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Abstract: Kenya's rich biodiversity faces a number of threats including human
encroachment, poaching and climate change. Since Kenya is a developing country,
there is need to manage the sometimes competing interests of development, such as
infrastructure development, and conservation. To achieve this, tools to effectively
monitor the state of Kenya's various ecosystems are essential. In this paper we
propose a biodiversity monitoring software tool that integrates acoustic indices of
biodiversity, recognition of species of interest based on their vocalizations and
acoustic census. This tool can be used by non-experts to determine the current state
of their ecosystems by monitoring the state of bird species that serve as indicator
taxa and whose abundance is related to the abundance of other terrestrial vertebrates
including the “big five”. The tool we propose exploits state-of-the art advances in
signal processing and machine learning to perform biodiversity monitoring, bird
species detection and census in a joint framework. Using publicly available data we
demonstrate how current acoustic indices of biodiversity can be improved by
incorporating machine learning based audio segmentation algorithms. We also show
how open source toolkits can be used to build bird species recognition systems. Code
to reproduce the experiments in this paper is available on Github at
https://github.com/ciiram/BirdPy.

Keywords: Biodiversity, conservation, bird species recognition, open source
software

1. Introduction

Biodiversity monitoring is important in determining the state of our environment and in
guiding the use of scarce resources for conservation [1]. Traditional approaches to
biodiversity monitoring involve the use of skilled experts with the ability to capture and
determine the species present in an area (see for example [2]). This manual cataloguing is
tiresome and can often only be applied in certain areas, often those already identified as
suffering acute biodiversity loss. This has motivated efforts to develop effective methods to
perform rapid biodiversity assessment (RBA) [3]. These include the selection of indicator
taxa that are representative of species richness in a given area for sampling. The
disadvantage of these methods is that they are invasive and still involve a huge amount of
effort to sample the indicator taxa.

Since a large number of species produce vocalizations, recordings of these vocalizations
can in principle be used to perform biodiversity assessment in a non intrusive and automatic
way particularly when these vocalizations are produced by indicator taxa. A number of bird
species serve as good indicator taxa which can be used to monitor the state of other
terrestrial vertebrates in the same ecosystem [4]. Birds have the advantage of being easier to
monitor than larger terrestrial vertebrates since even when they cannot be seen their
vocalizations indicate their presence.

Sueur et al. [5] proposed the use of acoustic indices computed from recordings taken in
the wild to perform biodiversity assessment. It has been observed that these acoustic
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measures are correlated to observed species richness [6]. In addition to biodiversity
assessment, acoustic recordings can be used to identify the species responsible for the
vocalizations present in the recording. A number of authors have used acoustic recordings
to identify bird species [7, 8]. These approaches borrow from the well developed literature
on speaker recognition using speech recordings and apply it to recordings of bird calls and
songs. These systems derive features from the audio signal and use these features to
identify the species in the recording. These features are often derived from the Short Time
Fourier Transform (STFT) of the signal and include Mel frequency cepstral coefficients
(MFCCs) which are popular in speaker recognition [9].

In order to train the classifiers, labelled training data is used and a number of such
datasets are now freely available. For example, a recent bird species identification
competition used data recorded in the H. J. Andrews Long-Term Experimental Research
Forest in Oregon and contained recordings of 19 bird species [10]. A number of
classification techniques are reviewed in [9] with most relying on hand crafted features
derived from the audio signal. In the recent past, feature learning has been a key research
area in machine learning. Feature learning involves the unsupervised extraction of relevant
features directly from data and then using these features for classification. This approach
has been successfully applied in audio classification and computer vision [11]. In recent
work, an unsupervised feature learning method based on spherical k-means was applied to
bird song recognition [8].

In addition to recognition of species present in audio recordings, a successful
biodiversity monitoring tool needs to determine the number of animals. To do this, we can
adapt technology developed for speaker diarization [12, 13]. This technology segments an
audio recording according to ‘who spoke when'. Given a recording of a meeting with
several participants, speaker diarization systems segment the recording according to the
speakers. In principle these systems can determine the number of speakers present in a
recording. A number of approaches have been used to solve the clustering problem but the
most successful are based on Gaussian Mixture Models (GMMs) with the number of
clusters/speakers determined via the Bayesian information criterion (BIC). A significant
recent advance was the use of i-vector features obtained from the audio recording as the
input to clustering algorithm instead of traditional MFCC features [14]. An initial attempt at
applying this technology to conduct census of bird species is reported in [15].

