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1 CONTEXTUAL BACKGROUND 
Passive acoustic monitoring (PAM) is a cost-effective method of gathering big data for monitoring the 
distribution of cetaceans1,2, yielding important insights into occurrence, movements, and behaviour over 
space and time, for use in species conservation and habitat management3,4,5,6,7. Dolphins are an indicator 
species, common to the British Isles, with the status and health of regional populations acting as important 
metrics for conservation and in assessing ecosystem health8,9. Acoustically they emit a diverse range of 
signals, employed in hunting, navigation, and communication, consisting of highly directional transient 
signals (echolocation clicks) and tonal omni-directional, frequency modulated whistles10,11. The presence 
of these acoustic cues within broadband acoustic recordings can be used as a proxy for true animal 
presence12, but manual extraction of signals is laborious and unrealistic on an appropriate timescale for 
conservation. Automation of the detection of these acoustic signals is therefore an essential component of 
the analysis pipeline for gathering data on delphinid occurrence.  
 
The application of Deep Learning (DL) algorithms is increasingly prevalent within the field of bioacoustics. 
Convolutional Neural Networks (CNNs), which use image processing techniques to read and classify 
acoustic data into predetermined classes, have been shown to excel at detecting signals which vary in 
respect to time, frequency, and amplitude13,14,15,16. Using broadband acoustic data as input, CNNs have 
achieved high accuracies at the task of detecting dolphin vocalisations within variable marine 
environments17,18,19,20. The use of CNNs for monitoring long-term dolphin occurrence in diverse acoustic 
habitats, beyond proof of concept, is still in its infancy; for such a tool to become part of the standard 
analysis toolkit we must demonstrate its reliability compared to established methods of detection.  
 
The C-POD logger (Cetacean – Porpoise Detector, Chelonia Ltd UK) has been used extensively for 
monitoring the distribution, regional density, and acoustic habits of small cetaceans21,22,23,24,25, and is used 
as an integral tool in global monitoring programs for comparing species occurrence over time and 
space26,27,28,29,30.The C-POD is a non-archival data logger, it does not store broadband acoustic data, 
instead autonomously detecting, via on-board processing, the presence of echolocation click trains 
(regularly spaced series of similar clicks) between 20 – 160 kHz. Proprietary software is provided which 
contains a custom classifier (KERNO) to classify click trains as originating from either dolphins, porpoises 
or other cetaceans based on their intensity, duration, frequency content and inter-click intervals (ICI)31,32. In 
this work we evaluate the performance of the C-POD compared to a newly available multi-sound source 
CNN16 for the task of monitoring hourly dolphin presence in the waters off the west coast of Scotland (Figure 
1), using PAM data collected within the COMPASS array (EU INTERREG COMPASS project). We present 
the first empirical comparison between a CNN and the C-POD for dolphin detection, highlighting the 
efficiency of each method as a monitoring tool in diverse soundscape conditions.  
 

2 METHODS 
 

2.1 Data Acquisition 
 
Passive acoustic data was analysed from three locations from within the COMPASS array; Tolsta, Hyskier 
and Shiant Isles (Figure 1, Table 1). Each mooring consists of a single omnidirectional broadband acoustic 
recorder, the SoundTrap 300HF (Ocean Instruments Ltd, sensitivity -121 dB re 1V/µPa), located 5m above 
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the seabed. Audio data is sampled at 96 kHz and recorded on a 20/40 minutes on/off duty cycle which 
commences on the hour. A C-POD logger (Chelonia Ltd) is positioned beneath the SoundTrap on the array 
(Figure 1b), recording data continuously.  
 
The physical conditions and mooring depths at each location contribute to seasonal variation within the 
regional ambient soundscape (Figure 2).  To evaluate detector performance in diverse acoustic fields eight 
data periods were identified: five one-week periods were selected as being likely to be representative of 
seasonality across the year; January 24th – 31st, April 1st – 7th, July 1st – 7th, September 1st – 7th and 
November 17th – 23rd 2019. Three periods associated with named storms were selected, corresponding to 
times when low-pressure resulted in elevated ambient noise conditions (Table 1), identified using the UKs 
MetOffice MIDAS archive weather records for 2019 (Met Office, 2022). The selected storms were Storm 
Gareth (March 11th – 14th 2019), Storm Hannah (April 25th – 28th 2019), and Storm Atiyah (December 7th – 
10th 2019). Data gaps are present at individual sites due to mooring loss or recording failures (Table 1).  

