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Abstract

In Scandinavia, the Eurasian lynx (Lynz lynz) is a
hunted species whose populations must be monitored.
We present a deep-learning-based software detector
of E. lynx calls. It can be applied to long-term au-
dio recordings carried out during the breeding season
where the species produce loud and far-reaching calls.
To our knowledge, this is the first published software
detector for this species. Considering the large data
sets required by deep learning, to compensate for
the dearth of E. lynx recordings, we harnessed sound
synthesis and data augmentation. Starting from a sta-
tistical analysis of the handful of available recordings
of lynx calls, we designed a spectrogram synthesizer
based on additive sound synthesis. The diversity in
the synthetic data set was further extended using
a subset of an engineering outdoor noise prediction
model to simulate the received spectrograms as a
function of topography, source-receiver geometry and
other site-specific parameters. A one-channel neural
network inspired from LeNet-5 was trained on this syn-
thetic data. The E. lynx detector trained from scratch
achieved 95.4 % accuracy. This novel approach of re-
purposing noise prediction schemes should be valuable
in other applications of supervised machine learning
for a wide range of outdoor sounds.

Keywords: data augmentation, data synthesis, deep
learning, Furasian lynz, acoustic monitoring

1. Introduction

The Eurasian lynx (Lynxz lynx) is a carnivore species
with a wide distribution area from Western Europe to
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East Asia [1], [2]. In Norway, the Eurasian lynx is a
hunted species with a small population of about 420
individuals in 2023 [3]. This makes it vulnerable to
rapid extinction [4]. Considering the situation of the
species, monitoring is important.

Passive acoustic monitoring with field recorders is
an established technique providing information in a
fast and cost-effective way [5]. However, in long-term
recordings animal vocalizations might only occur spo-
radically, and thereby only make up a tiny fraction
of the total recording time. Therefore, automated
processing of the recordings is necessary to extract
the animal vocalizations of interest.

In the case of the Eurasian lynx, since the species is
both rare, elusive and not very vocal outside a short
breeding season, there are very few published record-
ings of lynx calls at the time of writing. In this paper,
we describe the design of a deep-learning-based detec-
tor for the most common vocalization of the Eurasian
lynx. Our aim was to design a custom neural network
and to train it from scratch. Owing to the shortage
of available recordings, our approach was to synthe-
size spectrograms and to harness data augmentation .
In machine learning, data augmentation helps avoid
overfitting, compensates for imbalanced data sets and
improves the capacity of models to generalize [6]. In
contrast to the application-agnostic approaches taken
in the literature on data augmentation [6], [7] except
occasionally in indoor spaces [8], here we wanted to
test physics-based data augmentation by harnessing
outdoor sound propagation as a parametric filter.
The remainder of this paper is organized as follows.
Chapter 2 describes the target calls for the species of
interest, the production of a dataset and the design
of a detector. Chapter 3 presents the results of spec-
trogram synthesis and of the detector. These results
are discussed in chapter 4. Chapter 5 concludes this

paper.
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Figure 1: Spectrogram of a typical Eurasian lynx

mew sequence. Source: Tierstimmenarchiv- [10] :

TSA:Lynx_lynx_S_921_1_1.

2. Materials and methods

2.1. Target vocalization

The Eurasian lynx has four different calls [9]. Among
them, the mew is the most common call found in sound
libraries. Mews occur especially during the mating
season, from February to April [1]. The mews are
powerful long-distance calls that are produced both
by the male and the female. They are the most likely
vocalizations to be detected by a passive recorder for
the species. Therefore, the mew was chosen as the
target of the detector. Arguably the mew can be
described as a superposition of multiple frequency-
modulated harmonics. Each typically resemble an
“inverted U” in the spectrogram with some degree of
asymmetry (Figure 1). Mews are typically produced
in sequence.

