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Abstract. This work constitutes a first step towards the definition of a methodology for automatic 

urban extraction from medium spatial resolution Landsat data. Decision Tree is investigated as 

classification technique due to its ability in establishing which is the most relevant information to 

be used for the classification process and its capability of extracting rules that can be further ap-

plied to other inputs. The attention was focused on the evaluation of parameters that better define 

the training set to be used for the learning phase of the classifier since its definition affects all the 

next steps of the process. Different training sets were created by combining different features, such 

as different level of radiometric pre-processing applied to the input images, the number of classes 

considered to train the classifier, the temporal extent of the training set and the use of different at-

tributes (bands or spectral indexes). Different post-processing techniques were also evaluated. 

Classifiers, obtained by the generated training sets, were evaluated in two different areas of Pied-

mont Region, where the official regional cartography at scale 1:10000 was used for validation. 

Accuracies round 81% in the Torino case study and around 96%-97% in Asti case study were 

reached, thanks to the use of indexes such as NDVI and NDBBBI and the use of post-processing 

such as majority filtering that allowed enhancing classifier performances.  
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1. Introduction 

Rapid mapping activities based on the use of satellite images can be a crucial support for emer-

gency management. Data at suitable spectral resolution, with global coverage, often permit to gather 

information about inaccessible areas and to have a large archive of historical data available. Infor-

mation derived from post-event satellite images can be effectively used only when other spatial data 

(e.g. administrative boundaries, infrastructure details, settlements etc.) are integrated; when this 

kind of information is missing, its derivation from different data sources is needed, such as archive 

satellite imagery. The possibility of having algorithms for automatic features extraction could be 

very helpful in order to avoid time-consuming visual interpretation and related digitalization opera-

tions, which are the most common used approach in an operational context to date [1].  

Among all necessary information, those related to the extent of urban areas are particularly rele-

vant for supporting crisis management because the knowledge of where buildings and population 

are located is essential in order to provide information about the extent of damaged areas and popu-

lation potentially affected: the whole crisis management cycle - including damage assessment, re-

covery, reconstruction and planning - should benefit from an improved and globally-consistent de-

scription of human settlements [2]. 

Information about built-up areas can be differently extracted according to the desired output 

scale; if a very small area is investigated and large scale maps are required, information about single 

buildings is necessary; otherwise, when large areas are investigated and small scale maps are re-
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quired, necessary information can merely be the extent of the built-up area. The herein presented 

work mainly focuses on the extraction of this kind of information: therefore, medium spatial resolu-

tion Landsat data were used, considering both the scope of applying the methodology at a global 

extent, and the usefulness of deriving information at such a scale. 

In this context, decision tree is investigated as classification technique, due to its ability in es-

tablishing which is the most relevant information to be used for the classification process and its 

capability of extracting rules that can be further applied to other inputs.  

In particular this work aims at obtaining preliminary rules for the extraction of urban areas, 

evaluating the effectiveness of decision tree classifiers and identifying which steps to perform in 

order to obtain a suitable classification procedure. The main focus is on the level of processing that 

can be applied to images (different kind of pre and post processing), on the choice of training set 

features such as the number of classes with whom is created, on the temporal extent of the training 

set and on the used input attributes.  

2. Methods 

2.1. Decision Tree classifier: an overview 

The main aim of this work is the automation of procedures for features extraction. The chosen 

approach is related to the extraction of rules that allow identifying the desired land cover type. 

Rules are based on the definition of the attributes to include in with the choice of decision thresh-

olds; if, on one side, thresholds could be obtained using the knowledge provided by experts, on the 

other side it is advisable to explore data mining approaches for the identification of suitable bands 

for classification as well as determining the decision thresholds. In fact, experts may disagree on the 

decision boundaries, while with the use of data mining techniques, reliable, transferable and repro-

ducible decision thresholds can be obtained [3].  

Decision Tree classifier was chosen for this study for the following reasons: first, it’s able to ex-

tract rules in an automatic way, that can be later applied to different images; second, the model built 

by the algorithm is easily interpreted, and can therefore be modified according to the user needs; 

third, the choice of which attributes to include in the classifier is performed by the algorithm, on the 

basis of the criteria used by the algorithm itself. Finally, decision tree algorithms don’t require addi-

tional information besides those already contained in the training data (e.g. domain knowledge or 

prior knowledge of distributions on the data or classes) and generally produce good classification 

accuracies if compared to other techniques.  