Figure 1 a) Map of the three acoustic mooring locations used within this work, located off of western 
Scotland as part of the COMPASS array. The regional bathymetry is depicted by the colour scale (m), 
sourced from GEBCO. b) Schematic depiction of each acoustic mooring consisting of a broadband recorder 
(SoundTrap 300HF, Ocean Instruments) and a C-POD logger positioned 5m above the seabed. 
 

2.2 Analysis of Acoustic Data 
 
This section describes how the number of detection positive hours (dph) were determined manually, from 
the CNN, and from the C-POD. 
 
Manual detection 
Each of the 20-minute broadband acoustic files were reviewed visually (spectrograms) and aurally in 
Audacity (version 3.0.02, 2021) to identify the hourly presence of delphinid click trains. Spectrograms were 
viewed consecutively in 10-second windows, with data displayed linearly between 0 – 48 kHz using a 
Hanning window of size 2048, and a dynamic range of 0 – (-80) dB. If the manual analysis detected a click 
train (three or more clicks in series) within the 20-minute period, then it was labelled as a dph (Figure 5.2). 
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A secondary label was assigned if whistles were detected during the manual review. If a file contained only 
whistles it would not be labelled a dph.  
 
Table 1. Description of the acoustic data used within this work, recorded at three locations within the 
COMPASS array. The seasonal periods refer to: J - January 24th – 31st, A - April 1st – 7th, Ju - July 1st – 7th, 
S - September 1st – 7th and N - November 17th – 23rd 2019, as well as three storm periods: St. G – Storm 
Gareth, St. H – Storm Hannah, and St.A – Storm Atiyah. 

Site Latitude Longitude 
Seasonal 

Period 
Analysis 

Hours 

Tolsta 
Recorder depth: 100m 

58.39ºN -6.01 ºW 
J / A / Ju / N 

St. G / St. H / St. A 
984 

Hyskier 
Recorder depth: 55m 

57.03 ºN -6.75 ºW 
J / A / Ju / S / N 

St. G / St. H / St. A 
1152 

Shiant Isles 
Recorder depth: 73m 

57.87 ºN -6.27 ºW 
J / A / Ju / S / N 

 
864 

Total Analysis Hours 3000 

 
CNN detection 
The CNN was deployed upon the full set of broadband data to identify delphinid presence, the specific 
details of the network architecture can be found in White et al., 2022. Upon input the network splits each 
file into 3-second chunk. Each chunk is converted to an input image by computing three individual 
spectrograms using three FFT windowing sizes: 1024, 2048 and 4096. Each spectrogram uses a Hanning 
window with 50% overlap and the dynamic range is normalised between -80 – 0 dB. The spectrograms are 
stacked to form a three-channel matrix, and resized to 224x224 pixels, forming the RGB input image16. The 
network then classifies each chunk into one of four labels: Ambient noise, delphinid tonal (whistles), 
delphinid clicks (click trains) or vessel noise, with an output file listing the labels in temporal order, per audio 
file. To determine a dph the sum of delphinid click labels is computed per hour; if the sum is ≥1 a file is 
labelled a dph (Figure 5.2). No acoustic data used within this study was used to train the original CNN, and 
no re-training is conducted to adapt the network to any of the locations, representing ‘unseen’ environments 
to the CNN. 
 
C-POD detection 
The C-POD detection files were downloaded and analysed using C-POD.exe, proprietary software provided 
by Chelonia Ltd. The KERNO classifier, the base classifier provided for C-POD delphinid detection, was 
used to identify delphinid click trains. The software provides filter settings for the click detection of ‘High’, 
‘Moderate’ or ‘Low’ quality trains23. Click trains of all three quality levels were accepted and any hour in 
which a click train was detected was labelled as being dph (Figure 5.2). We note, the C-POD continuously 
recorded for the full hour, in contrast to the broadband data which only captures the first 20-minutes of each 
hour.  
 

