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1. INTRODUCTION

There are many autonomous marine drones currently deployed for a range of commercial, de-
fense and marine conservation applications. Two categories commonly discussed are Uncrewed
Surface Vehicles (USVs) and Uncrewed Underwater Vehicles (UUVs). These uncrewed vehi-
cles often operate autonomously at sea for extended periods of time without refueling, yet due
to their relatively small size they have limited power on board. For example, the Kongsberg
SEAGLIDER may operate for up to 10 months, with a total power supply of only 17 MJ [1]
(17 MJ =~ 4722 Wh). In order to improve smart autonomous decision-making, as well as opti-
mising the storage of data recorded by the onboard sensors, Artificial Intelligence (Al) can be
used for rapid, real-time automated detection and classification of underwater noise-emitting
objects. However, Al models often rely on large, deep neural networks that require extensive
computational resources to run.

Much work has been done on edge computation, often utilising cloud resources [2]. For
applications where cloud computing is not viable due to either a lack of internet connectivity
at sea or security concerns associated with transmitting data, there has been less research. In
addition, many of the models described above require pre-processing. In the case of audio
classification, often spectrograms are used with Computer Vision models. These require the
computation of Fourier transforms, which contribute to the overall energy cost of the system,
not just the model itself.

However, while 2D CNN-based architectures such as ResNet have been widely successful
[3], including for classifying spectrograms, CNNs with 1D-kernels can be used on time-series
data such as the raw audio waveform. These models bypass the need for frequency decomposi-
tion via Fourier transform. In this work, two lightweight CNN models with similar architectures
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Class | Count | Description

S1 741 Multiple Harmonic Tonals
S2 520 Non-tonal Bursts

S3 363 Harmonic Pulses

SP4 134 Dyadic Pulse Train

SP5 170 “Zipper” Pattern Pulse Train

Table 1: Seal call class densities and descriptions

are presented to compare the power and accuracy trade-offs between a 2D-kernel CNN model
classifying spectrograms and a 1D-kernel CNN model classifying raw waveforms, as well as
their respective pre-processing computational cost.

2. METHODOLOGY

The data used in this paper was provided by Celtic Sea Power (CSP). Multiple 2-hour record-
ings were taken with an AudioMoth [4] and HydroMoth [5] hydrophone with a sample rate of
96kHz. The audio was manually tagged by CSP employees and verified by a marine biologist.
Seal calls were tagged with a start and end time and then split into 5 classes labeled S1, S2, S3,
SP4, and SP5 according to a modified version of Nowak’s seal vocalisation classes ([6], [7]).
Table 1. shows the class densities in the dataset.

For each call tagged and labeled according to the five classes mentioned in Section 2., a
10-second slice of the 2 hour audio recordings is taken, randomly centering the call. Gaps
between calls with a duration of 2 to 10 seconds are used to compute a background noise floor
for each location by taking the median across each frequency. More information on the slicing
and background noise floor generation, as well as the call types themselves can be found in the
paper titled “Automated detection and classification of vocalisations from wild and captive seal
populations” in this conference proceedings [7].

2.1. 1D CNN PRE-PROCESSING

Minimal pre-processing on the raw wav files is performed. 20 wav files are randomly sam-
pled from each class, from the training set, and a mean and standard deviation of the amplitudes
across those sampled calls is computed (1 ~ 0.00, o ~ 0.07). These values are then used to
perform Z-score normalisation on the raw waveform. No other pre-processing is performed;
this normalised time series is used as the input to the 1D CNN model. This input is a waveform

sampled at 96kHz over a 10-second window, resulting in a single-channel input vector of shape
(1,960000).