The tree classifier used to perform the analysis is J48, an open source Java implementation of 

C4.5 data mining algorithm developed by Quinlan [4], one of the most popular decision tree algo-

rithms due to its well-known efficiency [4].  

2.2. Data and case study 

The Piedmont region, located in the north-west part of Italy, was chosen as study area: it pre-

sents a good temporal coverage of Landsat images and have an official regional cartography (Car-

tografia Tecnica Regionale, CTRN) at scale 1:10:000 available, freely accessible and suitable for 

validation purposes. Particularly, two different areas were chosen: Asti province and Torino mu-

nicipality. In these areas, the temporal coherence between data used for the classification process 

and update of the regional cartography used for validation was verified.  

Landsat ETM+ images, acquired in modality SLC-on (i.e. before 31/05/2003) ,were used for the 

training phase of the classifier, while Landsat images from GLS2005 collection (that provides one 

clear image during leaf-on conditions for every location of the globe between 2004 and 2007) were 
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used for the classification phase. Acquisition dates of data used in input and for validation purposes 

are summarized in Table 1.  

Table 1. Data used for the analysis 

Case study 

Data used for training sets  

generation (Landsat ETM+) 

[acquisition date – path/row] 

Data used for the classification 

(GLS2005) 

[acquisition date – path/row] 

Data used for validation 

(CTRN) 

[update – n° of sections] 

Torino 

06.10.1999 (194/29) 

02.07.2005 (194/29) 
CTRN 2005  

(5 sections) 

24.08.2001 (194/29) 

28.09.2002 (194/29) 

30.11.1999 (195/29) 

05.06.2000 (195/29) 

30.07.2001 (195/29) 

02.07.2005 (194/29) 

Asti 

06.10.1999 (194/29) 

02.07.2005 (194/29) 
CTRN 2004 

(61 sections) 

24.08.2001 (194/29) 

28.09.2002 (194/29) 

23.11.1999 (194/29)  

01.05.2000 (194/29) 

21.06.2001 (194/29) 

02.07.2005 (194/29) 

 

2.3. Applied methodology 

The process of image classification may include the following major steps [5]: determination of 

a suitable classification system, selection of training samples, image pre-processing, features extrac-

tion, selection of suitable classification approaches, post-classification processing and accuracy as-

sessment.  

In this work some of these steps are considered variables; which pre-processing does return 

higher accuracy? Which features can be used in the classification? How can the results be improved 

with post-classification?  

Different kind of pre-processing and post-processing were therefore tested, and the following 

features considered: attributes in input to the classifier, use of multitemporal data and the selection 

of 2 or more classes for the training phase of the classifier. 

The procedure applied is the following: first, sample areas, to be used to create the training set 

to learn the classifier, are detected on satellite images with the help of high resolution. Different 

training sets on the detected sample areas are then built taking into account different variables: the 

radiometric pre-processing applied to images, the attributes used as input, the number of classes 

used to learn the classifier and, finally, the temporal extension of the dataset. The combination of all 

these variables led to the creation of 36 different training sets; each training set is then used as input 

to the classifier. The application of the same algorithm to the above mentioned training sets led to 

the definition of different classifiers, each with given attributes and decision thresholds. Each classi-

fier is then applied to one common image; it derives as many classifications as classifiers are. Fi-

nally, different kinds of post processing are applied, thus resulting in a further increase in the num-

ber of thematic map produced. At the end, an accuracy assessment is performed for each thematic 

map. A schema of the procedure is provided in Figure 1. 
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Figure 1. Applied methodology (output achieved at each step) 

Pre and post-processing, together with the validation process and evaluated features are de-

scribed in the following sections. 

2.3.1. Radiometric pre-processing 

Radiometric pre-processing is performed when scenes acquired at different times and from dif-

ferent sensors need to be compared; the aim is to correct errors due to the noise and distortions gen-

erated during the acquisition and transmission phase. Different methods can be used in order to 

compare scenes acquired in different times and from different sensors; one of the simplest one, 

which is called radiometric calibration into reflectance, allows obtaining apparent reflectance 

through normalization with respect to the incident radiation. Other methods, on the other hand, take 

also into account the atmospheric effects, and allow transforming spectral radiance into albedo.  

