the system of methods respected in this project, from data acquisition 

to final classified outputs as well as the accuracy assessment outcome. It will also comment on 

software packages adapted in the research on the selected study area. 

2.1. Software 

The following programs were used to complete this study: 

 ArcMap 10.3 

 Bentley’s Microstation 

 Microsoft Excel 

All classifications were utilised with ArcMap 10.3 Image classification toolbar. ArcMap aided 

during the creation of composites as well as training samples (Esri (1), 2014). Two out of three 

classification tools used were included in the basic software package. It needs to be emphasised 

that an older version of ArcMap was used hence there was a need to install an additional toolbox 

for Support Vector Machine classification, SVM tools by A. Wehmann (Wehmann, 2013; Chang & 

Lin, 2011). Moreover, part of Confusion Matrices production was done with the same ArcMap 

software. 

Bentley’s Microstation was chosen for the Digital Surface Model generation from Lidar point 

cloud as the author of the thesis is the most familiar with the use of this software. 

For final result assessment, Confusion Matrices were applied. Although they were partially 

generated within ArcMap, they needed to be refined with the aid of Microsoft Excel. 

2.2. Study Area 

For this project the North-eastern part of Zealand island in Denmark was selected due to the 

area’s varying nature and therefore numerous land cover types can be found which was a key 
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aspect for this study. As a reinforcement, the required data sets for accomplishing this research 

were fully available in the national database. Finally, this thesis is part of the Masters program at 

the University of Aalborg, one of Denmark’s leading research environments and a strong 

impactful institution for the author. 

2.3. Data Collection 

The idea of this thesis is to use two types of inputs, satellite imagery and surface model, both 

available from two different sources. This section will describe where from and how data sets 

were collected. 

2.3.1. Satellite Imagery 

Satellite Sentinel-2  imagery data set was available from United States Geological Survey (USGS) 

and its online database Earth Explorer (United States Geological Survey, 2017). Firstly, the 

polygon representing the area of interest was drawn and Sentinel-2 satellite as the Source was 

chosen (Figure 2). 

  

Figure 2 - Drawn polygon in EarthExplorer and setting Sentinel-2 satellite as source 
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From suggested results, the data set with the least cloud cover was chosen which appeared to 

cover the area as presented in Figure 3 below. 

 

Figure 3 - The selected Sentinel-2 image marked by yellow rectangle 

The used imagery was acquired on the 11th of March, 2017 by Sentinel-2 satellite of Copernicus 

Space program (European Space Agency, 2017). Since March is the spring season in Denmark 

(Bruun & Ejrnæs, 2000) and vegetation has started to grow, this data set was at sufficient quality 

for vegetation to be distinguished in the images. Furthermore, it was possible to use imagery 

data that was acquired in the middle or late summer but priority was given to data with the least 

cloud cover. Nonetheless, the selected data set included 13 spectral bands with spatial resolution 

of each varying between 10, 20 or 60 meters (Table 1), and less than 10% cloud cover. Each image 

was provided in JPEG2000 format and WGS84 UTM 33N (EPSG: 326330) map projection system 

(United States Geological Survey Metadata, 2017). 
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Table 1 - Information of Sentinel-2 bands (OSGeo, 2017) 

Original size of the image retrieved from Earth Explorer included some part of Sweden therefore 

it has been clipped in order to reduce it to the area of interest (Figure 4) which eventually covered 

approximately 6690 square kilometres including both land and water. 
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a)  

b)  

Figure 4 – Acquired Sentinel-2 imagery data set: a) original;  b) clipped 

2.3.2. LIDAR data 

The second data set, LIDAR point cloud, was collected from Danish government database 

Kortforsyningen (Styrelsen for Dataforsyning og Effektivisering, 2017). As opposed to satellite 

imagery, LIDAR point cloud area was selected only to cover a small part of the study area. It was 

acquired in 2015 and grouped into a 10 by 10 kilometre block covering an area of Gentofte (Figure 

5), georeferenced to WGS 84 UTM32N projection system and provided in LAZ format.  
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Figure 5 – Point cloud data set collection (Kortforsyningen, 2017) 

