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ABSTRACT are breeding this species and reintroducing it back to its na

The decline in amphibian populations worldwide has beural habitat [3]. The decline in amphibian populations in
come a tangible example of a major environmental concerffuerto Rico and worldwide has driven the need to estab-
due to the fact that amphibian presence has been interpretigh more effective monitoring strategies. Wildlife mamit
as a good indicator of the health of an ecosystem. Consé2d is challenged by issues such as access to remote sites
quently, monitoring is an imperative. In this work, a concep and limited human resources to deal with strenuous tasks.
tual framework for bioacoustical species classificatidiois ~ Automated data recorders (dataloggers) are the most com-
mulated and an instantiation of this framework is presentehon modern monitoring tools to record amphibian calling
in the form of a sensor array processing (SAP) system. Frorctivity. Those programmable units are able to record high
a digital signal processing perspective, the main feamre i quality audio during user preset periods. Even though they
plemented in the instantiated SAP is an application capabiere more versatile that traditional recording units, thayeh
ity, based on Mel-frequency cepstrum coefficients (MFCC)some inherent problems associated such as the ineviyabilit
principal components analysis (PCA), and k-nearest neighpf weekly field visits to download the information on the
bors (k-NN) methods that allows identifying species fromloggers, batteries replacement, and null processing dapab
audio vocalizations recorded by array sensors. Finally, thity. The development of new equipment that avoids constants
processed information is being delivered, through what ha4isits to the field is an imperious necessity. .

been termed a master sensor node (MSN) configuration, tthe work described on this paper, present the implemen-
a versatile service-oriented (VESO) wireless mesh networf@tion of a sensor array processing (SAP) unit built using
(WMN) which is currently being implemented as an instru-Off-the-shelf technology approach. The SAP unit is one the
mentation testbed at the National Jobos Bay Estuarine R&odes of our purposed Versatile Service Oriented Wireless

search Reserve (JBNERR) located on the island of Puertgensor Networks(VESO-MESH) which is being currently
Rico. deployed at Jobos Bay National Estuarine Research Reserve

located on the south of the Puerto Rico’s island. The infras-

1. INTRODUCTION tructure designed has turned in a bioacoustical framework

) . ) where different studies are currently being performed. Our
Nearly one-third (32 %) of the world’s amphibian species arenain objective with this work is the acoustic Environmental
known to be threatened or extinct according to the Globagyryeillance Monitoring (ESM) of species. To achieve this
Amphibian Assessment [1]. Even worse, some estimatiogpjective, we have developed algorithms for automatic-iden

suggests that the current extinction rate of amphibian&icou tification of species and individuals from their vocalizats

be 211 times the background amphibian extinction rate [2}which run in the SAP with the purpose of generating alerts

The process of efficiently monitoring amphibian populationapout the possible presence of a particular specie in a moni-
and correlated changing environmental conditions becomegring process.

imperative in light of the decline in amphibian population

and the implication of anuran disappearance on overall envi

ronmental health. The procedure of finding efficient meth- 2. BACKGROUND AND RELATED WORKS

ods to r_nonitor_ spec_ies and generating_ in\{e_ntories is _b92.1 Wireless Sensor Networks

coming increasingly important as the scientific community

struggles to understand reasons behind amphibian declined/ireless Sensor Networks (WSN) has become extremely
Puerto Rico’s endemic and critically endangered Puerto Ripopular in the last years. In fact, in 2002 an already fa-
can crested toad (Peltophryne lemur) is one example of mous survey was published [4], where possible WSN appli-
specie where a declination in population has occurred andations were presented, besides of factors influencing sen-
recorded. The specie was listed as threatened by the US Fisbr network design and different communication architec-
and Wildlife Service in 1987 (USFWS 1992) and Critically tures. Since then, numerous sensor network applications
Endangered by the International Union for Conservation ohave been proposed in areas such as indoor/outdoor environ-
Nature and Natural Resources. mental monitoring, health and wellness monitoring, power
More than 30 national and international organizations arenonitoring, inventory location monitoring, factory andpr
working to save the Puerto Rican Created toad workingess automation, seismic and structural monitoring, pi@ti
through the Puerto Rican Crested Toad Species Survivalgriculture and military [5]. Many of those applications-em
Plan. The efforts include 22 AZA zoos and aquariums whichploy acoustic sensors as a key part in the sensing process.
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For example, an experimental counter-sniper system called Internet = ‘”.

