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Abstract—A monitoring network for biodiversity change is 
essential for wildlife conservation. In recent years, many 
soundscape monitoring projects have been carried out to 
investigate the diversity of vocalizing animals. However, the 
acoustic-based biodiversity assessment remains challenging due 
to the lack of sufficient recognition database and the inability to 
disentangle mixed sound sources. Since 2014, an Asian 
Soundscape monitoring project has been initiated in Taiwan. So 
far, there are 15 recording sites in Taiwan and three sites in 
Southeast Asia, with more than 20,000 hours of recordings 
archived in the Asian Soundscape. In this study, we employed the 
visualization of long-duration recordings, blind source separation, 
and clustering techniques, to investigate the spatio-temporal 
variations of forest biodiversity in the Triangle Mountain, 
Lienhuachih, and Taipingshan. On the basis of blind source 
separation, biological sounds, with prominent diurnal occurrence 
pattern, can be separated from the environmental sounds without 
any recognition database. Thus, clusters of biological sounds can 
be effectively identified and employed to measure the daily 
change in bioacoustic diversity. Our results show that the 
bioacoustic diversity was higher in the evergreen broad-leaved 
forest. However, the seasonal variation in bioacoustic diversity 
was most evident in the high elevation coniferous forest. This 
study demonstrates that a suitable integration of machine 
learning and ecoacoustics can facilitate the evaluation of 
biodiversity changes. In addition to biological activities, we can 
also measure the environmental variability from soundscape 
information. In the future, the Asian Soundscape will not only 
serve as an open database for soundscape recordings, but also 
will provide tools for analyzing the interactions between 
biodiversity, environment, and human activities. 
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I.  INTRODUCTION 
Information on biodiversity change is essential for 

conservation and wildlife management. However, field surveys 
of biodiversity are time-consuming, requiring a significant 
amount of resources. In recent decades, numerous automatic 
sensing techniques have been developed to facilitate field 
observation in remote areas [1]. Satellite remote sensing has 
been employed to investigate changes in land cover and use 
over time [2]. Camera traps have also been applied to 
investigate the behavioral pattern of wildlife in remote areas [3]. 
Although these sensing techniques have considerably reduced 

the difficulty in studying large-scale assemblage-environment 
relationships, it continues to be difficult to investigate the 
changes in animal community on a daily basis.  

Passive acoustic monitoring has been widely employed to 
study the occurrence and behavior of vocalizing animals, such 
as birds, bats, fish, and whales [4]–[7]. By deploying an 
autonomous sound recorder, it is possible to record various 
animal vocalizations, investigating the dynamics of species 
diversity in remote forests or deep waters. In addition to 
biological sounds, a sound recorder can also collect 
environmental and anthropogenic sounds, which are the 
essential components for the soundscape [8], [9]. Therefore, the 
soundscape can be considered as an acoustic sensing 
information for us to explore and investigate the interactions 
among the habitat environment, biodiversity, and human 
development.  

Many soundscape monitoring networks have been 
established in recent years, such as Soundscape Ecology 
Research Projects (http://centerforglobalsoundscapes.org/ 
pumilio-sites) [8], Cyberforest (http://global.pioneer/en/ 
crdl_design/soundlab/cyberforest) [10], and Listening to the 
deep ocean (http://listentothedeep.com/acoustics) [11]. 
Although a soundscape monitoring network appears to be a 
promising solution for biodiversity assessment, the data 
analysis remains challenging because all the data collected by 
autonomous recorders are without corresponding labels. More 
specifically, there is no information available on the species of 
vocalizing animals corresponding to the sounds in a recording 
for analyzing biodiversity. In practice, it is nearly impossible to 
manually label all vocalizing animals from the enormous 
amount of field recordings. To facilitate data analysis, many 
researchers have developed rule-based detectors and supervised 
classification algorithms to help identify target species [12]–
[15]. However, the automatic detection and classification 
performances highly depend on the signal-to-noise ratio of 
field recordings and the amount of training data [16]. At 
present, a comprehensive acoustic library for identifying 
wildlife is not available. Therefore, previous bioacoustics 
studies can only focus on a limited number of target species, 
instead of the entire community of vocalizing animals.  