2.2. Audio data sources
2.2.1. Existing data

Recordings of Eurasian lynx calls were contributed by
6 persons / organizations in Europe (Czech Republic,
France, Germany) in February 2022. They represent
143 mews and 250 s of vocalizations in total. Assuming
a window length of 4 seconds, this represents less than
60 distinct spectrograms. This is insufficient to train
a deep learning model from scratch.

The spectrograms of these recordings were analyzed
in Audacity (The Audacity Team, 1999-2026) release
3.7) to extract statistics on (1) the number of mews
per call, (2) the duration of a mew, (3) the mew rate
within a call, the (4) minimum and (5) maximum
frequency of the fundamental and (6) the number of
harmonics. 46 mews could not be used to estimate
anything else than the number of mews per call and
the call rate, because of clipping, poor signal-to-noise
ratio, or because they were obviously taken at large
distance, and thereby altered by sound propagation.

When designing the model, there were very few record-
ings of Eurasian lynx calls available in the on-line na-
ture sound archives. Six recordings could be retrieved
from the MNHN Sonothéque (Paris, France), two from

the Tierstimmenarchiv (Berlin, Germany). The full
potential of the latter could not be exploited because
the archive was shut down due to a cyberattack for
most of our project.

Since it was desirable to simulate different signal-to-
noise ratios, we used existing recordings (PCM, 16-
bit resolution, 32 kHz sampling frequency) made in
Trondheim at the outskirts of a small forest in October
2023 with an Audiomoth (Open Acoustics Devices,
Oxford, UK) as a source of background noise.

2.2.2. Data collection

To build the validation and the test sets we recorded
real lynx calls at Namsskogan Familiepark (Trones,
Norway), a resort that hosted three Eurasian lynxes
(two females and one male). A Wildlife Acoustics
(Maynard, MA, USA) type SM4 acoustic recorder was
installed on a tree about 5 m away from the enclo-
sure. Continuous recording (PCM, 16 bits, 44.1 kHz)
was carried out in February-March 2022 and 2023.
Recordings were also made at Langedrag Dyrepark
(Nesbyen, Norway), a zoo that hosted nine E. lynxes
placed in two enclosures. A Frontier Labs (Yeerong-
pilly, Queensland, Australia) type Bar-LT recorder
was attached to one of the fences delineating an enclo-
sure and recorded continuously (PCM, 16 bits, 44.1
kHz) from 18:00 to 10:00 UTC+1 daily in the late win-
ter 2023. Both enclosures were within the detection
range of the recorder.

2.3. Spectrogram synthesis
A mew was modelled analytically as follows:

m(t) = A(t) > a;sin(¢;(t)), t € [to,t] (1)
=0

where tyg = 0 s without any loss of generality and
0.34 < t; < 0.64 s. Moreover, the tuple (a;, ¢;(t) =
(1 + 1)¢o(t)) with relative amplitude and phase at in-
stant ¢ define the i-th harmonic. In Eq. (1), the phase
of the fundamental ¢y was defined by a third-order
polynomial of ¢ that was fitted to the spectrogram of
the fundamental of a mew.

The amplitude modulation function A(t) was defined
as a piecewise linear function according to the clas-
sical attack-decay-sustain-release ADSR model used
in analog musical synthesizers [11]. The function was
fitted to the typical envelope of a mew that features
a relatively short attack-decay phase followed by a
longer sustain-release one. As implied by Eq. (1), the
same ADSR window was applied on all harmonics.
As expected and visible in Fig. 1, the energy of the
harmonics is a decreasing function of frequency. The
decay pattern defined by a;,7 € {1,..., N} was fitted
at the center of a single mew. n = 14 was used in Eq.
(1). While higher harmonics do exist in E. lynx mews
at short range, they are above the frequency range of
the spectrogram used by our detector as an input.
Eq. (1) corresponds to a single mew. This mew will
be repeated N times to form a complete E. lynx call.
This can be obtained by a simple convolution

12th Convention of the European Acoustics Association
Graz, Austria « 8" — 12" September 2026 o

AUSTRIAN ACOUSTICS ASSOCIATION


https://euracoustics.org/
http://aaa-oega.org/

N

z(t) =) m(t)xd(t— (G- DT +4;) (2)

Jj=1

where N € {1,2,3} for a 4-s window is the number of
mews, 0() is the Dirac distribution, T is the average
period between the starts of two successive mews and
A; is a random variable that accounts for deviations
from the perfect periodicity 7" in the sequence of mews.
For the possible values of N, T' > 1.3 s.