PinPtr [6] measures the time of arrival of muzzle blasts and e.

shock waves from a shg]: to detect and locate shooters; an |

application called ExScal (Extreme Scale Wireless Sen- L St Devi

sor Networking) provides acoustic intrusion detectiomgsi Master Sensor Node ol ™

multiple sensor and actuators (magnetometer, a microphone |

four passive infrared receivers, a photocell, a soundet, an BIM: Basic Interface Module

feedback LEDs.); an in-home application called LISTSENSe n,,. kth sensor Node @

[7] enables the hearing impaired to be alerted of the audi-  « EV \
N.

Communication Links

ble information in their environment (e.g., smoke alarm and

doorbell); a volcanic monitoring application, let to obser

230 eruptions and other volcanic events in northern Ecuador Neo

(Volcan Reventador) during 19 days in 2006 [8]. Ne, 52 Nt

2.2 Species Discrimination From Their Vocalizations

Many studies for automatically discriminating speciesriro

theirs vocalization have been proposed in recent yearseThe

studies been applied to a wide range of species, including. FRAMEWORK FOR BIOACOUSTICAL SPECIES

farm animals [9], bats, birds [10], and anurans [11]. Birds CLASSIFICATION

have been the preferred target among researchers. Time- ) o

Frequency representation is the usual scenario to extradhe sensor network model depicted in figure 1 correspond
features that allow to obtain a classification of audio samt0 our conceptual representation of our system called Sen-
ples. FFT spectra, spectrograms, Wigner-Ville distriugi ~ SOr Array Processing (SAP). The SAP is based on a central-
(WVDs), Mel-frequecy cepstrum coefficients, and waveletdzed architecture which means there_ is a central or master
are examples of common scenarios for time-frequency regiensor node (MSN) that interacts with lower nodes and it
resentations used in automatic identification operatidns. IS responsible for collecting, processing, and conveymg i
1996, Anderson, Dave, and Margoliash [12] used dynami@ormatlon about the observatory._ A sensor array processing
time warping (DTW) for automatic recognition of birdsong (SAP) system, has three essential elements: 1) a set of sen-
syllables from continuous recordings. In these studiels, sySor signal processing nodes (SSP nodes), 2) a wireless rout-
lables were represented by spectrograms and classificatié# mechanism (WRM), and 3) a Linux-based high perfor-
was performed by matching the spectrograms to predefinégance embedded computing unit (MSN). The sensor signal
prototypes. It was identified that comparisons operationgrocessing (SSP) nodes are a set of wireless, low-cost-acous
such as matrix correlations and pattern matching of spectrdiC signal acquisition, storage, and processing nodestwhic
grams tended to be computationally demanding. They agare responsible for sensing the physical signals of interes
plied these methods to non normalized amplitude vocaliza@nd they include all the acquisition hardware such as analog
tions from two bird species recorded in a low noise environi0 digital converters, audio cards, microphones, etc. &hes
ment, achieving high accuracy. nodes are combined and treate_d as a sensor array unit wlthout
Techniques based on metrics to quantify song similaritghava Prescribed topology and their signal-based acoustic-info
been proposed, as well. Mecllraith and Card 1997 [13]mation is agg_regated throggh a wireless routing mechanism
conducted research on the recognition of songs of six bir/VRM) to a Linux-based high-performance embedded com-
species. In their method, the bird songs were representdting unit, called a master sensor node (MSN), for further
with spectral and temporal parameters of the songs. The{@w data processing and information representation. b thi
reduced the complexity of the search space by selecting fe8anner, a sensor array processing system or SAPs, each with
tures exhibiting the greatest discrimination. They thesdiss  itS Own master sensor node unit, may be looked as a node
neural network for classifying the bird songs. Selouani.et a Of a complete system forming a Versatile Service-Oriented
[14] improved the neural network approach by add|ng a feedere.IeS.S MeSh.N.etwork for Dlsast.er Relief & Environmental
back |Oop to a mu't”ayer perceptron (MLP) network. Most M0n|t0r|ng, a.S IS |”UStrated N the f|gure 2. Note that, S’aWe
techniques similar to the one used by Mcllraith and Card ar&AP can be included as nodes connected through the MSN,
derived from human Speech recognition techniques_ to form part of a “Wireless B_Ubble”. The “V_V”'eless bubble” )
Under noisy environmental conditions, the actual conditio could be connected to the internet if an internet access is
encountered when performing field recordings, it has beefvailable through at least one internet gateway. A veesatil
demonstrated that hidden Markov models (HMM) are usuService-oriented (VESO) wireless mesh network architectu
ally more efficient than knowledge-based recognition meth@ims to integrate distributed processes and storage device
ods. Trifa, Kirschel and Taylor [15] were able to distinduis into the network so as to provide effective data process and
songs from 5 species of antbirds that share a common terfccess inside the network, construct high-throughput-back
tory in a rainforest environment in Mexico using HVIM tech- bone in Wireless Mesh Networks (WMN) emphasizing the
niques. Their experiments show that, with noisy recordingstransmission of a larger volume of data, and design and im-
performance was lower but generally exceeding 90%. Othdlement a set of service-oriented protocols to efficientty p
techniques explored include data-mining[16] , supportaec \(lde services to users |nS|dQ the network and effectivatly ut
machine [17], machine learning [18], and image processin§ze the network resources in terms of energy, processing,

