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1. Introduction 

The underwater soundscape is the collection of 

geophony, biophony, and anthrophony that is 

received by an aquatic animal or acoustic recorder. 

It is a crucial ecological element in a marine 

ecosystem because many marine animals rely on 

acoustic cues to navigate, select habitat, and 

communicate. Soundscapes are highly dynamic and 

acoustic heterogeneity changes across different 

spatial and temporal scales 1). In order to understand 

how the biotic and abiotic factors contribute to the 

change of marine soundscape, it is necessary to 

characterize the pattern and variability of biological 

and non-biological sounds in each marine 

ecosystem. 

Characterization of the marine soundscape can be 

done through different approaches. Acoustic 

measurements such as sound pressure levels and 

power spectral densities are the most typical 

approaches to quantify the acoustic heterogeneity 1). 

In recent years, many ecoacoustics indices such as 

Acoustic Entropy and Acoustic Complexity Index 

have been commonly employed to facilitate the 

assessment of ecological variability of soundscapes 

2). However, it remains challenging to use these 

measurements to clarify the acoustic contributions 

of biotic and abiotic factors for the soundscape due 

to the interferences of simultaneous sound sources.  

To detect and classify different underwater 

sounds requires reliable audio identification 

techniques. Although the feature engineering and 

parameterization procedure are time-consuming, 

rule-based detectors are still widely applied in 

passive acoustic monitoring of marine soniferous 

animals 3). However, the acoustic behavior of 

soniferous animals may vary with time and location. 

The uncertainty of sound identification also 

increases when underwater sounds propagate for 

long-distance. Therefore, it remains difficult to 

design a rule-based expert system for investigating 

the composition of underwater sounds.   

The recent development of machine learning has 

greatly advanced the recognition of speech and 

music, but the supervised learning generally 

requires a large amount of labeled data for model 

training. Until now, underwater soundscapes in 

most of the marine ecosystems are still little studied. 

Therefore, we sought to tackle the situation by 

applying blind source separation to assist the 

characterization of the underwater soundscape in 

different marine ecosystems. 

 

2. Hypothesis-driven source separation 

In information retrieval, the cluster hypothesis 

assumes closely associated documents tend to be 

relevant to the same requests 4). Assuming 

environmental recordings dominated by same 

acoustic sources share similar acoustic features, 

Phillips et al. applied clustering technique to 

analyze ecoacoustics indices and identified the 

ecological content of long-duration recordings 2). 

However, the clustering technique can only deliver 

categorical data but is incapable of separating 

signals that were recorded at the same audio clip. 

In this study, we assume the periodic recurring 

patterns vary among biological and non-biological 

sounds. To integrate this hypothesis in the 

information retrieval of the soundscape requires 

indexing the temporal change of underwater 

recordings and a blind source separation which can 

learn the source-specific periodic pattern. At first, 

we measured the median and mean spectra in each 

short audio clip to visualize the spectral-temporal 

changes of the underwater soundscape. Secondly, 

the periodicity-coded non-negative matrix 

factorization (PC-NMF) was employed to separate 

biological sounds and noises from long-term 

spectrograms 5).  

The PC-NMF consists of a feature learning layer 

and a source discrimination layer. The feature 



 

learning layer can decompose the input matrix into 

a dictionary of spectral features and associated 

temporal activations by an iterative self-learning 

procedure. The second layer can identify source-

specific periodic patterns based on the user-defined 

k sources and determine the source indicator for 

each spectral feature learned in the feature learning 

layer (Fig. 1). On the basis of PC-NMF, the spectral-

temporal changes of biological sounds and noises 

can be reconstructed by using the associated 

spectral features and temporal activations (Fig. 2).  

Fig. 1  An example of unsupervised learning of the 

underwater soundscape by the PC-NMF.  

 

3. Ecosystem-specific soundscape 

Recordings were collected from four different 

locations: (1) algal reefs at Taoyuan, Taiwan; (2) 

Chunggang River Estuary, Miaoli, Taiwan; (3) coral 

reefs off Sesoko Island, Okinawa, Japan; and (4) the 

continental shelf off northeastern Taiwan. 

3.1. Algal reef 

The soundscape was highly affected by tides due 

to the very shallow and wavy environment. The 

hydrophone recorded nothing during low tide while 

exposed in the air. Frequent wave noises were 

recorded during running tides. During high tide, 

snapping shrimp sounds dominated the soundscape. 

3.2. Estuary 

Shipping activities were occasionally recorded. 

Fish choruses, snapping shrimp sounds, and dolphin 

vocalizations represent the dominant biological 

sound sources at the estuary. Clear diurnal and tidal-

driven activities were observed in fish choruses. 

3.3. Coral reef 

Consistent shipping activities were recorded 

during the daytime off Sesoko Island. Snapping 

shrimp sounds dominated the soundscape at night. 

On the other hand, fish choruses displayed evident 

changes in diurnal and seasonal cycles. 

3.4. Continental shelf 

Shipping activities were frequently recorded but 

without a significant periodical pattern. Biological 

sounds, include fish choruses and cetacean 

vocalizations, were mostly detected at night. The 

acoustic behaviors of soniferous fish and cetaceans 

also varied among seasons. 

Fig. 2  Example of using PC-NMF to separate a long-

term spectrogram (upper panel) into shipping noises 

(middle panel) and biological sounds (lower panel). 
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