Three different kind of radiometric pre-processing were tested in this case study: radiometric 

calibration into reflectance, atmospheric calibration using a simplified method (Dark Subtraction 

[6],[7]), atmospheric calibration using a rigorous method (Fast Line-of-sight Atmospheric Analysis 

of Spectral Hypercubes, FLAASH [8]). 

The classifiers were trained with training sets extracted from images upon which these three 

pre-processing were performed alternatively; the aim is to verify if more complex (and most time-

consuming) processing allow a significant increase in the classification accuracies.  

2.3.2. Attributes 

In this study, two main types of attributes were used in input to the classifier: spectral infor-

mation and indexes. They were used both alone (only spectral information, only indexes) and com-
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bined. The aim is to evaluate if indexes are selected as suitable variables by the algorithm and, in 

case, which indexes more easily allow to separate classes.  

The six bands provided by Landsat ETM+ images (excluded the thermal bands) are used as 

spectral information, while considered indexes, derived by the literature related to classification of 

urban areas, are the following:  

 

 NDBI (Normalized Difference Built-up Index), used in previous studies [9] together 

with NDVI, and giving classification accuracies up to 92%; 

   

 NDBBBI (Normalized Difference Blue Band Built-up Index), used in [10], that takes in-

to account the blue component of urban areas and non cultivated fields;  

  

 NDVI (Normalized Difference Vegetation Index), used for vegetation studies and useful 

in order to separate water, bare soil and vegetation classes; 

  

 BUI (Built-Up Index), used in [11]; 

 

 A test_index, proposed by the authors on the basis of the spectral signature analysis over 

sample areas. This index shows values slightly above 1 (1.1 ÷ 1.2) in urban areas and 

higher values in the other classes. 

 

Related formulas are summarized in Table 2; TM1, TM2, TM3, TM4, TM5, TM7 are, respec-

tively, bands 1,3,4,5,7 of the Landsat Thematic Mapper (TM) sensor 

 

Table 2. Indexes used in input to the classifier and related formula 

Index Formula 

NDBI 
45

45

TMTM

TMTM




 

NDBBBI 
001.051

51





TMTM

TMTM
 

NDVI 
34

34

TMTM

TMTM




 

BUI NDBI - NDVI 

Test_index 
7

4
5

TM

TM
TM   

 

2.3.3. Classes 

In order to access if it’s enough to learn the classifier on two macro class of Urban and Non Ur-

ban or if it’s better to consider a higher number of classes in sample areas detection, thus creating a 

more complex tree where only rules for urban detection will be considered, sample areas belonging 

to the following classes were identified over the reference image: Urban (residential buildings), In-

dustrial areas (industrial buildings), Vegetation, Water and Bare soil. Two options were tested dur-

ing the creation of the training set: in one case input related to residential and industrial buildings 

were merged in order to create a unique “urban” class, and all the other merged in order to create a 
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unique “non urban” class, in the second case each class is considered separately. Therefore in the 

following we refer to a 2-class classifier or to a 5-class classifier. 

2.3.4. Temporal extension of the training set 

The use of information derived from a single scene or from the mean over a temporal extent was 

tested, given the fact that the scope of the work was to obtain an algorithm able to automatically 

classify urban areas, potentially derived from different scenes. Therefore, information for training 

set generation were derived from a single scene in on one case (the one used in the classification 

process), and as a mean of the chosen multitemporal stack in the other case. 

2.3.5. Post-processing 

Post-classification processing is an important step for improving the quality of classifications 

[12][13]; filters can be applied to reduce the noise that come out from traditional per-pixel classifier 

(“salt and pepper” effect). The application of a majority filter with a kernel size 3x3 was herein 

tested. 

2.3.6. Accuracy assessment 

The CTRN of the Piedmont Region, at scale 1:10.000, was used to provide an Accuracy As-

sessment of obtained thematic maps.  

CTRN polygon elements were firstly assigned to the correct class (Urban/Non Urban), then a 

conversion was performed into raster format in order to obtain a Validation Mask.  

