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Abstract. While recently many papers have been published on methodological developments in 

dimensionality reduction, application oriented studies on the performance of these methods in 

combination with different types of classifiers are less numerous. In this study we evaluate the po-

tential of two unsupervised data reduction techniques - the Autoassociative Neural Network 

(AANN) and the BandClust (BC) - for mapping of urban land cover at a high level of thematic de-

tail, using an APEX 288-band hyperspectral dataset. Both methods were tested in combination 

with four state-of-the-art machine learning classifiers and assessed in terms of Kappa estimates. 

When the BC method is used in combination with a strong learner, classification accuracies are 

similar or higher than obtained with the full dataset, demonstrating the method’s capability of pre-

serving critical spectral information. On the other hand, important spectral information seems to be 

compromised or lost in the AANN data reduction process. This study also demonstrates the poten-

tial of the APEX sensor data for detailed mapping of land cover in spatially and spectrally com-

plex urban areas.  

Keywords. Dimensionality reduction, APEX data, urban land cover mapping, machine learning 

classifiers. 

1. Introduction 

The phenomenon of urbanization is characterizing the contemporary era, negatively affecting 

the Earth System at local, regional and global scales [1]. Urban land-cover mapping, which is re-

quired for improved environmental management, is a challenging task, due to the spatial and spec-

tral heterogeneity of urban environments, consisting of a great variety of artificial and natural sur-

face types [2]. Nowadays, airborne hyperspectral data prevail as probably the best choice for tack-

ling urban land-cover mapping, since they fulfill both the high spectral and spatial resolution re-

quirements of urban remote sensing applications [3]. Despite their high richness of information con-

tent, adjacent hyperspectral channels carry highly correlated information which may result in re-

dundant data and possible noise. Dimensionality reduction methods are supposed to remove the re-

dundancy in hyperspectral datasets, without losing the original information content that is required 

for further data analysis [4]. In the literature, several techniques are described for dimensionality 

reduction which can be split into two major groups. The transformation-based approaches project 

the original high-dimensional data into a lower-dimensional space producing a new reduced dataset 

representing the transformed initial information. A relatively novel non-linear transformation 

method which is reported to have a good computational efficiency, yielding high classification ac-

curacies, uses an Auto-Associative Neural Network (AANN) [5] to generate a reduced set of repre-
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sentative features from the original data under analysis. The second group called feature-selection-

based approaches is based on band selection, whose objective is to find a small subset of relevant 

data from the original information. Within this family, a novel unsupervised method called Band-

Clust (BC) [6], is reported as being easy to implement and has shown to provide high classification 

accuracies when used in combination with Support Vector Machine classifiers. 

While many studies in the literature focus on methodological development of data reduction 

techniques, less attention is paid to the assessment of the proposed methods in application oriented 

contexts. The objective of this study is to assess the efficiency of both AANN and BC in the 

framework of large-scale hyperspectral urban land cover mapping, where several land cover types 

with subtle spectral differences need to be distinguished in a spatially complex urban setting. A high 

spectral and spatial resolution dataset (APEX), composed of 288 bands between 400-2500 nm and 

acquired at 3m spatial resolution, was chosen as input. Reduced datasets, obtained by applying both 

dimensionality reduction approaches, were used to classify 22 urban land cover classes. Classifica-

tion was done using four state-of-the-art machine learning classifiers: Random Forest (RF), 

Adaboost (ADB), the Multi-Layer Perceptron (MLP) and Support Vector Machines (SVM). Kappa 

values and overall accuracies were computed from each error matrix, and statistical tests were con-

ducted to judge if classification results obtained with reduced input datasets are significantly differ-

ent from results obtained with the original input data [7].  

 

2. Study area and data 

The study area covers the southern part of the city of Brussels, Belgium which is characterized 

by a strong heterogeneity of land cover types. An APEX flight mission campaign was undertaken 

on the 24th of September 2011. The APEX instrument is a joint Swiss/Belgian initiative, designed 

as a dual prism dispersive pushbroom imaging spectrometer which was programmed to acquire 288 

spectral bands at 3m ground resolution: 148 bands in the VNIR wavelength and 140 in the SWIR 

range. Spectral bands in the ranges [1.349; 1.426] nm and [1.804; 1.949] nm were ill-conditioned 

after atmospheric correction and were therefore subsequently removed, leading to a final workable 

dataset consisting of 261 bands. 