While significant progress has been made in automated biodiversity assessment and
bird species identification, significant challenges remain. Firstly, current algorithms are
susceptible to environmental noise and efforts to improve noise robustness are necessary.
Secondly, the sampling of the species is sparse, for example comprehensive datasets for
African bird species are lacking. This is particularly important since the tropics contain
several endemic bird species. Finally, there is need to develop methods that scale with
increase in data to allow us to deal with large datasets.

In this work we propose the use of acoustic indices of biodiversity in biodiversity
monitoring by local citizens with the aim of empowering individuals to track the state of
their ecosystems. Focussing on bird species which serve as indicator taxa [4], we show that
traditional acoustic indices of biodiversity can be improved by segmenting the audio signal
such that only areas with signals of interest are considered. We propose to create a system
that incorporates acoustics indices, bird species identification and automatic census to
achieve robust biodiversity monitoring. We also propose to integrate these systems with
mobile technology to allow individuals without expert knowledge to perform biodiversity
monitoring.

2. Objectives

The main objectives of this work are:
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1. To design a mobile based software tool capable of biodiversity monitoring that
incorporates traditional acoustic indices of biodiversity, automatic recognition of
indicator taxa, in particular bird species and automatic methods of counting the number
of vocalizing species given an audio recording.

2. To improve the performance of traditional acoustic indices of biodiversity by
determining the sections of the audio signal containing vocalizations of interest.

3. To improve wildlife conservation efforts by developing technologies that allow non-
experts to assess the state of their natural environment and determine when
interventions are necessary.

3. Methodology
3.1  Acoustic Biodiversity Monitoring

In work by Sueur et al [5] it was shown that species abundance can be estimated in a non-
invasive way by using acoustic indices. The main idea is that if we can determine the
uncertainty associated with an audio recording, we can estimate the number of different
species producing vocalizations in the recording. These indices are computed from
sampled versions of the audio signal and the corresponding short time Fourier transforms
(STFT). In information theory, the uncertainty associated with a random variable is given
by its entropy. For a discrete random variable X drawn from an alphabet x with probability
mass function (p.m.f) p{x) = PriX = x},x € g, its entropy is given by [16]

B == ) p()los(#(x))

When the logarithm is to the base 2, the entropy is measured in bits. The greater the
entropy, the greater the uncertainty associated with the random variable. The entropy is
bounded between zero and the logarithm of the cardinality of the set from which the
random variables are drawn i.e. @ = H{X) = log |x|. For example, for a binary random
variable drawn from the set ¥ = {0,1}, the entropy is bounded between zero and 1 bit.

To compute the uncertainty associated with the sampled audio signal s[n], we first
compute the analytic signal of s[n] given by @[n] = #{n] + ts.[1] where 1* = -1 and
£ [1] is the Hilbert transform of the s[n]. We then determine the probability mass function
of the temporal envelope P.[1] as

| []|

Felrl = 5ol

where L is the length of the audio signal in samples. The temporal entropy is then given by
1 L
H, = —EZP;:[H] log, P.[n]
n=

The factorﬁ normalizes the temporal entropy to lie in the interval [0,1].
To compute the spectral entropy, we first compute the STFT of the audio signal using
non-overlapping windows of size N, the mean spectral envelope is then determined and

used to compute the spectral probability mass function. The spectral entropy = is then
computed in a manner similar to the temporal entropy. Finally, the acoustic entropy index

H s the product of the temporal entropy and the spectral entropy i.e. ¥ =&z 2 He |t was
shown in [6, 5] that these acoustic indices are correlated with species abundance and can be
used for biodiversity assessment.
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To improve the performance of the acoustic entropy index, we explored the
segmentation of the audio signal into regions with and without vocalizations of interest. To
test this we used the publicly available data released as part of the bird species recognition
competition organised by the Machine Learning for Signal Processing (MLSP) workshop in
2013. These recordings were obtained in the H. J. Andrews Long-Term Experimental
Research Forest in Oregon and contained recordings of 19 bird species (HJA dataset). Each
of the recordings is 10 seconds long and contains vocalizations of up to six species. The
recordings are sampled at 16 kHz with 16 bits used to represent each sample. To compute
the spectral entropy a non-overlapping window size of 512 samples is used which
corresponds to 32ms. In addition the audio signal are divided in regions with and without
bird sounds using a random forest classifier to classify pixels of the spectrogram of each
recoding into bird and not bird sounds [7]. We use this segmentation to determine regions
of the audio recording that are dominated by bird sounds.

3.2 Bird Species Recognition

In this work we consider the automatic recognition of bird species based on audio
recordings of their vocalizations. Most solutions to this problem consist of the following
steps which are common to most classification problems in machine learning 1) feature
extraction, 2) modelling and 3) classification. Appropriate features that are suitable for bird
species recognition must be obtained from the raw audio recording. In this work we use
Mel frequency cepstral coefficients (MFCCs) that are popular in speech processing
applications. A number of authors have applied these features to bird species recognition
with good results [17, 15].