2.3 Evaluation 
 
To quantify the performance of each detection method Accuracy (A), Precision (P), Recall (R) and the D-1 
score were computed (equations 1 – 4): 
 
 𝐴 =  

𝑁𝑇𝑃+ 𝑁𝑇𝑁

𝑁𝑎𝑙𝑙
, 

 

(1) 
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Where NTP is the number of true positives, correct classifications with respect to the manual validation set; 
NTN is the number of true negatives, the number of true hours without an animal present; NFP is the number 
of false positives, incorrect classifications with respect to the manual validation set; and NFN is the number 
of false negatives, also described as the number of missed detections. The false-positive rate (FPR) and 
false-negative rate (FNR) are computed to determine the ratio of false-positives and missed detections 
output, respectively:  

 𝐹𝑃𝑅 =  
𝑁𝐹𝑃

𝑁𝐹𝑃+ 𝑁𝑇𝑁
, (5) 

 𝐹𝑁𝑅 =  
𝑁𝐹𝑁

𝑁𝐹𝑁+𝑁𝑇𝑃
. (6) 

3 RESULTS 
 
The overall performance of both the CNN and C-POD were evaluated with respect to the manual detections, 
for a total of 3000 hours of audio data (Table 1). Manual analysis of the 20-minute files reported a total of 
452 dph at Tolsta, 313 dph at Hyskier and 298 dph at Shiant Isles (Table 2), with Tolsta reporting the highest 
dph for all analysis periods. Analysis of the acoustic data by the C-POD is rapid, taking approx. 1 hour to 
acquire the detection data. The CNN was run through the audio data in 17 hours, 1.5 hours per week of 
data, using MATLAB on a standard laptop. In contrast it took approximately one month to manually label 
periods of delphinid activity within the 3000 hours of audio data.  
 
Table 2. The total true positive (NTP) and true negative (NTN) delphinid hours detected during the manual 
analysis of each temporal period and site.  

Site  Overall January April July September November Gareth Hannah Atiyah 

Tolsta 
NTP 452 122 33 56  116 33 22 70 

NTN 532 70 135 112  52 63 74 26 

Hyskier 
NTP 313 33 10 52 57 115 7 5 34 

NTN 839 159 158 116 111 53 89 91 62 

Shiant 
Isles 

NTP 298 39 43 46 93 77    

NTN 566 153 125 122 75 91    

 
The performance of the CNN and the C-POD was markedly different in comparison to the manually 
validated dolphin clicks, quantified as detection positive hours (dph). The CNN outperforms the C-POD for 
all seasonal periods, identifying 228 more true positive (TP) hours than the C-POD, accurately identifying 
92% of the manually identified dph (Table 3). The C-POD has a lower overall FPR (0.02) compared the to 
the CNN (0.07), resulting in a higher precision score (Table 3). The overall accuracy (A) and recall (R) 
scores are higher for the CNN due to the C-PODs very high missed detection rate (FNR), Table 3. The 
quantity of missed detections is the most significant difference between the two algorithms with the CNN 
reporting higher recall scores across the three sites, for all seasonal periods (Table 3). There is a strong 
influence of seasonality and weather on the performance of each detection method (Figures 2 & 3). The C-
POD struggles to detect delphinid click trains in the ambient soundscape during storm events, missing 67 
– 93 % of the true delphinid positive hours, with FNRs ranging between 0.63 – 0.93 during the storm events, 
September and November compared to 0.27 – 0.43 for the CNN (Table 3). Overall the CNN consistently 
outperforms the C-POD across the three locations as an automated tool for delphinid echolocation click 
detection, with both platforms outputting low FPR.  
 
The total delphinid present hours is computed in hourly bins, per site, per season, to reveal seasonal and 
diurnal patterns in animal activity as detected by each of the analysis methods (Figure 2). Detections output 
from the CNN strongly correlate to the temporal patterns described by the manual validation set, indicating 
delphinids are present within the waters around Tolsta for a greater proportion of time than the other two 
sites (Figure 2). Seasonally, delphinid presence is highest in November and January at Tolsta, November 
at Hyskier and September and November at Shiant Isles (Figure 2). Both the CNN and the manual labels 
determine a diurnal pattern in delphinid occurrence, with animals vocalising at higher rates between 16:00 
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and 04:00. Acoustic presence is lowest at around midday for all sites and seasons, except for July at Tolsta 
(Figure 2). The C-POD displays a weak correlation to the other methods of detection, under-representing 
delphinid presence temporally (Figure 2), failing to identify almost all periods of activity at Hyskier and during 
storm events (Figure 3). Periods of stormy weather indicate elevated ambient noise conditions decrease 
the detection range of the C-POD, the CNN also suffers reporting the highest missed detection rate during 
Storm Hannah, with a FNR of 0.55 (Table 3, Figure 3).  
 