To study the entire community of vocalizing animals, 
researchers have developed several ecoacoustics indices to 
quantify field recordings. Although each ecoacoustics index 
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has its unique formulation, all the indices share the same 
concept: evaluating the variation in biological activities by 
measuring the spectral and temporal complexities [17]–[19]. 
However, field recordings are influenced by simultaneous 
sound sources, e.g., weather noise, traffic noise, and 
construction noise. Without proper denoising, the acoustic-
based biodiversity assessment may be biased by the presence 
of environmental and anthropogenic sounds.  

In this study, we sought to address the potential application 
of computing biodiversity change by using long-duration field 
recordings. To establish a long-term soundscape monitoring 
network, challenges such as the establishment of recording 
sites, management of big data, and the analysis of soundscape 
information must be overcome. Therefore, we (1) outlined the 
architecture of the Asian Soundscape with its autonomous 
recording systems and open data platform, (2) demonstrated 
the analysis of bioacoustic diversity in three forests at different 
altitudes, (3) discussed the significance and challenges 
associated with using soundscape information in biodiversity 
monitoring. 

II. METHODS 

A. Asian Soundscape Monitoring Network 
In Taiwan, a soundscape monitoring network has been 

established by the Taiwan Forestry Research Institute and the 
Research Center for Information Technology Innovation, 
Academia Sinica. Long-duration field recordings were 
acquired by using Song Meter SM2+ and SM4 acoustic 
recorders (Wildlife Acoustics, Inc., Maynard, MA). Song 
Meter recorders are compact weatherproof recorders, equipped 
with two microphones. The built-in microphones for SM2+ and 
SM4 are slightly different in sensitivity (−33.5 and −36 dB re 1 
V/Pa for SM2+ and SM4, respectively). However, both of 
them perform well in the frequency range of 100 Hz to 10 kHz. 
We deployed SM2+ and SM4 recorders in urban parks, 
terraces, wetlands, and forests to monitor the soundscape in 
different habitat environments (Fig. 1). Each recorder was 
scheduled to run a 5-minute recording, with 44.1 kHz sampling 
frequency in two channels, every half an hour. To ensure data 
recovery, we changed memory cards, batteries, windscreens, 
and broken microphones every 2.5 months for SM4 recorders. 
For SM2+ recorders, we had to service the recorders every 
month due to the higher power consumption. 

According to the schedule, the data volume of each site 
increases by approximately 1 TB every year. To support the 
management of acoustic data, the Academia Sinica Grid 
Computing Centre has established the online platform of Asian 

Soundscape (http://soundscape.twgrid.org). On the basis of the 
distributed computing infrastructure, we implemented the 
Pumilio application for managing and visualizing acoustic 
recordings [20]. On the Asian Soundscape, users can listen to 
all the archived audio clips, while investigating the spectral 
features of signals of their interest on spectrograms. Metadata, 
such as the latitude, longitude, habitat characteristics, recording 
date, recording time, and the sampling frequency of each audio 
clip have been saved for further analysis. Currently, there are 
15 recording sites in Taiwan, with more than 20,000 hours of 
recordings, while the data volume continues to increase. In 
addition, the Taiwan Forestry Research Institute also 
collaborated with researchers in Malaysia, Thailand, and 
Vietnam to establish three recording sites in tropical forests. 
Through international collaboration, the Asian Soundscape 
serves as the first open soundscape database in the Southeast 
Asia. 

B. Analysis of Soundscape Information 
To facilitate the acoustic-based biodiversity assessment, we 

employed three tools for the analysis of soundscape: (1) 
visualization of long-duration recordings using a long-term 
spectrogram (LTS), (2) unsupervised separation of soundscape 
components, and (3) modeling of bioacoustic diversity.  

To visualize long-duration recordings, we measured the 
median and mean power spectrums of each 5-minute audio clip, 
and sequentially combining all the power spectrums of a 
recording site [21]. By using an LTS, biological sounds with 
evident diurnal occurrence can be efficiently visualized [22]. 
Some animals, such as cicadas and crickets, chorus for several 
hours. These choruses can be easily identified on a median-
based LTS. On the other hand, most birds and mammals only 
produce transient calls, which cannot be detected on a median-
based LTS. To visualize these transient calls, we calculated the 
difference between mean-based and median-based LTSs 
(hereafter difference-based LTS). Thus, we can investigate 
biological choruses and transient calls by using median-based 
LTS and difference-based LTS, respectively. 