Figure 1: Sensor Array Processing (SAP) Concept

[19]. Storage, etc. It also expected that can be quickly built to re
spond to natural disaster, establishes a data intensiu@env
Lhttp://cast.cse.ohio-state.edu/exscal/ mental monitoring application specifically addressingriaur
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frastructure mode wireless networking. To join the WLAN,
the AP and all wireless clients must be configured to use the
same SSID. The EnGenius EOC-8610 is a waterproof Ac-
cess Point designed for outdoor conditions which was used
in the testbed.

The master sensor node (MSN) unit selected is an embedded
PC in mini-ITX form factor from AOpef", model number
i945GMt-FSA. The motherboard is equipped as follows:

CPU: 2.00GHz Intel R Core 2 Duo T7200.

Memory: Transcend 2GB So-DIMM DDRII 667MHz.
Hard disk: Hitachi Travelstar 200GB 7200RPM SATA.
OS: Linux Fedora core 11
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A s Time synchronization between nodes and MSN is

o achieved using NTP service. NTP server is running in MSN.

o Userm Periodically, each SSP node queries to MSN for time syn-

chronization. MSN answers with the actual time information

which is used by the SSP node to correct its local time. Two

shell scripts running from the master sensor node (MSN)
Figure 2: VESO Wireless Mesh Network Concept coordinate audio transferences from each SSP node to the
MSN. The first script copies the audio files from a SSP node
to the MSN using SSH commands, and the second script

canes and earthquakes. deletes the transferred file from the origin (SSP node) ® fre
storage space in the SSP.
4. |IMPLEMENTATION RESULTS The SAP testbed is solar powered. The system useS 24
] 216W solar panel and 2 batteries that provideégzdand stor-
4.1 Equipment age the electrical charge of the system. An inverter trans-

This section provides information about the implementatio form the 24/pc output to 120VAC. The Master Sensor Node
results pertaining to the SAP framework. A description of(MSN) is equipped with a real time clock, and a BIOS system
the SAP configuration follows. Each SSP node consists df1at allows turning on the MSN according to the programmed
an assembly of three Gumst¥% boards. Gumsti?* offers  In the BIOS system. Monitoring process is performed during
ARM based mini board computers with several expansiofome time period of the day, so the MSN can be kept turn
boards, which can be put together in a single package, aff during some periods to avoid the power consumption and
tached using the expansion bus included in all the board®reserving the charge of the batteries.

The core of a SSP node is the gumstix verdex XL6P board

which contains a processor Marvell PXA270 with XSc¢#le 4.2 Algorithms For Automatic Species Identification
running at 600 Mhz with a memory of 128MB RAM and From Their Vocalizations

32MB Flash. The assembly was completed with two ads

ditional boards: the audiostix2 board which provides USBVSN Processing capacities is not a limitation to develop
applications for automatic species identification fromiaud

client support and sound card for audio recording and pla ecordings. In fact, a Matlab application is created with th
ing; and the netwifimicroSD FCC card which brings Ethernef gs. ’ D appli ! -
purpose to generate alerts indicating a possible singirey of

and 802.11 connectivity and storage through a microSD port; | = | . he obiective | btain inf id
Each SSP is kept inside a Pelican enclosure for protectio'f’lartlcu ar specie. The objective is to obtain informatidn o

against water, sun and environment. The verdex XL6P boarﬁva'l""ble species in real time. Our work pipeline can be di-

contains an ARM based microprocessor and enough meny.d€d in 5 different modules. They are: signal preprocagsin
ory to run a Linux Open Embedded distribution on it. Thesegmentatmn, feature extraction, training and classifica