The point cloud’s average density was 4.5 points per square meter, with vertical accuracy of 5 cm 

and horizontal accuracy 15 cm (Miljøministeriet, Geodatastyrelsen, 2015). The point cloud was 

within the area of interest, 105.5 square kilometres in size which is 1.6% of the area of interest 

and it included the following codification for the classes (Table 2): 
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Table 2 - Point cloud classes (Flatman, et al., 2016) 

2.4. Pre-processing 

Data pre-processing is needed to transform the raw unorganized information into an 

understandable format for further analysis. The preliminary section of the project included: 1) 

Lidar point cloud conversion to Digital Surface Model; 2) creation of composite bands out of 

acquired satellite imagery data set and DSM. This section will outline the completion of 

aforementioned processes prior to the actual conducted classifications. 
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2.4.1. Generation of Digital Surface Model 

In order to be able to integrate height information, Lidar point cloud had to be converted into 

DSM (Chen, Su, Li, & Sun, 2009; Huang, Zhang, & Gong, 2011). Firstly, the point cloud was loaded 

into Bentley’s Microstation environment (Figure 6) and re-projected to WGS84 UTM 33N to 

match satellite imagery’s spatial reference. 

 

Figure 6 - Point cloud elevation representation 
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Secondly, for exporting purposes, the following classes were selected in order to best represent 

area’s surface elevation: 2) Ground; 3) Low vegetation; 4) Medium vegetation; 5) High 

vegetation; 6) Buildings and structures; 9) Water; 17) Bridge decks. Finally, DSM raster was 

exported with 10 meter cell size and an individual cell representing height value (Figure 7). 
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Figure 7 - Study area: Satellite imagery and DSM 
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2.4.2. Combining Bands 

The total of four composites used for this study were produced using ArcMap 10.3: 

1) Composite of Sentinel-2 bands 2, 3, 4 (RGB) 

2) Composite of Sentinel-2 bands 3, 4, 8 (Normalised Difference Vegetation Index) 

3) Composite of Sentinel-2 bands 2-8, 8A, 11-12 

4) Composite of Sentinel-2 bands 2-8, 8A, 11-12 and DSM 

1) and 2) composites were used as ground truth data sets in creation of training samples and 

accuracy assessment. While 1) was used as true colour to inspect actual locations within training 

samples, 2) was useful to recognise different land covers that included vegetation. 

  

Figure 8 – Reference image samples (left - RGB, right - NDVI) 

3) and 4) were used as input rasters for different classification methods to be tested. To create 

these composites, bands 2-8, 8A, 11-12 were combined because bands 1, 9 and 10 (refer to Table 

1 in Section 2.3.1.) did not provide height information and their spatial resolution of 60 meters 

was too low (Sentinel, ESA, 2017; Congedo, 2016). When compiling the second testing composite, 

DSM was inserted as a spectral band. 
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2.4.3. Training Samples 

There were two different types of training samples collected for the use of supervised 

classifications. Both sets were represented by vectorial layers, first – by polygons, the other – by 

points. Training polygons were used for Maximum Likelihood Classification. They were created 

using standard procedure through ArcMap 10.3 Image Classification tool by drawing them over 

the areas of each of distinguished land cover (Esri (2), 2014) as shown in Figure 9. In order to 

locate and identify each land cover class properly, RGB and NDVI rasters facilitated the creation 

of training samples. Later, the training samples were used to generate signature files for both 

supervised classifications. 
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1) 

 

2) 

 

3) 

 

4) 

 

5)

 

6)

 

7) 

  

8) 

  

Figure 9 - Training samples for MLC in ground truth imagery: 1) Deep water 2) Shallow water 3) Uncultivated fields 4) Built-up 

5)Cultivated fields 6) Shrubs 7) Forest lands 8) Clouds  
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Additionally, individual point samples were collected for Support Vector Machine classification. 

By following instructions of SVM Tools for ArcGIS 10.1+ (Wehmann, 2013), ArcMap Create 

Random Points tool was utilised to spread 1000 points within imagery area boundaries (Figure 

10). 

 

Figure 10 - Spreading sampling points for SVM Classification 
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Then, same as for training polygons, class values 1-8 were manually assigned for each point 

depending on which land cover a point lied to the reference of RGB and NDVI composites 

mentioned previously. Subsequently, the points were converted to the training raster thus 

creating pixels instead of points which held land cover code as attribute. 