The comparison between thematic maps and the Validation Mask was performed trough the use 

of the Confusion Matrix (or error matrix) that represents a contingency table in which the diagonal 

entries represent the agreement between the map and reference data, while off-diagonal entries rep-

resent lack of agreement between the map and reference data. Measures of accuracy such as Overall 

Accuracy (OA), User’s Accuracy (UA), Producer’s Accuracy (PA) and f-measure were extracted 

from the Confusion Matrix and used for the comparison. The cited parameters are extensively de-

scribed in literature, for further details see [14][15]. 

3. Results 

Overall, 5 CTRN section (around 300.000 pixels) were used for the validation in Torino case 

study, while more than 61 CTRN sections (around 2.500.000 pixels) in the Asti case study. A subset 

of around 200.000 pixels was also considered in Asti case study, in order to validate an area more 

similar to the previous one (that is, more centered on a built-up area of medium dimension). 

From a general point of view (Table 3), best Overall Accuracies were high in both cases: around 

81% in the Torino case study, around 96%-97% in the Asti case study. By the analysis of the f-

measure, that is representative of the accuracy in the detection of the Urban class, it can be inferred 

that the Urban class was detected better in Torino case study (best f-measure: 77%) than in Asti 

case study (best f- measure: 48%). The different behaviors can be attributed to the different urban 

land cover consistency: very dense in the first case, a medium to low density in the second case. 

This observation was confirmed by the following analysis: when the dimension of the validated area 

was reduced, and mainly focused on the greater town depicted in the scene (Asti), f-measure in-

creased from 48% to 66%. 
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Table 3. Results: general overview 

 TORINO ASTI ASTI subset 

Validated pixel 
300.000  

(270 km
2
) 

2.500.000  

(2.250 km
2
) 

200.000  

(180 km
2
) 

Used CTRN sections 5 61 4 

Best OA 81% 97% 96% 

Best f-measure 77% 48% 66% 

 

For each case study, 36 classifiers were obtained (taking into consideration the whole range of 

possible combination for training sets generation); the ones that provided better accuracies are re-

ported in the following table (Table 4):  

 

Table 4. Summary of best classifiers 

Best classifiers  

(used features and radiometric pre-processing) 
Case study OA – f measure [%] 

Single scene/ Indexes / Dark Subtraction / 2 classes TORINO 79.9 % - 78.3% 

Single scene/ Indexes / Dark Subtraction / 5 classes TORINO 80.7% – 77.5% 

Single scene/ Spectral info and indexes / FLAASH / 5 classes ASTI subset 93.4% – 59.4% 

Single scene/ Indexes / FLAASH / 2 classes ASTI  97.7% – 46.5% 

Single scene/ Spectral info and indexes / FLAASH / 2 classes ASTI  97.7% – 48.1% 

Single scene/ Spectral info and indexes / Dark Subtraction / 2 classes ASTI subset 96.1% – 66.6% 

 

It is noticeable how all best classifiers make use of indexes, both alone and together with spec-

tral information; moreover, all considered classifiers exploit information from a single image and 

are obtained from an atmospherically corrected image. 

 

Since accuracy measures derived from the error matrix provide information on the quality of the 

map as a whole but cannot be used to characterize distinct areas of the map [16], a quality control 

was performed in order to identify the most recursive errors in classifiers that provided accurate re-

sults. An automatic procedure was created for this aim in order to create an error mask, where the 

information associated to each single pixel is the membership to the Urban or Non Urban class, to-

gether with the number of times in which the considered pixel is correctly classified by the “good 

classifiers”. Results show that cemeteries, excavation sites and bare soil are areas more frequently 

confused with the urban class; in small built-up areas, errors are mainly located along the built-up 

area boundaries, and the same built-up area detection is related to the built-up area density: the 

more dense it is, the easier is to detect. 

In order to evaluate the best variables to use for the classification process, the different obtained 

classifiers were compared by analyzing one by one each variable. 

As long as the radiometric pre-processing is concerned, obtained accuracies show that none of 

the applied corrections could be considered better than others. 

The application of a majority filtering with kernel 3x3 was tested; it generally improved all ac-

curacy measures, and is particularly useful where medium density urban land cover and very sparse 

urban land cover are considered, otherwise it doesn’t improve the accuracies significantly. 

