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Abstract
The aim of this work is the mapping of areas of ecological interest focusing on the sound rather than the visual features of this area. Mapping of an area focusing on the visual (morphological) features of the landscape is a mature field with a wide range of applications. On the other hand, ‘soundscapes’ are maps which convey the sound content of an area at a certain time instant. Sound features encapsulate information which can be combined with the visual features of the landscape, in order to derive useful ecological related conclusions. These include monitoring of the wildlife, or the various human activities in the area. Of great interest is the monitoring of the change in the use or inhabitation of the area over time – an aim requiring repeated measurements at regular time intervals. In this work, a method is described for the combination of pattern recognition of the sound recordings with the development of the soundscape of the area of interest. 
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1. Introduction  
Research related to the environmental / ecological information of landscapes is usually focused on their visual content e.g. geometric or landscape characteristics of the biotopes. Surveillance engineering methods are typically employed to produce maps at the required resolution. In this research, the sound content of the landscapes is proposed as an additional information stream, aiming to produce useful audio-visual features. Hence, after appropriate processing, sound is used as an additional ecological related indicator of the area of interest. 
The term ‘acoustic ecology’ is first introduced by R. Murray Schafer (Schafer, 1994). Important work in the research area of acoustic ecology is also contributed by the SEKI Group (SEKI Group, 2008). The objective of their study is to examine whether environmental sound recordings convey useful information and consequently, whether features extracted from these recordings can be employed as indicators for the health of biotopes and for the biotopes’ dynamic balance. Recently, the interest for the acoustic ecology has increased due to the activities of the World Forum for Acoustic Ecology (WFAE) which was founded in Canada in 1993.
A soundscape (Krause, 1987; Krause, 2002) is the map of a certain region at a given time instant, which is focused on its sound rather than its visual content. Soundscapes form a useful feature of natural conservation (Turner et al., 2001). Indeed, periodic comparison of the soundscapes of a certain area - e.g. regions of the NATURA 2000 network (European Union’s network of nature protection areas) - can provide useful ecological related observations.  Note that, in this work the terms acoustic / audio are avoided as natural soundscapes may include sounds that are not necessarily audible by the human ear.

For the case of environmental sounds, there are two types of sound pattern recognition: ‘coarse’ and ‘fine’. The first aims to classify sounds that do not belong to the same family, so as to identify the three categories of environmental sounds; namely, human-related, geophysical-related and animal-related (Gage et al., 2001). The second aims to classify sounds that belong to the same family, so as to identify different species of e.g., bats, based on the sounds they produce (Parsons and Jones, 2000). Obviously, the ‘fine’ type is more demanding, in terms of feature extraction and classification, compared to the ‘coarse’ type. It is worth mentioning that the majority of existing research work for content based sound pattern recognition belongs to the ‘coarse’ type (Wold et al., 1996; Foote, 1997; Mingchun and Chunru, 2001; Zhang and Kuo, 2001) rather than to the ‘fine’ type (Paraskevas and Chilton, 2003; Paraskevas and Chilton, 2004; Paraskevas et al., 2006). 