Linux operative system allows using the device as a small . ]
computer with full functionality. The linux shell can be ac- 4-2.1 Signal preprocessing

cessed through either a serial port or the network using SShine quality of the captured audio by recorders in the field is
which is a common network protocol for remote administra-4t 45 good as the records obtained in laboratory controlled

tion of Unix/Linux computers. The linux shell allows using a ¢ongitions. The quality of the records is degraded by sévera
feature known as crontable or cronjob to schedule programs.asons as:

or services to run, allowing setup a time table to indicaée th ) o

date and time where the recordings are executed. A smalP The quality of the captured audio is lower because the
script is created to setup the audio card mixer, input levels ~ SyStém uses a omni-directional microphone. In an au-
audio format, frequency sampling, number of bits, number ~fOnomous system, Omni-directional microphones must
of channels and filename of the recording which is adjusted P& used because there is not a user to move the micro-
according to the current date and time of the recording. phone in the direction of the sound origin.

The protocol 802.11g was chose as communication proto-® Environmental fa_ctors such as wind and rain introduces
col and the infrastructure mode was selected. In the infras- low frequency noises.

tructure mode, devices communicate with each other com-e The Blur effect caused by multi-path and echoes.
municate through a central place which is known as Accesse The distance from the sound source to the recorder has
Point (AP). A wireless access point (AP) is required for in-  an effect on the amplitude of the signal.
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e The object of interest is frequently recorded togethetinually updated the thresholds levels.
with unwanted sound sources such as insects, or anim&nergy levels in the frames can be corrupted by temporal
crowds. variations of the level signal causing violation of the gire

Noise reduction is indispensable because the performance 8dS 1eVvels in an unexpected way. For that reason, merging is
a classifier dealing with a low SNR ratio audio is poor, butaPP!ied between groups of segments categorized as sglable

there is not a universal solution to solve the problem. LineaVNiCh aré close, according to factors such as the minimum
nd maximum syllable duration. Finally, a vocalization is

adaptive filters is used to perform noise reduction. The maif? idered finished when th lizati d
objective of adaptive filtering is to improve the quality of a cONSIdered finished when the vocalizalion exceeds a param-

signal according to an acceptable criterion of performanc@ter determining the maximum duration of the vocalization

using optimum and statistical signal processing techique?! If @n inter-syllable gap is prolongating more than the ex-

that can modify the parameters (coefficients) of a filtermtyri PECted inter-syliable gap duration.

normal operation (usually in real time) without any interve

tion from the user. The LMS algorithm or other algorithms4.2.3 Feature Extraction

like Recursive-Least-Square (RLS) can be applied to solve

the noise cancellation problem. The purpose of an adaptivd our framework, features are the set of numbers taken from
noise canceler is to subtract noise from a received sigraai in the data or their transformations that characterize a-sylla
adaptively controlled manner to improve the signal-toseoi Ple. Relevant information from the data is obtained by per-
ratio. The signal of interes{n) is corrupted by uncorrelated forming a time-frequency domain analysis tool known as
additive noisev;(n), and the combined signa(n) + va(n) the Mel-frequency cepstrum (MFC). The calculation of Mel-
provides what is known as primary signal. A second referfrequency cepstral coefficients (MFCCs) starts with the dis
ence signal represented fay(n), is a signal modeling noise section of a signal into frames of 256 pointa which are over-
that is uncorrelated with the signs(n) but correlated with 1apped 50%. Each frame is pre-emphasized using a Ham-
the noisevi(n). The adaptive noise canceler consists of ariMing window, and then a Discrete Fourier Transform (DFT)
adaptive filter that operate in the reference signal output tiS executed. Each one of the Fourier coefficients is squared
produce an estimate of the noigén) ~ vi(n),by exploit- and the result is filtered by a set of 27 Mel-scaled triangular
ing the correlation between (n) andva(n), to be subtracted filters. Lat_er, a Dlsc_:rete Cosine Transform (D_CT) is exedute
from the primary input. Here, the assumption that the sigiransforming the signal to the cepstral domain. From the 27
nalss(n), vi(n), andvz(n) are jointly wide-sense stationary coefficients, only the first 12 coefficients are hold, because
with zero mean values is done. Models of the noise are oghey enclose most of the spectral information. Actuallf; di
tained and classified from audio samples that contain onl{erent authors have revealed that the effect of increasieg t