2.5. Classification 

2.5.1. ISO Clustering 

ISO Clustering is unsupervised classification therefore there was minimum requirement for user’s 

intervention. It was necessary to select an input raster and a number of classes into which cells 

will be grouped. After these parameters were set, the tool performed the classification and the 

classified output raster was retrieved (Esri (3), 2014). However, for the reasons stated in Section 

3.2.1., post-processing was required which will be described in Section 2.6. 

2.5.2. Maximum Likelihood Classification 

This supervised classification method required signature file as an input. Two signature files were 

generated by loading already created training sample polygons (Section 2.4.3.) on each of the 

testing composite bands consisting of 10 Sentinel bands and an addition of DSM (Section 2.4.1.) 

(Esri (4), 2014). When utilising the tool, it then assigned each cell of the composites to the classes 

represented in the signature files proportionally to the number of cells apprehended by each 

signature (Esri (5), 2014). 

2.5.3. Support Vector Machine Classification 

SVM tool was applied following two phase procedure: 1) running the tool without generating 

output raster therefore SVM is only trained, 2) after the accuracy no longer increases, the tool is 

executed to produce classified raster (Wehmann, 2013). While MLC required training samples in 

order to generate signature files, alternatively SVM used sampling points to generate output 

models after each training. The tool provided the possibility to train SVM until it achieved the 

best possible accuracy thus three stages of training were conducted (Table 3). 
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Training Band Composite only With infused DSM 

1 81,7% 81,9% 

2 81.8% 82,5% 

3 81.8% 82,5% 

Table 3 - Support Vector Machine training accuracy 

The computed results showed that SVM improved the accuracy after two trainings and the result 

of last training indicated that it will no longer developed and reached its peaks. 

Finally, in order to obtain SVM classification output, the output model of the second training was 

used as well as the composites and the training rasters. 

2.6. Reclassification 

This step was only applied to ISO Clustering during all the process. When evaluating the results 

(will be provided later in Section 3.2.1) of unsupervised classification, there was a need to 

reassign values of the classified raster. It was visually inspected that the class codes defined by 

the user did not match the ones produced by this classification. Firstly, the amount of classes was 

reduced to 7 by eliminating Cloud class as it was unstable and blended into other land cover 

classes. Then, using ArcMap 10.3 Reclassify tool new pixel values were designated. While Deep 

water, Shallow water and Built-up classes were left the same, the rest of the newly assigned 

classes were as follow in the Table 4 below. 
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Initial classes Re-assigned classes 

3) Uncultivated fields 7) Forest lands 

5) Cultivated fields 6) Shrubs 

6) Shrubs 3) Uncultivated fields 

7) Forest lands 3) Uncultivated fields 

8) Clouds 5) Cultivated fields 

Table 4 - New land cover class codes after Reclassification 

2.7. Confusion Matrix 

In this study, Confusion Matrices were used to assess classification accuracy of remotely sensed 

data. Outputs of the three tested classification methods were compared against ground truth 

data. To accomplish this, ArcMap 10.3 and Microsoft Excel were used (Verbyla, 2013). 

Firstly, the values of classified rasters were extracted using ArcMap 10.3 Extract Values to Points 

tool. For the locations where the values were compared, Training Sample file which was created 

for SVM sampling and containing point features was used as the input. The tool produced a 

feature class that contained both ground truth and predicted values for the same location. 

However, there were some pixels that had to be eliminated because they had no data values 

therefore it returned -9999 in the attribute table. The elimination was carried out by simply 

building a query displayed in Figure 11, which resulted in disposing of 5 pixels out of total of 1477. 
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Figure 11 – Query to eliminate unwanted pixels 

The second step was to summarise how many predictions were made for every ground truth 

class. To do this, Frequency table was used and the result is displayed in Figure 12. 
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Figure 12 - Frequency table 

Furthermore, the last step in ArcMap was to transform this information into a Confusion Matrix 

arrangement using Pivot table which re-organised the results shown in Table 5. 

 

Table 5- Rearranged Frequency table 
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Lastly, in order to finalise the tables, they were transported into Microsoft Excel, names of 

columns and rows were changed and presented in Results Chapter.  
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3. Results and Discussion 

This chapter will display the final land cover maps, generated by the three classification methods 

in scope, that resulted in applying established methodology. Furthermore, a discussion on 

accuracy assessment through application of Confusion matrices will follow. 