2.2. 2D CNN PRE-PROCESSING

To generate 2D inputs, a Short-Time Fourier Transform (STFT) is computed for each 10-
second audio segment using a 2048-point window, a hop size of 1024 samples, a Hann window,
and a sampling rate of 96kHz. The absolute value of the spectrogram, computed using the
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Python Librosa package [8], is taken to obtain the magnitude of the frequencies. This returns
a 1 channel, real-valued spectrogram of shape (1025, 936), after slicing the first and last time
frame to account for any potential artifacts. A frequency-dependent background noise floor
is estimated for each location by taking the median amplitude (in linear scale) from non-call
segments as described above. This noise profile is then divided from the linear spectrogram for
each input sample. After noise subtraction, the spectrogram is converted to the decibel (dB)
scale with a reference of 1.0. From these dB spectrograms, a class-wise mean and standard
deviation is computed across 20 randomly selected samples from each class (u ~ —0.29,0 ~
6.78). These statistics are then used to perform Z-score normalisation on all spectrograms. The
resulting normalised dB-scale spectrograms are used as input to the 2D CNN model.

2.3. MODEL ARCHITECTURES AND TRAINING
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Figure 1: Comparison of 1D CNN for raw waveform input (left) and 2D CNN for spectrogram
input (vight). Dimensions indicate (channels % temporal length) for 1D and (channels
X height x width) for 2D layers.

The raw waveform and spectrogram models share the same architecture, differing only in
convolution type. The waveform model uses 1D convolutions with kernel size 9, stride 4 and 4
padding; the spectrogram model uses 2D convolutions with 3x3 kernels, stride 2 and 1 padding.
This keeps both the parameter count and the downsampling rate consistent across models. Both
models have five convolutional layers with ReL U activations at each layer and channels in-
creasing from 16 to 256. After the convolutional stack, both models include an adaptive aver-
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age pooling (Average Pooling) layer followed by a fully connected dense layer with 5 output
nodes corresponding to the 5 classification categories. As PyTorch’s CrossEntropyLoss inte-
grates softmax internally, no explicit output activation was used. Fig 1. shows the architectures
side by side with their channels and latent space dimensionality at each step.

Both models were trained under identical conditions to ensure a fair comparison. Cross-
entropy loss was used with class weighting to address data imbalance. The dataset was split
into training, validation, and test sets with ratios of 60:20:20. The Adam optimiser [9] with a
learning rate of 0.0001 was used, and training was conducted over 100 epochs, with 10 iterations
of training for each model. The best model was selected on the basis of the validation loss across
epochs for each iteration of training.

2.4. METHODS FOR ESTIMATING/CALCULATING POWER CONSUMPTION

Floating Point Operations, or FLOPs was used to benchmark power consumption as it is ag-
nostic to hardware specifications. To compute the FLOPs of the models themselves, two Python
packages were used: ptflops [10] and fvcore from Facebook Research [11]. The results of these
were compared and averaged to compute the estimated FLOPs of the model. The normalisation
step consists of simply subtracting the mean and dividing by the standard deviation for each
sample, giving a complexity of O(n) FLOPs.

The STFT computation is more challenging to benchmark as there are numerous implemen-
tations as well as hardware specific optimisations. Here, the number of FLOPs is estimated
from the asymptotic computational cost of an FFT [12] over P samples within () windows, i.e.

Cstrr &~ @ % (2.5 Plog, P) (1)

is the estimated cost in FLOPs of the STFT.

Finally, the background noise subtraction and conversion to dB scale need to be estimated.
As background subtraction is just a division per sample; it is computed in O(n) FLOPs. The
conversion to dB is not generally performed in FLOPs, depending on implementation, and may
use methods such as lookup tables. However, it is assumed that this is generally O(n) complexity
and so for this paper, only the STFT cost is used as all other costs are in the order of O(n) and
thus are minimal compared to the model complexity and the Fourier transforms.

3. RESULTS

The total FLOPs for the STFT for () = 938 windows and P = 2048 samples per window
gives an estimated compute cost of just over 52.8 MFLOPs. This is an upper estimate, and
hardware-specific implementations will very likely require fewer operations. Ptflops calcu-
lated 1163.43 MFLOPS and 1187.53 MFLOPs while fvcore calculated 1140.63 MFLOPS and
1164.85 for the 1D CNN and 2D CNN respectively. That gives an average of ~1152 MFLOPs
for the 1D model and ~1176 for the 2D model.
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Figure 2: Comparison of 1D vs 2D CNN validation metrics.