A sampling rate of 22 kHz was assumed. The com-
puted spectrograms (buffer size 512 with 50% overlap)
span over 4 s in the time domain and between 0 and
10 kHz in the frequency one.

2.4. Data augmentation

Many methods have been developed to predict outdoor
sound propagation [12], [13]. It is beyond the scope
of this paper to review them. Considering that ani-
mal communication occurs in complex environments
and that computation time should be minimized if it
desirable to generate a large amount of augmented
data, engineering noise prediction methods like the
ISO 9613-2 standard [14] seem to be the most suitable
ones.

80

Attenuation(dB)
-
o

N
o
T

. . . . . . .
63 125 250 500 1000 2000 4000 8000
Frequency(Hz)

Figure 2: Components of Aexcess 50 m from the source.
Source height: 0.5 m, receiver height: 2 m, temperature:
10°C, relative humidity: 60%. Propagation on flat absorb-
ing ground in a forest.

A call will be produced from a point S in an outdoor
environment. It will be received at another point R.
According to ISO 9613-2, further neglecting directivity
of the animal’s vocal organ, and assuming that S and
R are in line of sight, the signal will be received with
the following total excess attenuation Aexcess in dB
for the k-th octave band fy:

Aexcess(fk:) = Aatm(fk) + Agr(fk) + AfOl(fk) (3)

where Aatm is the atmospheric attenuation, Ag, the
attenuation due to ground reflections and Ag, the
attenuation due to propagation through foliage. In
this model, attenuation depends on source and re-
ceiver height, horizontal distance, ground absorption,
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Figure 3: Components of Aexcess 300 m from the source.
The other parameters are unchanged compared to Fig. 2.

relative humidity, temperature. It also depends on
propagation distance below the canopy, if any. Ag,
is responsible for the so-called gound dip in the left
half of the spectrum. A, is a strongly increasing
function of frequency. Fig. 2 and 3 illustrate the three
components of Aeycess i Eq. (3) 50 m and 300 m
away from the source.

All these parameters were modelled as uniform random
variables within specified boundaries. The ground was
assumed to be flat. For any given set of parameters,
the attenuation is a piecewise constant function of
frequency. Only the excess attenuation was considered
in data augmentation because spherical divergence
does not depend on frequency and the detector takes
normalized spectra as inputs. Aexcess 1S Subtracted
from the spectrogram of the synthetic call obtained
according to the procedure described in section 2.3.

To further augment the data, background noise was
taken into account. The recordings collected in Trond-
heim (see section 2.2.1) were used to produce spectro-
grams at five different signal-to-noise ratios from -10
to 10 dB in 5-dB steps.

In addition to this physics-based data augmentation
ColorJitter offered by the PyTorch API was also
used. ColorJitter randomly changes the brightness,
contrast, saturation and hue of the spectrograms.

2.5. Machine learning
2.5.1. Data sets

The training set for the Eurasian lynx detector con-
sisted of 2444 noise spectrograms (non lynz) and 2444
spectrograms of synthesized E. lynx calls. The val-
idation set consisted of 470 spectrograms computed
from real-world recordings. 234 are labeled as lynx
and 236 as not lynz, resulting in a balanced data set.
Most of the recordings are from the Namsskogan 2022
campaign (see section 2.2.1). The test set is perfectly
balanced, containing 357 spectrograms in each class.
All the E. lynx detector test set spectrograms were
taken from the Langedrag 2023 campaign (Sec. 2.2.1).
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Figure 4: Architecture of the Eurasian lynx detector.