3.1. Maps of Classification Outputs 

This subsection presents maps containing final outputs, i.e. classified rasters, that were 

generated after following the methodology described in Chapter 3. 
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Figure 13 - ISO Clustering output using Band Composite only 
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Figure 14 - ISO Clustering output using band composite with integrated DSM 
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Figure 15 - MLC output using Band Composite only 
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Figure 16 - MLC output with integrated DSM 
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Figure 17 - SVM classification output using Band Composite only 
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Figure 18 - SVM classification output with integrated DSM 
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3.2. Classification Accuracy Assessment 

After all the classified rasters were gathered, accuracy assessment was carried out using 

Confusion Matrix method. Excel tables that assisted for calculations will be presented in this 

section as well as discussion on the results. 

The first column from the left presents the classes the classification resulted in, while the top row 

presents the ground truth data.  

Main focus should be given to the values in blue fields in tables presented, that provide total 

number of accurately classified pixels of the image from randomly collected samples. The cell in 

yellow shows the overall accuracy classification. The criteria for this value is 85% (Thomlinson, 

Bolstad, & Cohen, 1999). The first column on the right displays Producer’s accuracies that 

represent the accuracy of each class being classified by the classifier. If it is 75% for land cover 

type A (Thomlinson, Bolstad, & Cohen, 1999), it means that as a producer of data, I can trust my 

classification for that particular land cover type. Also, the last row, which presents User’s 

accuracies, estimates the reliability of the classification for each land type for a user of the 

classification result. 

3.2.1. ISO Cluster Unsupervised Classification 

The resulting classification outputs are presented in Section 3.1 of this Chapter in Figures 13 and 

14, and Confusion Matrix tables 6 and 7. The tables depict Unsupervised ISO classification 

accuracy when inputs are: 1) 13-band composite raster 2) the same raster with additionally 

infused DSM that covers just a small part of the overall area. Since this classification method is 

not influenced by a user, it determines groups of clusters, not actual classes, and is dependent 

solely on image raster provided by the user. For this reason, apart from the number of classes, it 

is difficult to foresee what output this classification will generate. 
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Table 6 – ISO unsupervised classification accuracy using band composite only 

The results indicate a fluctuation in producer’s and user’s accuracy. Producer’s accuracy show 

that part of land covered by water (classes Deep water and Shallow water) were recognised most 

accurately among all, 54.8% and 53.4%, then followed by urban Built-up and Uncultivated fields 

classes which turned out to be 27.8% and 25% accordingly. Clouds were correctly recognised in 

just above 22 percent of the samples. However, the method showed no precision on detecting 

Forest lands correctly while only 2.7% of cells presenting Cultivated fields were correctly 

classified. 

On the other hand, user’s accuracy is only high for Deep water class (98%), which is then followed 

by 30.1% for Shallow water, 20.4% for Clouds, and unfortunately drops to 0% for Forest lands, 

same as seen in producer’s accuracy. 

Confusion matrix reveals what confusions arose for ISO classification when distinguishing classes. 

For instance, 145 pixels out of 356 were considered to be Deep water when they actually were 

in the class of Shallow water. On the other hand, relatively large part of the Shallow water was 

considered to be Clouds. Unfortunately, ISO method faced even bigger problems while predicting 

the rest of the land covers. Built-up areas were greatly mixed up with Uncultivated fields and 

some part of Clouds as well as Shrub class was largely confused with Built-up class, and Cloud 

class with Cultivated fields. Finally, Forest lands were not correctly predicted at all and this class 

was mainly baffled by Cultivated fields. 

As it is seen, the unsupervised cluster classification showed no reliability in correctly predicting 

classes and the total accuracy of 24.3% proves it. 