Class Precision | Recall | F1-score | Support
S1 0.92 0.77 0.84 149
S2 0.83 0.84 0.83 104
S3 0.65 0.78 0.71 72
SP4 0.83 0.87 0.84 27
SP5 0.82 0.93 0.86 34
Accuracy 0.812 386
Macro avg 0.812 0.837 0.816 386
Weighted avg | 0.831 0.812 0.813 386

Table 2: Average test data classification re-

port for 1D CNN trained on wave-

Class Precision | Recall | F1-score | Support
S1 0.87 0.83 0.85 149
S2 0.86 0.84 0.85 104
S3 0.68 0.70 0.69 72
SP4 0.78 0.86 0.82 27
SPS 0.80 0.84 0.82 34
Accuracy 0.813 386
Macro avg 0.799 0.816 0.804 386
Weighted avg | 0.822 0.813 0.812 386

Table 3: Average test data classification re-

port for 2D CNN trained on spectro-

form input grams
Model Test Accuracy | Model MFLOPs | Pre-Processing MFLOPs | Total MFLOPs
1D-Kernel CNN 0.812 1152 Negligible 1152
2D-Kernel CNN 0.813 1176 <52.8 <1228

Table 4: Model accuracies and compute costs at inference, including pre-processing
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4. DISCUSSION AND CONCLUSION

Despite the imbalanced dataset, the use of class weighting in the optimiser proved effective.
With the exception of the S3 class, which both models are noticeably worse at classifying,
performance was relatively consistent across all categories. The poorer performance of the S3
class is expected as this category may be more acoustically heterogeneous and comprised of
multiple functionally distinct call types [7].

The 2D-kernel CNN trained on spectrogram inputs does not significantly outperform the
1D-kernel CNN trained on raw waveform inputs in terms of overall accuracy (0.813, 0.812
respectively) despite the increased pre-processing. As demonstrated in Fig. 2, which shows
the performance of each model through training, both models exhibit initially relatively stable
training dynamics without significant signs of overfitting. However, at around epoch 50-60
both models begin to spike in variance and begin to overfit.

Interestingly, despite similar architectures with nearly equal parameter counts and inference
FLOPs, the 1D model converges faster, while the 2D model’s validation performance improves
more slowly, eventually achieving slightly better accuracy. However, given the class imbalance
and challenges associated with S3, accuracy alone is insufficient to evaluate the models. Tables
2 and 3, which present class-level metrics, show that the 2D-kernel CNN slightly outperforms
the 1D model on the two largest classes, S1 and S2, while the 1D model performs better on the
smaller SP4 and SP5 classes. This trend may be due to the acoustic characteristics of the call
types themselves, particularly if the SP4 and SP5 classes benefit from the phase information
ommitted from the spectrograms in this paper. However, the slower training curve as well as
the increased overfitting observed from in 2D CNN during later epochs may suggest that the
architecture itself is less robust to imbalanced classification problems.

While the STFT adds a non-trivial computational cost of approximately 4-5% of total FLOPs
at inference, this overhead is relatively minor. In scenarios where power consumption must be
reduced such as in long-duration field deployments of UUVs or USVs, the loss of accuracy
when choosing a 1D CNN is also minimal and may be justified. Furthermore, if primary target
classes are sparsely represented, a waveform-based model may conserve energy while improv-
ing performance on critical but sparse acoustic signals since the 1D CNN appears to handle the
minority classes (SP4 and SP5) more effectively. However, it remains unclear whether these
performance differences stem from fundamental properties of the representation of the input
signal and convolutional dimensionality (i.e. 1D vs. 2D inputs/kernels), if they are signal spe-
cific to SP4 and SP5, or if they are simply artifacts of variability due to the poorly performing
and acoustically heterogeneous S3 class.

Further work is needed to determine whether the observed trends in minority class perfor-
mance are due to signal-specific characteristics, class imbalance, incidental variability or other
unknown factors. A clearer understanding of these factors could guide the development of more
efficient, task-specific models that balance accuracy and resource constraints.
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