2.5.2. Model architecture

The machine learning model we designed is a relatively
shallow convolutional neural network composed of
two convolutional layers, three linear layers, two max
pooling layers and two dropout layers. It is inspired by
LeNet-5 [15]. Figure 4 displays the model architecture.
The first layer is a 2D convolutional layer with one
input channel, as the spectrograms are converted to
220 x 220 grayscale images in the pipeline. The final
layer features a single output and uses Binary Cross
Entropy With Logits Loss. This is a utility from
PyTorch which combines a sigmoid activation function
and the binary cross entropy loss function. Therefore,
there is no need for implementing a separate activation
function after the final layer. Our custom model
depends on 3254809 trainable parameters.

2.5.8. Training

Each model was trained using three different seeds
from a random number generator to improve repro-
ducibility when doing hyperparameter tuning. The
training set was shuffled during training. In other
words, the order of images fed into the model was
different for each epoch without seeds. For each new
combination of hyperparameters, the machine learning
model has been trained three times, each time with a
given seed. Combinations which provided good results
for all of the three seeds were deemed more promis-
ing. During hyperparameter tuning, the metrics that
were monitored are accuracy on the validation set,
loss on the training set and loss on the validation set
to spot hyperparameters that provided best results.
Different kernel sizes for the convolutional layers were
tested, ranging from 3x3 to 7x7. The latter worked
best. When it comes to the optimizer, AdamW with
a weight decay coeflicient [16] outperformed Adam.

Epochs: 5-20
Batch size: 32
Dropout rate: 0.9
Convolution kernel size: X7
Optimizer: AdamW

Table 1: Final hyperparameters of the machine learning
model after tuning.

3. Results

3.1. Spectrogram synthesis

Figure 5 shows one example of a synthesized spectro-
gram for the Eurasian lynx, according to the procedure
described in section 2.3. See [17] for more examples.
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Figure 5: Synthesized fragment of E. lynx call with 10
dB SNR.

3.2. Detector performance

Table 2 displays three hyperparameter configurations
from the experimental approach for the E. lynx detec-
tor, with corresponding accuracy percentage on the
validation set for each seed.

Batch size: 32 32 32
Dropout rate: 0.5 0.9 0.9
Optimizer: Adam | Adam | AdamW
Learning rate: 0.001 | 0.001 0.0011
Weight decay: 0 0 0.01
Conv. kernel size: 5xH 5xb =7
Val. accuracy seed 1: 84.0 86.0 93.4
Val. accuracy seed 2: 7.7 87.2 80.4
Val. accuracy seed 3: 78.5 84.0 86.8

Table 2: Three configurations from the experimental
approach for the model.

The third model has the best validation accuracy, and
also the best accuracy on the test set. This is a good
result, because it shows that there is a correlation
between validation accuracy and test accuracy, and
therefore also a correlation between the validation set
and the test sets. Similar validation and test set is
important to obtain effective hyperparameter tuning.
Figure 6 displays the confusion matrix for the best
model on the test set. The number of false positives
for the third model is extremely low. Almost all the
errors are false negatives.

4. Discussion

4.1. Data generation

When comparing the synthesized spectrograms to real
ones, the most visible difference is the occasional pres-
ence of a reverberation tail in the real calls. In addi-
tion, the real spectrograms typically contain energy
between the harmonics. This is not accounted for by
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Figure 6: Confusion matrix for the best model on the
test set. Accuracy: 95.4 %. Precision: 0.99. Recall: 0.92.

our synthesizer. In that respect, the additive synthesis
is a limitation here. There is not enough space here to
present a thorough comparison between spectrograms
of real and synthetic calls. Fig. 1 and 5 are merely one
example of each. More details can be found in [17].
The performance of the detector suggests that the
synthetic data used for training the model accounts
for the variability in the real calls.