Class Name
Deep 

water

Shallow 

water

Uncultivated 

fields
Built-up

Cultivated 

fields
Shrubs

Forest 

lands
Clouds

Producer's 

accuracy
Predictions

1) Deep water 195 145 0 0 0 0 0 16 54,8% 356

2) Shallow water 4 63 1 1 1 0 6 42 53,4% 118

3) Uncultivated fields 0 1 14 17 0 15 5 4 25,0% 56

4) Built-up 0 0 54 30 1 1 0 22 27,8% 108

5) Cultivated fields 0 0 31 69 11 144 157 0 2,7% 412

6) Shrubs 0 0 43 50 15 16 0 10 11,9% 134

7) Forest lands 0 0 47 12 83 5 0 15 0,0% 162

8) Clouds 0 0 8 11 74 2 3 28 22,2% 126

User's accuracy 98,0% 30,1% 7,1% 15,8% 5,9% 8,7% 0,0% 20,4% 24,3% total accuracy

Count Truth 199 209 198 190 185 183 171 137 1472
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However, when classifying the same image with infused Digital Surface Model, overall accuracy 

has been increased only by 0.2% (Table 7). The error matrix table show that the predictions by 

the producer were slightly improved on Shrubs (from 11.9% to 14.3%) and Cultivated fields (from 

2.7% to 4.4%) but the rest of the classification proved even less accuracy on predicting all other 

land covers, emphasising that Forest lands were still atrociously imprecise with the same 0% 

accuracy. 

Unfortunately, user’s accuracy also showed no significant development after addition of the 

DSM. It only increased for Cultivated fields, Shrub and slightly for Clouds classes. Despite that, 

the accuracy decreased for both water body classes, and stayed at zero percent for the same 

Forest land class. 

 

Table 7 - ISO unsupervised classification accuracy with integrated DSM 

Nonetheless the accuracy of the unsupervised classification until now, a suspicion appeared, that 

the algorithm could use different cluster number assignment and that would explain low 

percentage in predicting pixel values. To investigate this, reclassification was done, as described 

in Section 2.6, in order to artificially bring classified raster’s values closer to the reference data 

set. After this step was conducted, new confusion matrices were generated (Tables 8 and 9) and 

the accuracy was re-examined. 

Class Name
Deep 

water

Shallow 

water

Uncultivated 

fields
Built-up

Cultivated 

fields
Shrubs

Forest 

lands
Clouds

Producer's 

accuracy
Predictions

1) Deep water 194 151 0 0 0 0 0 16 53,7% 361

2) Shallow water 3 56 1 1 1 0 6 44 50,0% 112

3) Uncultivated fields 2 2 14 17 0 17 5 2 23,7% 59

4) Built-up 0 0 54 30 1 2 0 22 27,5% 109

5) Cultivated fields 0 0 33 66 18 136 156 0 4,4% 409

6) Shrubs 0 0 43 51 16 20 0 10 14,3% 140

7) Forest lands 0 0 45 12 76 6 0 14 0,0% 153

8) Clouds 0 0 8 13 73 2 4 29 22,5% 129

User's accuracy 97,5% 26,8% 7,1% 15,8% 9,7% 10,9% 0,0% 21,2% 24,5% total accuracy

Count Truth 199 209 198 190 185 183 171 137 1472
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Table 8 - ISO unsupervised classification accuracy using band composite only after initial raster was reclassified 

 

Table 9 - ISO unsupervised classification accuracy with integrated DSM after initial raster was reclassified 

Re-assigning pixel values has greatly increased total accuracy as well as user’s and producer’s 

when classifying both, composite of bands only and with added DSM. When previously total 

accuracy values were 24.3% and 24.5%, now they are above increased to 45% and 43.6%. While 

percentage of predicted values for Deep water class was at the same level, predictions for the 

rest of the classes were extremely improved. However, after reclassification of initially classified 

raster, integration of DSM did not develop better accuracy. Contrary to first classification, it 

reduced from 45% to 43.6%. This reveals, that it is complicated to evaluate the accuracy of 

unsupervised classification using Confusion Matrix because it requires additional steps to purify 

the output. 