In addition to visualization, an LTS can also serve as the 
input data for separating different soundscape components. To 
separate soundscape components without any training data, we 
developed the periodicity-coded nonnegative matrix 
factorization (PC-NMF) algorithm to separate biological 
chorus and the other noise sources [23]. PC-NMF is a self-
learning algorithm, which consists of two stages of NMF. In 
the first stage, the input spectrogram is factorized as a basis 
matrix and an encoding matrix. The basis matrix represents a 
collection of spectral components, while the encoding matrix 
describes the time activation of each basis. In the second stage, 
the diurnal periodicity of each basis is measured by conducting 
discrete Fourier transform on the encoding information. Two 
basis groups are clustered according to the periodicity by using 
a secondary NMF process. Finally, the biological chorus can be 
reconstructed by the spectral bases with a strong diurnal 
periodicity and the associated encoding information. 
Meanwhile, the noise components, such as weather noise and 
anthropogenic noise, can be suppressed without any 
recognition database.  

After removing the unwanted noise from median-based 
LTS and difference-based LTS, different groups of biological 
sounds, with unique spectral features, were identified by using 
clustering techniques. Firstly, we used the principle component 

Fig. 1. Overview of the Asian Soundscape. The left panel shows the map 
of recording sites in Taiwan, while the dark green markers represent the 
three recording sites used in this study. The right panel shows the user 

interface and spectrograms of the left and right channels for an audio clip. 



analysis to reduce feature dimension. Principle components, 
which pertain to more than 85% of the variance, were used as 
input features for the k-means clustering. Subsequently, we 
iteratively attempted different cluster numbers (k), choosing the 
clustering result when the mean intracluster variation (sum of 
point-to-centroid distances within each cluster) was reduced to 
2.5% of the variation of the entire data set. The clustering 
procedures were applied to median-based LTS and difference-
based LTS to investigate the structure of biological chorus and 
transient calls, respectively. 

Finally, the modeling of bioacoustic diversity was 
conducted based on the clustering result of the median-based 
LTS and difference-based LTS. Among the various biological 
sounds, transient calls and choruses are not mutually exclusive. 
Even under the same chorusing conditions, different types of 
transient calls may still be detected. We numerically labeled 
each group of chorus and transient call. Then, each 5-minute 
recording clip was given a bioacoustic code by combining the 
numerical labels of chorus and transient calls. Thus, we could 
investigate the change in bioacoustic diversity by measuring 
the Shannon entropy, based on the probabilistic distribution of 
bioacoustic codes. The modeling of bioacoustic diversity was 
achieved by using a spline on the change in bioacoustic 
diversity in each month. 

C. Computing Forest Biodiversity at Different Altitudes 
Since October 2014, the Taiwan Forestry Research Institute 

had established three recording sites at Triangle Mountain 
(hereafter MLSY), Lienhuachih Research Center (hereafter 
LHC), and Taipingshan (hereafter YLTPS). The altitudes of the 
three sites are approximately 500, 800, and 1900 m, 
respectively. The recording site at MLSY is a subtropical, 
evergreen, broad-leaved forest, located in Sanyi Township, 
Miaoli County. This site is close to National Highway No. 1 
(approximately 1.1 km), and the recorder was deployed next to 
a hiking trail. The forest environment of the second recording 
site is similar to that of the first. This site is located in 
Lienhuachih Research Center, Yuchi Township, Nantou 
County. Unlike MLSY, LHC can only be visited by researchers. 
Therefore, the level of human disturbance is significantly lower 
at LHC, compared to the other two sites. The recording site at 

YLTPS is a coniferous forest, located at a higher elevation in 
Taipingshan National Forest Recreation Area, Yilan County. 
The recorder was deployed next to a trail. In this study, we 
employed three analysis tools to investigate the spatio-temporal 
variations of soundscape and bioacoustic diversity in the three 
recording sites by using long-duration recordings from October 
2014 to December 2016. All audio clips during this period are 
available on the website of Asian Soundscape. 