While it would not have been possible to train a model
from scratch based solely on the E. lynx audio data
available at the time of developing the model, and
although the approach combining both spectrogram
synthesis and physics-based data augmentation taken
here seems to be successful, further work should eval-
uate the relative contribution of synthesis and aug-
mentation based on a model for attenuation of sound
outdoors by carrying out ablation studies, preferably
in a scenario where the size of the training set is kept
constant. A comparison of our approach with more
common audio augmentation techniques should also
be carried out.

Although Eq. (1) is expressed in the time domain, it is
more appropriate to write about spectrogram synthesis
than about sound synthesis, since the modeling was
guided by the desire to mimic spectrograms, because
they are the input expected by the detector. Even
after fitting the model’s parameters on real calls the
typical synthetic call in the time domain was a far
cry from a real E. lynx sequence of mews. Turning
to physical modeling of sound generation would likely
lead to more realistic sounds. However, since the
input of our model is spectrograms where by definition
phase information is lost, physical modeling seems like
overkill.

For data augmentation, we relied on a method that de-
livers attenuation spectra in octave bands. Although
this method was simple to implement the decompo-
sition in octave bands is arguably quite coarse when
it comes to filtering bioacoustic signals. Further work
could consider switching to Nord2000 [18] because of
the higher sensitivity of this method to a larger num-
ber of physical parameters. This would be beneficial
for the diversity of the generated datasets.

4.2. Performance, hyperparameters and data
Table 2 shows tremendous variability in validation
accuracy from one seed to another. This is likely at-
tibutable to the limited variability in our purely syn-
thetic training set compared to real calls. A number of
parameters are fixed in the synthesis of spectrograms,
like the sweep pattern or harmonic decay. The size of
the data set may also be a limitation here.
Moreover, a theoretical investigation shows the in-
teraction between neural network size, dropout and
learning rates [19]. According to this research, with
the value we took for the learning rate, the use of
dropout leads to training that is likely to depend
on the initial conditions. Other recent research [20]
observes that the specialization of neurons will only
occur if the dropout rate is significantly smaller than
the values we considered when training our neural net-
work. This could also have compromised the stability
of the performances.

When evaluating the machine learning performance,
it is important to have in mind what kind of data the
models was actually trained on. It would be desirable
to train the models on data containing vocalizations
from not only E. lynx, but also other sympatric species
whose vocalizations have spectrograms that are close
to those of E. lynx, like some representative of the
Corvus genus.

We used synthesized data for the E. lynx vocalizations
because there was not enough recorded data of these
animals available to constitute a proper-sized training
set. Even though the Eurasian lynx is rare, it would
be challenging to collect enough data for sympatric
species as well. Furthermore, developing synthesizers
for sympatric species that are likely to appear would
also be time consuming. Therefore, considering only
two classes was a pragmatic choice. The detector
could be used in parallel with classifiers like BirdNET
[21] to help mitigate occasional false positives.

5. Conclusion

In this paper, we presented a deep-learning-based
Eurasian lynx detector. To cope with the lack of
labeled data in this elusive species, we developed ded-
icated spectrogram synthesis based on a statistical
analysis of a small number of recordings and heuristic
analytical modeling of the call of the target species.
The training data was further expanded through data
augmentation. Here, augmentation was based on a
subset of a repurposed engineering noise prediction
model. This made it easy to simulate many different
realistic outdoor source-receiver scenarios. The LeNet-
5-inspired model that we trained from scratch achieved
95.4% accuracy on the test set.

When it comes to designing detectors and classifiers
for outdoor sounds, both data synthesis and physics-
based data augmentation as described here seem to
be relevant approaches for both man-made and biolog-
ical sounds. Many animal vocalizations in birds and
mammals can be approached by additive synthesis.
It may be beneficial to replace the engineering noise
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prediction method used here by a more advanced one.
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