All in all, covers such as Forest or Built-up lands, that contain objects which are higher than usual 

vegetation like in Cultivated or Uncultivated fields, were not predicted notably better. It was 

expected that DSM generated from Lidar point cloud should highlight the difference between 

classes and benefit the algorithm during classification. However, the results suggest that overall, 

Class Name
Deep 

water

Shallow 

water

Uncultivated 

fields
Built-up

Cultivated 

fields
Shrubs

Forest 

lands

Producer's 

accuracy
Predictions

1) Deep water 195 145 0 0 0 0 0 57,4% 340

2) Shallow water 4 63 1 1 1 0 6 82,9% 76

3) Uncultivated fields 0 0 90 62 98 21 0 33,2% 271

4) Built-up 0 0 54 30 1 1 0 34,9% 86

5) Cultivated fields 0 0 8 11 74 2 3 75,5% 98

6) Shrubs 0 0 31 69 11 144 157 35,0% 412

7) Forest lands 0 1 14 17 0 15 5 9,6% 52

User's accuracy 98,0% 30,1% 45,5% 15,8% 40,0% 78,7% 2,9% 45,0% total accuracy

Count Truth 199 209 198 190 185 183 171 1335

Class Name
Deep 

water

Shallow 

water

Uncultivated 

fields
Built-up

Cultivated 

fields
Shrubs

Forest 

lands

Producer's 

accuracy
Predictions

1) Deep water 194 151 0 0 0 0 0 56,2% 345

2) Shallow water 3 56 1 1 1 0 6 82,4% 68

3) Uncultivated fields 0 0 88 63 92 26 0 32,7% 269

4) Built-up 0 0 54 30 1 2 0 34,5% 87

5) Cultivated fields 0 0 8 13 73 2 4 73,0% 100

6) Shrubs 0 0 33 66 18 136 156 33,3% 409

7) Forest lands 2 2 14 17 0 17 5 8,8% 57

User's accuracy 97,5% 26,8% 44,4% 15,8% 39,5% 74,3% 2,9% 43,6% total accuracy

Count Truth 199 209 198 190 185 183 171 1335
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DSM had no influence on unsupervised classification while it was anticipated that such ancillary 

data should improve the results. 

3.2.2. Maximum Likelihood Classification 

Unlike the previously discussed unsupervised classification, confusion matrix of Maximum 

Likelihood Classification (Table 10) illustrates a different scenario. The highest accuracy using the 

composite of bands was achieved for Forest lands and Cultivated fields, accordingly 99.3% and 

92.1%. Surprisingly, Shrub class was well distinguished from the two aforementioned classes 

even when they are visually similar. While both classes of water bodies, Uncultivated fields and 

Clouds were predicted almost the same, accuracy for Built-up areas barely reached 54%. It could 

be explained by variety of different spectral characteristics within the class. 

However, there was an analogy between ISO clustering and MLC when some pixels of Deep water 

were mixed up with Shallow water (49 pixels). Similarly, 70 pixels were considered to be Built-up 

land where the ground truth was Uncultivated fields. 

Comparing Maximum Likelihood Classification with ISO clustering using only band composite as 

an input raster, the MLC producer’s accuracy was a lot more accurate with the total value of 

76.8%. 

Moreover, user’s accuracy was much closer to the satisfactory level than for ISO clustering. In 

more detail, Uncultivated fields and Shallow water were the least reliable classes from this point 

of view, while other classes showed much higher, 70% and above, reliability with Shrubs reaching 

91.3%. 

 

Table 10 - MLC accuracy using band composite only 

Class Name
Deep 

water

Shallow 

water

Uncultivated 

fields
Built-up

Cultivated 

fields
Shrubs

Forest 

lands
Clouds

Producer's 

accuracy
Predictions

1) Deep water 170 49 0 0 0 0 0 1 77,3% 220

2) Shallow water 27 127 0 0 0 0 0 11 77,0% 165

3) Uncultivated fields 0 0 104 6 29 3 1 1 72,2% 144

4) Built-up 0 14 70 175 26 12 11 17 53,8% 325

5) Cultivated fields 0 0 8 1 129 1 0 1 92,1% 140

6) Shrubs 0 0 16 6 0 167 2 0 87,4% 191

7) Forest lands 0 0 0 0 1 0 152 0 99,3% 153

8) Clouds 2 19 0 2 0 0 5 106 79,1% 134

User's accuracy 85,4% 60,8% 52,5% 92,1% 69,7% 91,3% 88,9% 77,4% 76,8% total accuracy

Count Truth 199 209 198 190 185 183 171 137 1472
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When using another image raster with infused Digital Surface Model, confusion matrix below in 

Figure 11 showed overall producer’s accuracy of 76.8%. There were three land cover classes 

predicted at accuracies above 90%: Cultivated fields (91%), Forest lands (98.7%) and Shallow 

water (100%). As before, when input raster did not include Digital Surface Model, one of the two 

poorly predicted classes was Built-up. The latter along with Cloud class only reached 50.4% and 

39.9% accordingly. This again proves that Built-up land cover is the most mixed in terms of 

spectral reflectance. 