Table 3. Performance metrics for the CNN and C-POD for each analysis period, with respect to the manually 
validated data at Tolsta, Hyskier and Shiant Isles combined. Metrics reported are true-positives (TP), true-
negatives (TN), false-negatives (FN), false-positives (FP), accuracy (A), precision (P), recall (R), F1-score, 
false-positive rate (FPR) and the false-negative rate (FNR). 

            

 Period NTP NTN NFN NFP A P R F1 FPR FNR 

CNN 

Overall 978 1459 430 133 0.82 0.89 0.70 0.78 0.07 0.30 

Jan 242 234 64 36 0.83 0.87 0.80 0.83 0.13 0.20 

Apr 133 291 51 29 0.84 0.82 0.73 0.77 0.09 0.27 

July 164 250 78 12 0.82 0.93 0.68 0.78 0.04 0.32 

Sep 90 157 65 24 0.74 0.79 0.58 0.67 0.13 0.42 

Nov 253 138 97 16 0.78 0.94 0.73 0.82 0.10 0.27 

St.G 25 145 15 7 0.89 0.78 0.62 0.70 0.04 0.37 

St.H 12 158 15 7 0.89 0.63 0.45 0.52 0.04 0.55 

St.A 59 86 45 2 0.76 0.97 0.57 0.72 0.02 0.43 

            

CPOD 

Overall 750 1380 838 36 0.71 0.96 0.47 0.62 0.02 0.53 

Jan 217 226 128 5 0.77 0.98 0.62 0.76 0.02 0.37 

Apr 131 290 78 5 0.84 0.96 0.63 0.76 0.01 0.37 

July 144 233 122 5 0.75 0.96 0.54 0.69 0.02 0.46 

Sep 77 124 131 4 0.59 0.95 0.37 0.53 0.03 0.63 

Nov 138 109 251 6 0.49 0.95 0.35 0.51 0.05 0.65 

St.G 7 151 33 1 0.82 0.87 0.18 0.29 0.01 0.82 

St.H 2 161 25 4 0.84 0.33 0.07 0.12 0.02 0.93 

St.A 34 86 70 2 0.62 0.94 
 

0.32 0.48 0.02 0.67 

 
 

4 DISCUSSION 
 
Acoustically reliable methods of automated signal detection, robust to fluctuations in seasonal and regional 
ambient noise levels, are required to effectively monitor dolphin populations. Here we evaluate the 
capabilities of a multi-sound source CNN, trained to detect dolphin acoustic signals as well as 
anthropogenic sound sources across a wide frequency spectrum (0 – 48 kHz), to detect delphinid presence 
in broadband acoustic data in comparison to the C-POD. Both detectors are empirically evaluated with 
respect to a ground-truthed dataset to determine their efficiency as tools for long-term management and 
conservation of dolphins in Scottish waters. The CNN detect higher numbers of delphinid positive hours 
than the C-POD, for all analysis periods, with the degree of discrepancy between the two detectors varying 
seasonally. The CNN achieved high accuracy overall (0.82) which varied in diverse ambient noise 
environments (0.74 – 0.89), with a relatively short analysis time (1.5 hours per week) compared to manual 
labelling. Seasonal and diel patterns in animal presence were demonstrated by the CNN, with temporal 
patterns correlating to that of the manual analysis (Figure 3) highlighting the model as a reliable indicator 
of dolphin occurrence throughout the year, suitable for long-term monitoring within variable ambient noise 
conditions. We do note that the sensitivity of the CNN, albeit higher than the C-POD, did suffer during 
adverse weather periods and further work will be conducted to estimate the effect of ambient noise on the 
detection range of the CNN. Fine-tuning a CNN to the ambient soundscape in which it will be deployed can 
improve the performance of signal detection by a large degree20. The results of the CNN in this work on 
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unseen data are positive and demonstrate a higher degree of accuracy than the C-POD with no re-training. 
To further increase performance, and reduce the number of false detections we recommend, where 
possible, fine-tuning the algorithm20, on a subset of diverse ambient data frames extracted from the region 
of deployment. 
 