The system we employ is based on the same Universal Background Model (UBM)-
Gaussian Mixture Model (GMM) framework used in [17]. Here a UBM with 32 mixture
components is trained using 19 dimensional MFCCs obtained from all files with multiple
species in the HJA data set. Of the 645 recordings, 82 are recordings of single species. That
leaves 563 files to train the UBM. Only frames that correspond to bird sounds are used to
train the models. We use the open toolkit Bob [18] to compute the MFCCs and train the
GMMs using K-means initialized expectation maximization. Bob is a versatile tool written
in Python with underlying C++ implementation of key machine learning algorithms for
speed. In this work we use Bob for all feature extraction, modelling and classification steps.

Once the UBM s trained, MFCCs from the individual species files are used to adapt
this model via maximum a posteriori (MAP) estimation to obtain individual species models.
Due to the limited amount of data we focus on 5 of the 19 species which have more than 7
single species recording each. The corresponding species IDs in the data set are 1, 6, 9, 10
and 18. For each species, 5 recordings are used to train the species specific GMM model.

For classification, MFCCs are obtained from the test recording and the corresponding
species estimate is obtained by maximum likelihood. There are a total of 24 test recordings
with between 2 and 7 per species.

3.3 Audio Diarization

Speaker diarization systems aim to assign segments of speech in an audio recording to the
speakers that produced them. That is to solve the ‘who spoke when’ problem. These
systems must segment the recording into regions with single speakers and then cluster these
segments such that each cluster corresponds to one speaker. The most successful systems
are based on agglomerative clustering where initially each segment is assigned an
individual cluster. Clusters are then merged so that at the end only one cluster remains per
speaker.

Copyright © 2015 The authors www.IST-Africa.org/Conference2015 Page 4 of 8



https://www.researchgate.net/publication/224150473_Acoustic_front-end_optimization_for_bird_species_recognition?el=1_x_8&enrichId=rgreq-75f77b15-d3e8-4585-878d-91eddfae24a0&enrichSource=Y292ZXJQYWdlOzI3NjA2MTgwMjtBUzoyMjgwMTc2MjAzODU3OTJAMTQzMTM3NTA0NTQ5Ng==
https://www.researchgate.net/publication/224150473_Acoustic_front-end_optimization_for_bird_species_recognition?el=1_x_8&enrichId=rgreq-75f77b15-d3e8-4585-878d-91eddfae24a0&enrichSource=Y292ZXJQYWdlOzI3NjA2MTgwMjtBUzoyMjgwMTc2MjAzODU3OTJAMTQzMTM3NTA0NTQ5Ng==
https://www.researchgate.net/publication/230775877_Bob_a_free_signal_processing_and_machine_learning_toolbox_for_researchers?el=1_x_8&enrichId=rgreq-75f77b15-d3e8-4585-878d-91eddfae24a0&enrichSource=Y292ZXJQYWdlOzI3NjA2MTgwMjtBUzoyMjgwMTc2MjAzODU3OTJAMTQzMTM3NTA0NTQ5Ng==

The system we propose here would incorporate an audio diarization system that would
cluster segments according to the bird species that produced them in a straight forward
extension of speaker diarization systems.

4. Technology Description

One of the aims of this work is to provide technology capable of biodiversity monitoring
that can be used by non-experts. It is recognised that several biodiversity hotspots lie
outside protected areas such as game reserves and it is therefore important to empower
citizens with the tools to monitor their ecosystems, some of which are home to endangered
species. For example the Hinde's Babbler is common in farm lands in Central Kenya [19].

The current generation of smart phones come with audio recording equipment and this
together with their portability makes them ideal for acoustic biodiversity monitoring.

We envision that as prices of these devices continue to fall, they will become as
common as feature phones and can be widely used even in rural communities.

The system illustrated in the schematic shown in Figure 1 consists of a smart phone
loaded with appropriate software to process the audio signals in order to come up with
estimates of species abundance. In this paper we examine the software that would be loaded
on these smart phones. Future work will aim at creating a user friendly smart phone
application that runs all this software. This will allow non-experts to use these systems with
little or no training.

Acouslic
Biodiversily
Moniloring

Bird
Speries
Recognilion

Audio
Based

&) Birds in natural B Bird vocalizalions Cenzus
environment recorded and processed

Figure 1 Schematic diagram illustrating the proposed technology.
Birds serving as indicator taxa in their natural environment produce vocalizations (A)
which are recorded and processed using appropriate software installed on a smart phone or computer (B)

5. Results
5.1 Acoustic Biodiversity Monitoring

For the proposed acoustic biodiversity monitoring technology to work well in real life
environments, it is important to be able to segment audio signals into regions that contain
and do not contain signals of interest. To do this, we determined the acoustic entropy index
of the 179 recordings in the HJA dataset for which the number of species in the recording is
available. We then determined the correlation of this acoustic index and the number of
species present in the recording. Each recording has between one and six species.