 

Table 11 - MLC accuracy with integrated DSM 

On the contrary, user’s accuracy for each class has changed comparing to the one with classified 

composite of bands only. On aggregate, they all dropped and overall user’s accuracy went down 

from 77.4%, when input was band composite only, to 69.6%, when input raster additionally 

contained DSM. 

However, considering that Maximum Likelihood Classification training samples consisted of 

polygons and not individual pixels, this allows higher probability for the user to include pixels of 

different land cover and therefore incorrectly defining a reference land cover class. 

Furthermore, the MLC results show that Digital Surface Model did not improve the classification 

accuracy. Instead, it decreased the classifier’s quality in detecting land types properly. 

To sum up the results of the two already discussed classification methods, unsupervised ISO and 

supervised MLC, there are two main aspects that give such disparity. Firstly, ISO clustering 

considers statistical properties of the pixels and groups them into clusters. Secondly, Maximum 

Likelihood Classification takes into account training samples from user which provide information 

about pixels, therefore it greatly improves the accuracy of classification. 

Class Name
Deep 

water

Shallow 

water

Uncultivated 

fields
Built-up

Cultivated 

fields
Shrubs

Forest 

lands
Clouds

Producer's 

accuracy
Predictions

1) Deep water 179 67 0 0 0 0 0 3 71,9% 249

2) Shallow water 0 25 0 0 0 0 0 0 100,0% 25

3) Uncultivated fields 0 0 97 4 31 4 1 1 70,3% 138

4) Built-up 2 9 63 135 29 16 9 5 50,4% 268

5) Cultivated fields 0 0 9 1 122 1 0 1 91,0% 134

6) Shrubs 0 0 19 5 0 159 2 0 85,9% 185

7) Forest lands 0 0 0 0 2 0 153 0 98,7% 155

8) Clouds 18 108 10 45 1 3 6 127 39,9% 318

User's accuracy 89,9% 12,0% 49,0% 71,1% 65,9% 86,9% 89,5% 92,7% 67,7% total accuracy

Count Truth 199 209 198 190 185 183 171 137 1472
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3.2.3. Support Vector Machine Classification 

As seen in the tables 12 and 13 below, the accuracy ranges for either input rasters were above 

84% where none of the previously reviewed classification methods fell within. 

 

Table 12 - SVM classification accuracy using band composite only 

The total accuracy was 84.2% when band composite only was used as an input raster. However, 

opposite to other classification results where Deep water classes had the highest accuracy, this 

time it was one of the least predicted classes. Together with Uncultivated fields, producer’s 

accuracy did not reach 75%. Nonetheless, all the rest of the predictions where in between 84.9% 

for Shallow water to 95% for Forest lands. 

Examining user’s accuracy with the same input, it was only of Shallow water with the accuracy of 

72.7% that had the least reliability. The rest of the classes were evaluated above 75%. The firmest 

ground truths were for Deep water, Shrubs and Forest lands as they hit above 88%. 

 

Table 13 - SVM classification accuracy with integrated DSM 

When input was the raster with incorporated DSM, the total producer’s and user’s accuracy has 

increased by 0.4% and 0.5% accordingly. DSM helped the producer to better predict pixels of 

Class Name
Deep 

water
Shallow water

Uncultivated 

fields
Built-up

Cultivated 

fields
Shrubs

Forest 

lands
Clouds

Producer's 

accuracy
Predictions

1) Deep water 182 55 0 0 0 0 0 6 74,9% 243

2) Shallow water 17 152 0 0 0 0 3 7 84,9% 179

3) Uncultivated fields 0 1 154 24 15 15 3 1 72,3% 213

4) Built-up 0 0 16 143 6 0 0 3 85,1% 168

5) Cultivated fields 0 0 11 8 163 2 0 2 87,6% 186

6) Shrubs 0 0 13 6 0 165 2 0 88,7% 186

7) Forest lands 0 1 2 3 1 1 163 0 95,3% 171

8) Clouds 0 0 2 6 0 0 0 118 93,7% 126

User's accuracy 91,5% 72,7% 77,8% 75,3% 88,1% 90,2% 95,3% 86,1% 84,2% total accuracy