III. RESULTS 
Through the median-based LTSs, the spatial and temporal 

change of forest soundscape can be effectively compared (Fig. 
2). At MLSY, low-frequency noise (< 2 kHz) was prominent 
during the entire recording period due to the proximity to 
National Highway No. 1. At MLSY and LHC, the soundscapes 
were more complex from April to November, based on the 
overall increase in power spectral densities. However, the 
forest soundscape was completely different at YLTPS. Similar 
seasonal change pattern was not observed in the median-based 
LTS at YLTPS, with the soundscape being dominated by 
broadband noise. Upon listening to the original audio clips, 
these broadband noises were determined to be caused by heavy 
rainfall. The influence of rainfall noise can also be observed on 
the difference-based LTS at YLTPS, with most of the transient 
calls being masked by the rainfall noise.  

By using the PC-NMF, we separated biological choruses 
with strong diurnal occurrence and the other sound sources 
displayed in the median-based LTSs (Fig. 3). The results 
showed that biological choruses dominated the soundscape at 
MLSY and LHC. Moreover, spectral characteristics also varied 
among different seasons. On the contrary, except for the high-
frequency components (> 14 kHz), minimal biological chorus 
could be recorded at YLTPS. The PC-NMF performed well to 
reduce the rainfall noise displayed on the difference-based 
LTSs at MLSY and LHC. It was not effective for the rainfall 
noise displayed on the difference-based LTS at YLTPS. 
Although the low-frequency component of rainfall noise had 
been removed, some noise components higher than 2 kHz 
continued to be visible. However, the PC-NMF provides us an 
efficient solution in enhancing biological sounds without any 

Fig. 2. Examples of median-based LTS (left panels) and difference-based LTS (right panels) at MLSY (upper panels), LHC (middle panels), and YLTPS 
(lower panels). Blank areas represent the period without recordings. 



sound recognition database. 

In this study, the bioacoustic diversity was measured based 
on the clustering result of biological sounds. Without the PC-
NMF, the clustering result was highly influenced by weather 
noise. Clusters associated with rainfall noise were commonly 
identified during winter at MLSY and LHC, as opposed to the 
entire year at YLTPS (Fig. 4). These clusters usually occurred 
in a pattern, lasting for several hours or several days, thus 
deviating the measurement of bioacoustic diversity. After the 
separation procedure, the influence of weather noise in the 
clustering result was not very prominent. In particular, for the 
data collected from YLTPS, the clustering result varied 
significantly before and after the separation procedure (Fig. 5).  

The modeling result shows that the bioacoustic diversities 
were higher in the two evergreen broad-leaved forests than in 

the coniferous forest at a higher elevation. Moreover, the 
seasonal changing patterns of bioacoustic diversity also varied 
among different forests. At YLTPS, bioacoustic diversities 
increased from April to July. At LHC, bioacoustic diversities 
increased from April to October. However, bioacoustic 
diversities decreased only slightly from December to March at 
MLSY.  

IV. DISCUSSION 
A network for monitoring biodiversity represents the 

essential infrastructure for conservation management. By using 
autonomous sound recorders, a long-term soundscape 
monitoring network can be efficiently established. In this study, 
we demonstrated the application of using machine learning to 
analyze long-duration recordings archived in a soundscape 
monitoring platform. Even though the environmental noise 
dominates the soundscape, our analysis tools can suppress it, to 
investigate the structural change of biological sounds. 
Therefore, the remote acoustic sensing of biodiversity can be 
achieved by integrating machine learning and ecoacoustics. 

Various animal vocalizations may be recorded in long-
duration recordings. However, the lack of recognition database 
is the biggest challenge in acoustic-based biodiversity 
monitoring. In this study, we employed k-means clustering to 
investigate the complexity of animal vocalizations according to 
the spectral features displayed on a median-based LTS and a 
difference-based LTS. Although we cannot precisely identify 
each vocalizing species, each cluster recognizes a unique 
combination of vocalizing species. In this study, the 
measurement of bioacoustic diversity is related to the 
probability distribution of clusters in one day. The bioacoustic 
diversity reduces to 0 when only one cluster is identified. On 
the contrary, a higher diversity can be obtained when multiple 
clusters are observed in the same day. According to Fig. 5, 
bioacoustic diversities were higher during spring and summer 
due to the evident diurnal change in biological sounds, which 
suggested various groups of vocalizing animals, present in 
different diurnal periods. The clustering result not only helps us 
to evaluate the dynamics of biodiversity, but also reduce the 
effort to sort audio clips with similar acoustic features. 
Researchers can examine several audio clips of each cluster to 

Fig. 4. Analysis results based on the original median-based LTS and 
difference-based LTS. Each color represents a different soundscape scene, 

with unique spectral features recognized by using k-means clustering. 
Without appropriate denoising, the influence of rainfall noise is clearly 

visible during winter in MLSY and LHC, as well as the entire monitoring 
period in YLTPS. 