 

3. Methodology 

3.1. Dimensionality reduction techniques. 

3.1.1. Auto-Associative Neural Networks (AANN)  

An AANN is a conventional feedforward neural network having sigmoidal activation functions 

in each node and trained by standard back-propagation or similar algorithms [8]. The network is 

trained to perform identity mapping, where the input X has to be equal to the output X. This means 

that if the training phase finds an acceptable solution, a good representation of the input must be 

embedded in the hidden bottleneck layer. Since there are fewer nodes in the bottleneck layer than 

the input/output, the bottleneck nodes encode the information obtained from the inputs for the sub-

sequent layers to reconstruct the output. In other words, data compression caused by the network 

bottleneck forces hidden units to represent significant features in the data [5]. The AANN training 

can be performed in a fully automatic way and all pixels in the image can be used for this task. No 

independent target data are required and there is no need to have an a priori knowledge for the im-
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plementation of the learning phase. For a more detailed explanation of AANN, the reader is referred 

to [5]. 

 

3.1.2. BandClust (BC)  

BandClust [6] is a novel data dimensionality reduction technique based on band splitting. The 

core idea of BC lies in recursively splitting an initial spectral band into several subbands. At a given 

level of recursion, an optimal splitting of the spectral range [ min, max] is sought by finding the 

n the reflectance values in the two sub-

bands [ min, opt] and [ opt, max] is minimized. The recursive band splitting is performed un-

til each previously created subband cannot be further split. BC has several benefits: first, it is an un-

supervised method; second, it automatically provides an estimate of the optimal number of bands; 

third, it preserves the physical meaning of the hyperspectral data; finally, its recursive nature makes 

it easy to implement. For a more detailed explanation of BC, the reader is referred to [6]. 

 

3.2. Machine Learning classifiers 

Machine Learning techniques have been widely used for the analysis and classification of RS 

data. They are considered to be able to make full use of small, narrow-band features in 

hyperspectral datasets and at the same time be fast, robust, noise-tolerant, and adaptive. For this 

study we decided to focus on the one hand on Decision Tree algorithms (DT), which may be con-

sidered as “weak” learners, and on the other hand on Artificial Neural Networks and SVM, which 

are considered as “strong” learners. In order to boost the lower classification accuracies produced 

by DT [9], we selected two well-known ensemble methods: RF [10] and ADB [9]. Within the Arti-

ficial Neural Network family we selected the MLP, which can be seen as a modification of the 

standard linear perceptron able to distinguish data that are not linearly separable [11]. MLPs have 

demonstrated competitive performances with respect to other techniques. Also SVM was included 

in the study, given its ability to model complex, nonlinear class boundaries in high dimensional fea-

ture spaces through the concept of kernel functions and regularization [12]. SVMs are particularly 

appealing in the RS field because of the ability of handling few training data and of producing high-

er accuracy results compared to other methods.  

The four chosen machine learning classifiers were run in default mode, with automated parame-

ter tuning and using three different input scenarios: in Scenario 1, the original 261 APEX bands are 

used as input dataset. For Scenario 2, the transformed components resulting from the AANN meth-

od are used. Finally, for Scenario 3 the subbands produced by the BC algorithm were used as input 

for the four classifiers. 

 

3.3. Classification scheme and accuracy assessment 

A classification scheme was defined based on the most important artificial and non-artificial 

land cover types present in the urban landscape of the study area (Table 1). The selected 22 land 

cover classes are characterized by high within-class spectral heterogeneity and by spectral similari-

ties between some of the classes, emphasizing the complexity of the detailed land cover classifica-

tion task faced in the present study. For each land-cover class, groundtruth polygons were manually 

collected with reference to in-situ knowledge. Each polygon was composed of maximum fifteen 

image pixels. Groundtruth polygons were separated randomly into independent “Training” and 
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“Validation” groups. A fixed number of 150 samples were randomly selected within the “Valida-

tion” group while for the “Training” group 250 randomly selected samples were retained. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Accuracy assessment was done based on Kappa analysis, the Kappa value (K) providing an es-

timate of how well the remotely sensed classification agrees with the reference data [7]. To deter-

mine if two independent K values are significantly different from one another and therefore to com-

pare the performances of the classifiers for different input scenarios, a test of significance was per-

formed based on: 

                                                                                                                                                                         (1) 

 

where K1 and K2 denote the estimates of Kappa for the two error matrices being compared. Giv-

en the null hypothesis H0:(K1-K2)=0, and the alternative H1:(K1-K2)≠0, H0 is rejected if Z≥1.96 

with a confidence level of 95% [7]. 

For each type of classifier applied in this study, Z statistic values were calculated for the com-

parison of Scenario 1 (original data) with Scenario 2 (AANN) and Scenario 3 (BC), and for the 

pairwise comparison of Scenario 2 with Scenario 3, in order to assess the impact of using one of the 

two data reduction methods on the performance of the classifier. 

4. Results and discussion 

For Scenario 2, the AANN method was run on the APEX dataset, resulting in a bottleneck layer 

composed of 21 nonlinear components. Applying the BC algorithm on the APEX dataset (Scenario 

3), resulted in the selection of ten splitting bands, yielding eleven subbands which, according to the 

BC algorithm, capture the essential information content present in the original dataset. 