Count Truth 199 209 198 190 185 183 171 137 1472

Class Name
Deep 

water

Shallow 

water

Uncultivated 

fields
Built-up

Cultivated 

fields
Shrubs

Forest 

lands
Clouds

Producer's 

accuracy
Predictions

1) Deep water 182 55 0 0 0 0 0 6 74,9% 243

2) Shallow water 17 152 0 0 0 0 4 6 84,9% 179

3) Uncultivated fields 0 1 149 20 15 11 3 1 74,5% 200

4) Built-up 0 0 16 150 6 0 0 3 85,7% 175

5) Cultivated fields 0 0 12 9 163 2 0 2 86,7% 188

6) Shrubs 0 0 18 5 0 168 1 0 87,5% 192

7) Forest lands 0 1 1 4 1 2 163 0 94,8% 172

8) Clouds 0 0 2 2 0 0 0 119 96,7% 123

User's accuracy 91,5% 72,7% 75,3% 78,9% 88,1% 91,8% 95,3% 86,9% 84,6% total accuracy

Count Truth 199 209 198 190 185 183 171 137 1472
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Uncultivated and Built-up land covers as well as Clouds. However, the producer’s accuracy 

decreased for Cultivated fields, Shrubs and Forest lands. 

Alternatively, DSM notably affected reliability of three classes: Uncultivated fields, Built-up and 

Shrubs. The biggest increase in user’s accuracy was for Built-up land cover, where it went up from 

75.3% to 78.9%. Then it is followed by Shrub cover, where it developed by 1.6%. However, 

introduction of DSM negatively affected the user’s accuracy for Uncultivated fields – it decreased 

by the largest increment of 2.5%. 

To evaluate the effect of presence of height information in classified raster, it did influence the 

total accuracy of Support Vector Machine classification method. Both, user’s and producer’s 

overall accuracy has increased. Confusion matrices of SVM classification accuracy gave the best 

results among all classification methods used for this project, and it was affirmed that Support 

Vector Machine classification was the most advanced method.  
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4. Conclusion 

In this report the idea of remote sensing was presented. It acquires and interprets spectral and 

spatial information reflected by the surface of the Earth and it is commonly applied in land cover 

mapping. Land covers are physical and biological covers of the Earth’s surface and they include 

natural, (semi-) natural or human-built areas. Land covers are also indicators of the relationship 

between environmental changes and socio-economic activities. The report also introduced to 

Sentinel-2 satellite and its importance in advancing the idea of land cover mapping. 

Furthermore, unsupervised and supervised digital image classifications and their differences 

were presented. Additionally, a possible solution of their accuracy was discussed and the 

methodology for this study was established. 

The concept of introducing the elevation information into the band composite was tested. 

However, by following the methodology established for this project and encountering software 

limitations, anticipated results were not achieved. The accuracy assessment for 2 out of 4 tests 

provided minor improvements. 

Support Vector Machine classification showed the trend that addition of Digital Surface Model 

combined along with colour bands retrieved from Sentinel 2 satellite improves the accuracy of 

classification. Respecting that infused DSM was only 1.6% size of the total study area, the increase 

in accuracy of 0.4% proposes that this technique was applied effectively.  

Unsupervised ISO Clustering provided the trend of improvement in accuracy during initial 

procedure. On the other hand, after the reclassification the pattern was breached. Confusion 

matrix suggested that the established method for this study was not sufficient and required 

purification of classification outcomes. For example, a more thorough inspection of initial 

classification output before reassigning classes. 

The hypothesis again was denied when assessing accuracy of Maximum Likelihood Classification 

output. The accuracy notably dropped when DSM was introduced to the raster composite. To the 

respect that MCL classification is advocated to be reliable method in the literature, the results of 

this study proposed a perception that the user misconducted the technique. As the only input 
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from user side was the signature file, thus training samples could be improved by collecting 

smaller samples and consequently reducing the error possibly caused by including pixels of other 

land covers.  
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