Fig. 3. Examples of using the PC-NMF to separate biological sounds from median-based LTS (left panels) and difference-based LTS (right panels) at MLSY 
(upper panels), LHC (middle panels), and YLTPS (lower panels). Blank areas represent the period without recordings. Note that some high-frequency 

components of rainfall noise displayed on the difference-based LTS at YLTPS were not removed by the PC-NMF. 



manually identify the species composition of vocalizing 
animals, thus improving the acoustic-based biodiversity 
assessment. 

Our results show that bioacoustic diversities in all three 
sites changed with the seasons. However, the seasonal change 
pattern varied based on the location. The evident seasonal 
change pattern at YLTPS may be because of the seasonal 
change of temperature in high elevation areas, with the 
influence of north-eastern monsoon during fall and winter. On 
the contrary, the weaker seasonality at MLSY may be related 
to a more stable climatic condition in low elevation evergreen 
forests. Various factors, such as altitude, latitude, weather, and 
many biotic and abiotic factors, can contribute to the dynamics 
of biodiversity. Although the detailed mechanism for the 
variation of bioacoustic diversity remains unclear, the long-
duration recordings provide us the big data with high temporal 
resolution to investigate the spatio-temporal dynamics of 
species diversity of vocalizing animals. 

In addition to the application of computing biodiversity 
change, the current analysis tools can also provide us 
information relevant to the habitat environment and weather 
conditions. Although we use the PC-NMF to enhance 
biological sounds from a noisy LTS, the difference between the 
separated biological sounds and original LTS is primarily 
associated with environmental noise (Fig. 6). From the 
separated environmental noise, low-frequency ambient noise 
was prominent at MLSY. Besides, intensive rainfall noise can 
be easily identified based on its broadband structure, thus 
making it possible to investigate the relationship between 
biodiversity and environmental variability, based on the 
various soundscape components separated from long-duration 
recordings. 

In this study, we have shown the potential application of a 
long-term soundscape monitoring network in the acoustic 

remote sensing of biodiversity and weather conditions. We 
have been coordinating with local non-governmental 
organizations, district offices of the forestry bureau, and 
universities, to expand our soundscape monitoring network in 
Taiwan, including terrestrial and underwater environments. 
Currently, we are also collaborating with the Asi@Connect 
project, which is funded by the European Commission, to 
increase the capacity of acoustic-based biodiversity observation 
networks in ASEAN countries. The Asian Soundscape will not 
only serve as an open platform for archiving long-term 

Fig. 6. Examples of environmental noise separated from median-based 
LTS at MLSY (upper panel), LHC (middle panel), and YLTPS (lower 

panel). Blank areas represent the period without recordings. 

Fig. 5. Analysis results based on the biological sounds separated from median-based LTSs and difference-based LTSs. The left panels show the diurnal and 
seasonal change in biological sounds by using k-means clustering. Each color represents a different biological sound with unique spectral features. On the 
basis of PC-NMF, the influence of rainfall noise has been considerably reduced. The right panels show the seasonal change in bioacoustic diversity. Solid 
lines represent the mean diversity, dashed lines represent the standard deviation, and dots represent the diversity index measured on each day of recording. 



recordings and interdisciplinary collaborations, but also will 
provide open source tools for analyzing the acoustic data and 
biodiversity change. The machine learning tools for separating 
biological sounds from the other noise sources will facilitate 
the evaluation of soundscape changes. A library of wildlife 
sounds will also be established, based on the open soundscape 
database. We hope that, in the near future, through our open 
science platform, more researchers and citizens will be able to 
explore the natural soundscape and study the interactions 
between biodiversity, environment, and human activities. 
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