The segmentation algorithm works by computing the spectrogram of the audio and
treating it as an image. This spectrogram is computed using a window of 512 samples with
75% overlap between segments. Using 20 hand segmented recordings, a random forest
classifier is trained to classify the spectrogram pixels as either bird or non-bird sound.
Figure 2 shows the results of the segmentation algorithm on one of the files. From the
frequency domain plot we see that regions containing bird sounds can be clearly seen.
Moreover most of these regions are correctly classified as bird sound by the random forest
classifier as seen on the top right panel of Figure 2.
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This segmentation was applied to all the recordings in the HJA dataset and the acoustic
entropy index computed for both the segmented and unsegmented audio files. Figure 3
shows a scatter plot of the acoustic entropy index H versus number of species present in the
recording with and without segmentation. We also compute the mean acoustic entropy
index for each number of species present. We see that with segmentation, the linear
relationship between H and the number of species is more apparent. In fact when we
compute the Pearson correlation coefficient between H and the number of species present in
the recording for both cases we find that it is 0.89 when segmentation is applied and 0.17
without segmentation. This result clearly shows that for this technology to be useful, we
must find the regions of the audio signal that contain vocalizations of the species of interest.

5.2 Bird Species Recognition

Using the species models trained as described in section 3.2, we examined the bird species
classification performance for both individual audio frames and entire recordings. On the
training data the frame classification accuracy was 90% while on the test data the
performance decreased to just 37%. For the entire recordings, the classification accuracy
was 68% on the training data and 50% on the test data. Code to reproduce these
experiments is available on Github (https://github.com/ciiram/BirdPy).

The main reason for this low classification accuracy on the test data is likely to be lack
of adequate training data to learn good species models. Since we use just five recordings
per species each lasting 10s and with bird vocalizations for only a tiny fraction of the
duration, the total number of frames per species is low (see Figure 2).
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Figure 2: Spectrograms and time domain plots of the audio signal.
The panels on the right show the results of the segmentation algorithm.
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Figure 3: Scatter plot of the acoustic entropy versus the number of species with and without segmentation.
The segmentation determines which sections of the audio signal correspond to bird calls.

6. Business Benefits

Technological solutions which allow us to monitor the state of our natural environment are
necessary if developing countries are to industrialize in a sustainable manner. In addition,
with greater awareness environmental resources can be exploited in a sustainable manner
with the additional benefit of income generation.

Here we propose the use of mobile technology to monitor biodiversity in a non-invasive
way using acoustic indices. We also propose a system which will be able to determine the
abundance of bird species that serve as indicator taxa in biodiversity assessment. This work
is likely to yield a number of financial benefits.

Firstly, with tools capable of identifying bird species, non-experts can determine if
endangered species and other species of interest are present in their area. This information
can be used to promote avi-tourism among both local and foreign tourists and this can serve
as a lucrative source of income. Avi-tourism is one of the fastest growing tourism sub-
sectors and attracts high end tourists. In addition, jobs for locals to act as guides will be
created [20].

Secondly, one of the benefits of the introduction of a tool for biodiversity monitoring is
that it would encourage farming practices that are environmentally sustainable. If farmers
market the fact that they grow their crops using such sustainable practices they would
attract higher prices especially among urban consumers.

To achieve these benefits, significant research work still remains to be done. We must
collect sufficient training data of acoustic recordings of Kenyan bird species and develop
reliable methods of bird species recognition. However, the preliminary results presented in
this paper are encouraging.

7. Conclusions

In this work we have proposed an acoustic biodiversity monitoring tool that combines
traditional acoustic indices of biodiversity, bird species recognition and audio diarization.
We focus on bird species because they serve as indicator taxa and are present in most
habitats. Furthermore even when birds cannot be seen they produce vocalizations which
indicate their presence.

We demonstrate the performance of acoustic biodiversity indices and bird species
recognition algorithms using a freely available data set recorded in the H. J. Andrews Long-
Term Experimental Research Forest in Oregon which contains recordings of 19 bird
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species. The bird species recognition models in this work are based on the UBM-GMM
framework and are built using open source tools.

Future work will involve collecting sufficient data from appropriate areas in Kenya and
using these data to train models for local bird species. We will also adapt the system so that
it can run on a smart phone in reasonable time.
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