Figure 2. The total number of delphinid detections summed per hourly bins, per season, for the CNN 
(Orange line), C-POD (blue line) and manual labels (black line) at a) Tolsta, b) Hyskier and c) Shiant Isles. 
The CNN provides an accurate but conservative depiction of seasonal and diel patterns in dolphin 
occurrence, highlighting the advantages of its use as a monitoring tool. The C-POD fails to identify temporal 
variability, with a particularly poor performance at Hyskier.   
 
There are inconsistencies between the results from the C-POD and the other detection methods, despite 
the systems being moored in proximity within the water column. Although we found the C-POD to output a 
very low rate of false detections, it failed to identify 36% of the manually labelled positive hours despite 
using the least conservative detection filters available. The experimental set up was that CNN operated on 
20-minutes of acoustic data per hour due to the recorder duty cycle, but the C-POD operated on the full 
analysis hour. The broadband acoustic was set to duty cycle to achieve the same deployment longevity as 
the C-POD, which must be considered when selecting a suitable tool for long-term monitoring of dolphin 
presence. Given the extra temporal window to identify animal presence the rate of missed detections is 
concerning for robust monitoring of delphinid occurrence, particularly at our shallow site Hyskier where 93% 
of overall true detections were not detected. Our results are consistent with existing studies which have 
compared C-POD performance to other automated approaches (e.g., PAMGuard33), concluding that 
although the C-POD produces very low false-positives, it under reports delphinid presence29,31. Dolphin 
echolocation clicks occur between 20 – 100 kHz but research on C-POD detection ranges found the 
sensitivity of the logger to be weakest below 80 kHz28. The reduction in sensitivity coupled with adverse 
ambient noise conditions present a difficult operational environment for the C-POD. We must note that the 
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C-POD has been superseded by the F-POD (Full waveform capture POD)30 and so the issue of missed 
detections may be reduced if studies can acquire the new system.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3. The total number of delphinid detections summed per hourly bins during each storm event, for the 
CNN (orange lines), C-POD (Blue lines) and manual labels (black lines) at a) Tolsta and b) Hyskier. The 
performance of the CNN and CPOD reduce during storm events, with the CPOD failing to identify all positive 
delphinid hours at Hyskier.  
 
More work is necessary to determine why the difference between the two detection methods are so great. 
The ambient environment surrounding both detectors is the same, but the operation of the two methods 
are very different. The C-POD uses a zero-crossing algorithm34, which may be more affected by ambient 
noise than the visual input to the CNN. An extension of this work will address detection on a finer-scale, 
computing detection positive minutes (dpm) per hour. The detections will be statistically correlated with 
ambient noise measurements to provide a clearer understanding of the environmental conditions which 
affect the performance of each method.  
 
The dolphin populations on the west coast of Scotland are understudied with respect to other populations 
in the British Isles. Here we use the CNN to uncover seasonal trends in dolphin presence at each mooring. 
At Tolsta presence is high between November and January, dropping off during the summer seasons, but 
at Hyskier and Shiant Isles the dolphin ‘season’ appears earlier, with presence increasing from June through 
to November (Figure 2). This inherent site shift is interesting and further work can use the CNN to map 
distribution across the annual dataset and attempt to understand dolphin movements in the west of 
Scotland. With respect to diel presence our work illustrates echolocation click signals occur most frequently 
between sunrise and sunset (Figure 2). The echolocation click is used primarily for hunting and navigation, 
suggesting the locations are important foraging sites throughout specific seasons. The CNN used in this 
work is trained to detect dolphin broadband clicks as well as tonal signals. An extension of this work will 
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annotate tonal signals for an empirical comparison between the two signal types which can be used to 
further interpret the diel pattern and site use by the animals, important for conservation work.  
 
In conclusion, we find the CNN to be an exciting tool for long-term monitoring of dolphin activity, providing 
higher accuracy than the C-POD but achieving a similar low rate of false positives. Notably we are 
impressed by the CNNs rate of missed detections compared to the C-POD. Fine-tuning the network to the 
specific soundscape in which it is deployed is expected to improve performance, and monitoring projects 
can make use of delphinid tonal signals which the model can also extract from the soundscape. This work 
encourages the collection of broadband acoustic to provide context to detector performances and the 
ambient environment in which the animals are residing. As marine habitats get noisier a range of national 
and international regulations35,36,37 have arisen to understand and quantify noise levels regionally. Using a 
CNN as part of the analysis pipeline allows automated signal extraction to occur in a timely manner and 
encourages researchers to gather large PAM datasets which can be used to address a wealth of ecological 
questions. 
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