The classifiers were then learned using 2 classes or 5 classes, and using a single image or a 

multitemporal stack. Obtained results diverged considerably: 2-class classifiers were better than 

others in Asti case study, particularly in post-processed classifications, less good when the valida-

tion was performed only on a subset; on the contrary, in Torino case study accuracies were higher 

when 5-class classifiers were used in nearly 61% of cases (Table 5).  
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Table 5. Comparison between classifiers learned with 2-class or 5-class training sets in terms of number of times in 

which one resulted better than the other and of mean reached improvement 

 
Post processing: YES Post processing: NO 

 
OA [%] f-measure [%] OA [%] f-measure [%] 

 
TO AT 

AT 

subset 
TO AT 

AT 

subset 
TO AT 

AT 

subset 
TO AT 

AT 

subset 

Better results 

with 2-class 
39 89 66 39 78 34 39 72 55 33 61 44 

mean 

improvement 
2.3 3.0 3.3 1.5 5.8 12.0 1.0 3.9 4.0 1.3 5.1 6.3 

Better results 

with 5-class 
61 11 34 61 22 66 61 28 45 67 39 56 

mean 

improvement 
5.2 14 3.7 3.1 9.9 5.1 4.6 6.4 3.4 2.6 3.1 4.7 

 

Considering the use of a multitemporal stack, the results were quite similar: in Asti case study 

single image classifiers provided better results than others in most of the cases, sometimes in a con-

sistent way (the f-measure of post-processed images was, on average, 20% better in single image 

classifiers with respect to 5-class classifiers), while in Torino case study multitemporal classifiers 

were better than other in most of the cases and with OA greater, on average, of around 13% (Table 

6). Other tests are necessary in order to decide which is the best approach to use. 

 

Table 6. Comparison between classifiers learned with single image or multitemporal stack in terms of number of times 

in which one resulted better than the other and of mean reached improvement 

 
Post processing: YES Post processing: NO 

 
OA [%] f-measure [%] OA [%] f-measure [%] 

 
TO AT 

AT 

subset 
TO AT 

AT 

subset 
TO AT 

AT 

subset 
TO AT 

AT 

subset 

Better results with 

single image 
11 83 94 17 100 94 11 55 83 17 100 100 

mean 

improvement 
0.7 5.0 4.4 2.9 20 20.9 1.7 7.8 5.0 3.5 16 15.8 

Better results with 

multitemporal stack 
89 17 6 83 - 6 89 45 17 83 - - 

mean 

improvement 
13 1.3 1.5 5.9 - 1.3 12 0.9 1.0 4.5 - - 

 

Finally, concerning the use of different attributes results differ in the two considered cases. “In-

dex classifiers” were better in Torino case study, while “spectral” and “spectral and index” classifi-

ers provided higher accuracy in Asti case study and, in most cases, very similar to each other.  

On the contrary more evidences can be found analyzing the attributes that were more often cho-

sen by the algorithm to be part of the classifier: some indexes were considered a very few times 

(BUI), others were widely used in both cases (NDVI and NDBBBI). The test index was often cho-

sen by the classifier. Among considered bands, band 1 was the most used by the algorithm,. This 

can be due to the high correlation between the three bands: one of the three can be considered repre-

sentative for the whole set. Band 4, 5 and 7 were considered quite often in both cases. 
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4. Conclusions 

In the automation of feature extraction the presence of mixed pixels, typical of the urban envi-

ronment, makes more difficult to identify common features, particularly if only spectral information 

is considered. This work demonstrates the effectiveness of Decision Tree classifiers for the consid-

ered aim, the importance of certain features (such as the use of indexes) for classifier generation, the 

independence from other features (such as the considered number of classes for training set genera-

tion), and the improvement given by post-processing. The possibility of having a procedure for the 

extraction of this thematism, also with relatively coarse accuracies, can be considered a good start-

ing point especially in applications as emergency mapping, where information need to be extracted 

quickly and where even the partial reduction of manual digitalization procedures, can be considered 

a breakthrough. 

The study proposed in this article should be considered as the first step of a wider work aimed at 

automatically identifying urban data from medium resolution imagery. In the future, this method 

will be tested on different areas and the use of other input parameters (e.g. textural information) will 

be examined, as well as other processing techniques applied to the image (e.g. segmentation tech-

niques) in order to facilitate the theme extraction.  
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