In the proposed method, each sound recording is classified and then placed on the map so as to form the soundscape. The application of pattern recognition to environmental sounds is a hierarchical process. The three main categories of environmental sounds i.e. human-related, geophysical-related and animal-related are initially classified (‘coarse’ classification). Then follows the classification into subcategories of each of the three aforementioned classes of sounds e.g. classification of different species of bats as a subcategory of the animal-related sounds (‘fine’ classification). Finally, the soundscape is developed placing each classified recording to the exact area of the map where the sound was recorded. Consequently, the development of a soundscape becomes more complicated as the number of sound classes increases. 
In the following, a description of the proposed pattern recognition process is provided along with an example which shows the importance of signal representation for the application of environmental sound pattern recognition. 
2. Pattern Recognition for Environmental Sounds
In this Section, the proposed method for the application of sound pattern recognition is presented. As for any pattern recognition application, the process can be divided into two stages: the feature extraction and the classification stage (Duda et al., 2000; Webb, 2002). 
In the feature extraction stage, features that encapsulate the information content of the signal are extracted from each sound recording while in the classification stage the sound recordings are classified based on the feature vectors formed in the feature extraction stage (figure 1).  
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                         Figure 1: Pattern recognition system model 
In the feature extraction stage, class - discriminating features are extracted in order to classify each sound recording to the corresponding class. As in all pattern recognition applications, the classification rate depends on the selection of the appropriate features that form the feature vectors. 
The features can be extracted from: 
· the time domain signal recordings e.g., zero-crossing rate (ZCR), linear prediction coefficients (Makhoul, 1975), 
· the frequency domain e.g. pitch (Rabiner et al., 1976), cepstral coefficients (Childers et al., 1967), bandwidth and 
· the time – frequency signal representations (Cohen, 1989; Esmaili et al., 2004) e.g. statistical features (Lambrou et al., 1998) / coefficients extracted from the magnitude spectrogram (Rabiner and Schafer, 1978; Paraskevas et al., 2006). 
The importance of the appropriate signal representation for an efficient feature extraction is illustrated in the following example, where a sound recording consists of two simultaneous sound events. Specifically, the two sound events are: ‘birds croaking’ and ‘waterfall’. Figures 2a, 2b and 2c show the time domain signals of the recordings of: 
· ‘sound of birds croaking’, 
· ‘sound of waterfall’ and 
· the simultaneous occurrence of both sound events i.e. ‘sound of waterfall with birds croaking’, respectively. 
Figures 3a, 3b and 3c show the magnitude spectrogram of the sounds presented in figures 2a, 2b and 2c, respectively. 
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Figure 2a: Time Domain – Sound of Birds Croaking
Figure 2b: Time Domain – Sound of Waterfall
Figure 2c: Time Domain – Sound of Waterfall with Birds Croaking
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Figure 3a: Magnitude Spectrogram – Sound of Birds Croaking 
Figure 3b: Magnitude Spectrogram – Sound of Waterfall 

Figure 3c: Magnitude Spectrogram – Sound of Waterfall with Birds Croaking  

From figure 2c, it is observed that in the case of the simultaneous occurrence of the two sound events i.e. ‘simultaneous sounds of waterfall and of birds croaking’, it is not possible to distinguish from the time domain these two events, whereas, these events are distinguishable from the corresponding magnitude spectrogram (figure 3c). Consequently, for this case, the feature vector should be formed from features extracted from the frequency (magnitude spectrogram) rather than from the time domain of the signal. 
It is known that, for efficient feature extraction, mathematical transforms may be applied to the signal e.g. Fourier transform (Proakis and Manolakis, 1992), Hartley transform (Bracewell, 1986). The feature vectors formed from the features extracted from each recording should present its information content to the classifier in a compact manner. Different kinds of classifiers e.g. distance metric classifiers, neural networks (Kohonen, 2001) etc. can be employed depending on the intrinsic characteristics of the sound classes aiming to classify.  
 The environmental sounds recorded from microphones that are spread to different places of an area, form the sound database. Then, each sound recording is classified / identified via pattern recognition methods. The classified sound recordings are placed to the corresponding location on the sound map thus, forming the soundscape. Therefore, the proposed method may be put in steps as follows:
i. Development of the database of environmental sound recordings.
ii. Features are extracted from the aforementioned sound recordings (sound signals) which will be employed for the classification stage of the sound pattern recognition. 
iii. Classification (coarse / fine) of the environmental sound recordings based on the features extracted from the sound signals in step (ii). 
iv. Development of the soundscape employing the classified sound recordings (sound signals).  
3. Conclusions
The aim of this work is to present a research method which combines the application of sound pattern recognition with the development of soundscapes for areas of ecological interest. The periodic development of soundscapes for the same area is a useful tool for the detection of changes in the ecosystem. Soundscapes can be combined with other sources of information (e.g. territorial morphology), via Geographic Information Systems (GIS) software, in order to develop complete models of areas of interest. 
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