The K values obtained for each classifier in the three input band scenarios are plotted in Fig. 1, 

while Table 2 summarizes the Z values resulting after comparing the results. Two distinct trends in 

performance are noticeable, one for the DT classifiers (RF and ADB) and one for the “strong” clas-

sifiers (MLP and SVM). For both RF and ADB, Scenario 1 produces the highest accuracies 

(K=0.729 for RF and K=0.774 for ADB). Of the two data reduction methods tested, AANN produc-

Table 1. Land cover scheme definition. 

Fig.1. Kappa values calculated for the three input scenarios using 

the four classifiers. 

Table 2. Z-statistic values for pairwise comparison of accuracies 

obtained for different scenarios using a particular classifier. Statis-

tically significant differences (Z-values greater than 1.96) are 

highlighted in bold. 
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es the best results. Only with RF though, the accuracy obtained with AANN (K=0.717) is compara-

ble with the accuracy obtained in Scenario 1. Furthermore, for the DT classifiers BC (Scenario 3) 

produces the lowest accuracies (K=0.684 for RF and K=0.730 for ADB) which are significantly 

lower than the accuracies obtained with the entire dataset.  

For MLP and SVM a distinct trend is noticed: the highest accuracies are obtained with both 

Scenario 1 and Scenario 3, while Scenario 2 produces significantly lower accuracies (Table 2). In 

the case of MLP, the reduced BC dataset is even capable of outperforming the original dataset 

(K=0.799 for Scenario 3 and K=0.777 for Scenario 1), although the Z value of 2.09 obtained is very 

close to the critical value of 1.96. In the case of SVM, testing of the null hypothesis shows that the 

accuracies obtained with Scenario 1 and Scenario 3 are statistically equal (Z=0.23, K=0.821 for 

Scenario 1 and K=0.818 for Scenario 3). In other words, when the BC method is used in combina-

tion with the two “stronger” classifiers (MLP and SVM), it succeeds in substantially reducing the 

dimensionality of the hyperspectral dataset without decreasing classification accuracy. The AANN 

method, on the contrary, is not able to achieve satisfactory results with MLP and SVM.  

These results demonstrate that the effectiveness of the data reduction methods is dependent on 

the type of classifier used. In fact, most classifiers do not seem able to achieve a satisfactory level of 

accuracy using the 21 transformed AANN components. Probably, the original spectral information 

is not well preserved, and critical information has been compromised or distorted through the trans-

formation procedure. On the other hand, the eleven subbands resulting from applying the BC algo-

rithm on the original dataset, which preserve the physical meaning of the hyperspectral data, lead to 

good performances for MLP and SVM. The results obtained seem to confirm the efficiency of the 

BC method when used in combination with SVM, as already indicated in [6] and on the other side, 

highlight the potential of SVM of fully exploiting the richness of information present in the APEX 

hyperspectral dataset.  

Fig. 1 shows an extract of the land-cover map produced by SVM for Scenario 1 (Fig. 5(b)) and 

Scenario 3 (Fig. 5(c)) respectively. A comparison of the spatial distribution of the 22 land-cover 

classes in both maps confirms the similarity of the classification result obtained with and without 

data reduction. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figura 1. True color composite (a), SVM classification for Scenario 1 (b), and SVM classification for Scenario 3 (c) for 

an extract of the study area (for class numbering, see Table 1). 
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5. Conclusions 

In this work we assessed the performance of two relatively novel unsupervised data reduction 

techniques - the Autoassociative Neural Network approach (AANN) and BandClust (BC) - in the 

context of high-resolution urban land-cover mapping using APEX hyperspectral data. Classification 

in this study was done using four state-of-the-art machine learning methods: Random Forest (RF), 

AdaBoost (ADB), the Multiple Layer Perceptron (MLP), and support vector machines (SVM).  

Results show that BC is able to retain or slightly improve the level of classification accuracy ob-

tained with the full dataset when used in combination with a “strong” learner (SVM, MLP). On the 

other hand, for AANN accuracies are reduced for three of the four classification methods used. The 

results of this study seem to indicate that the BC algorithm succeeds well in preserving critical spec-

tral information needed for successfully distinguishing spectrally similar urban land-cover classes. 

More work with other hyperspectral datasets is needed though to examine whether the results ob-

tained in this study can be generalized to other urban settings.  

This research also demonstrates the potential of APEX data for producing high-resolution, the-

matically detailed urban land-cover maps, representing common urban surface types that are char-

acterized by subtle spectral differences and high within-class spectral heterogeneity. Best classifica-

tion results in this study are obtained with the SVM classifier, reaffirming the effectiveness of this 

classifier in modeling complex, nonlinear class boundaries in high dimensional feature spaces, as 

reported in numerous other studies. Combining the BC band selection method with SVM seems to 

be an efficient approach for reducing the high data volume of hyperspectral data covering urban ar-

eas, without compromising on classification accuracy. 
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