perturbing noise at different time periods and under differ Number of MFCCs on vowel classification performance is
environmental conditions. negligible [21]. To finish, a liftering process is accompksl

resulting in a smoother signal. The outcome of the preced-
4292 Segmentation ing operation is a 12 x N feature matrix, where N represents
e 9 the number of overlapping frames that can be prearranged
In the segmentation, raw data is divided into smaller signifin the signal corresponding to the syllable. The informatio
icant objects. Here, those smaller significant objectstae t enclosed in the feature matrix is vastly redundant. Hence, a
syllables which can be defined as the sound produced by R¥incipal Component Analysis (PCA) is performed with the
frog or bird with a single blow of the air from the lungs. intention of reducing the dimensionality of the feature ma-
Syllables, can be also though as the minimum meaningfufix. After performing the PCA in this set of data, interpnet
unit in a vocalization. the feature extraction is propeny a the feature matrix as a group of 12 vectors of dimension N,
plied over each one of the segmented syllables to obtain &€ Will get N eigenvectors. To reduce dimensionality, only
particular vector that represents the syllable. The systenthe first 3 of the eigenvectors are chosen. Latterly, a mafrix
that are designed for classifying audio signals usuallg tak12 x 3 elements is achieved which is reorganized as a single
segmented audios as initial input because usually it is ea¥ector of 36 dimensions. One bonus benefit of the method is
ier to build analysis and classification systems for segatent that any syllable is represented by a vector with always the
objects than for raw data. The segmentation implies a resame dimension independently of the length of the syllable.
duction of data and also calculations to be performed in the
afterward stages of the identification process. The segmen-5 4 Training
tation stage, presented here, advocates for a segmerétion
the vocalization in syllables in an automatically manner. A subset of the total available data is employed as training
The segmentation of the syllables is based on obtaining emlata. A set of training samples representative of their re-
ergy function in overlapping frames of audio data and a timespective classes is required in order to train the network to
domain analysis similar to the one proposed by Fagerlungerform the pattern recognition on samples not necessarily
[20]. Maximum Energy of the piece of audio being pro- present in the training set. Each processed syllable pesduc
cessed, is used to establish the initial threshold. Thesliire a feature vector with an associated known class which gener-
old is a value used to separate a sound caused by specie (ates a knowledge base to characterize each one of the classes
belongs to a syllable) from another caused by background simple interface developed in Matlab was created to add
noise. The main idea of the algorithm is consider a grougraining data in a Postgre$ database which contain be-
of consecutive frames with a energy value over the thresholsides the information about the feature vector and theetass
value as a syllable. In case, the energy value of the segmewhich each syllable belongs to, information about the file,
is lower than the threshold, it could be considered as nois¢he sensor, the MSN, and additional features not selected as
the vale of the energy of the noise segments are used to copart of the feature vector which can be useful in data aralysi
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4.2.5 Classification

The k-nearest neighbor algorithm (k-NN) is selected as clas
sification method. K-nearest neighbor is a supervised learn
ing algorithm where the result of new instance query is clas-
sified based on majority of k-nearest neighbor category. Thel9]
purpose of this algorithm is to classify a new object based
on attributes and training samples. The classifiers do ret us
any model to fit and only based on memory. Given a query10]

point, we find k number of objects or (training points) cldses
to the query point. The classification is using majority vote

among the classification of the k objects. Classification is
done based on the distance measure between the test syllaple

feature vector and the model feature vectors. In our case, t
distance or similarity between instances is determinedhéy t
euclidean distance and k is set equal to 3.

5. CONCLUSIONS

We explored a novel framework for the environmental

surveillance monitoring based on a Sensor Array Process-
ing (SAP) module which can be deployed as part of a Versa-
tile Service-Oriented Wireless Mesh Network. Implemen-[l3]

tation is carried on using off-the-shelf components which

are able to provide low cost, moderate power consumption

and medium computational capacities. The setup is cuyrentl

tested on Jobos Bay National Estuarine Research Reserve
cated on the southern Puerto Rico island.

A major contribution of this work are our algorithms to au-
tomatically identify species from the recorded audio in the
field by the SAP Unit. SAP capacity allow that the process-

ing can be carried on the device which is located in the field,
letting to be integrated to our VESO wireless mesh network[15]
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