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ARTICLE INFO ABSTRACT
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The ecological significance of vibroscape has been largely overlooked, excluding an important part of
the available information from ecosystem assessment. Insects rely primarily on substrate-borne vibrational

ape-code signalling in their communication, which is why the majority of terrestrial insects are excluded from passive
Keywords: acoustic monitoring. The ability to monitor the biological component of the natural vibroscape has been
Vibroscape limited due to a lack of data and methods to analyse the data. In this paper, we evaluate the use of deep
Ecotremology learning models to automatically detect and classify vibrational signals from field recordings obtained with

Deep learning
Automatic classification
Biotremology

Insects

laser vibrometry. We created a dataset of annotated vibroscape recordings of meadow habitats, containing
vibrational signals categorized as pulses, harmonic signals, pulse trains, and complex signals. We compared
different deep neural network architectures for the detection and classification of vibrational signals, including
convolutional and transformer models. The PaSST transformer architecture, which was fine-tuned from a
pre-trained checkpoint demonstrated the highest performance on all tasks, achieving an average precision
of 0.79 in signal detection. For signals with more than one hour of annotated data, the classification models
achieved instance-based Fl-scores above 0.8, enabling automatic analysis of activity patterns. In our case
study, where 24-hour field recordings were analysed, the trained models (even those with lower precision)
revealed interesting activity patterns of different species. The presented study, together with the dataset we
publish with this paper, lays the foundation for further analysis of the vibroscape and the development of
automated methods for ecotremological monitoring that complement passive acoustic monitoring and provide

a comprehensive approach to ecosystem assessment.

1. Introduction

In the last decade, ecoacoustics emerged as a discipline that uses
animal sounds to monitor biodiversity and gather ecological informa-
tion (Sueur and Farina, 2015; Ross et al., 2023; Besson et al., 2022).
Passive acoustic monitoring (PAM) has been successfully applied in
terrestrial and aquatic ecosystems, as described in Sugai et al. (2019),
Linke et al. (2018), Miksis-Olds et al. (2018); however, it is limited
to animal groups and species that produce air-borne or underwater
sounds (Ross et al., 2023). Insects are the most numerous and diverse
group of terrestrial animals (Stork, 2017), and they are essential for
the functioning and stability of ecosystems (e.g. Prather et al. 2013,
Risch et al. 2018, Eisenhauer et al. 2023). Severe long-term decline of
insects reported over the last decade (reviewed in Sanchez-Bayo and
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Wyckhuys, 2019; Wagner, 2020; Wagner et al., 2021) has also revealed
large gaps in our knowledge of insect ecology, species distribution, pop-
ulation dynamics and community composition. Insect monitoring has
now been recognized as one of the priorities in biodiversity assessment,
and PAM has been highlighted as a useful new monitoring tool (van
Klink et al., 2022). While such an approach is applicable to insects
that emit air-borne or underwater sounds (e.g. orthopterans, cicadas
and freshwater insects), most terrestrial insects are not covered as the
majority rely on communication through substrate-borne vibrational
signals (Cocroft and Rodriguez, 2005; Virant-Doberlet et al., 2023).
Hidden to the human senses and thus to our general awareness,
substrate-borne vibrational signalling is one of the most common forms
of animal communication, used by over 240,000 animal species, includ-
ing vertebrates (Cocroft and Rodriguez, 2005; Cocroft et al., 2014).
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Only in the last decade has the importance of vibrational commu-
nication been recognized (Cocroft et al.,, 2014) and the increased
awareness has led to the emergence of biotremology as a discipline
that studies vibrational behaviour (Hill and Wessel, 2016; Hill et al.,
2019). Substrate-borne vibrations are ubiquitous in nature (Hill, 2009)
and as soundscape (Pijanowski et al., 2011a,b), vibroscape is an im-
portant part of the environment. It has been defined as the collection
of all substrate vibrations present in the environment and includes
biological, geophysical and anthropogenic components (Sturm et al.,
2019; Sturm et al.,, 2021, 2022). While the main source of biolog-
ical vibrations are vibrational signals used for communication, they
also include incidental vibrations generated by other body movements
(e.g. locomotion, feeding) and substrate vibrations induced by air-borne
sounds (Sturm et al., 2019; Sturm et al., 2021; Choi et al., 2024).
Recently, ecotremology has been introduced as a discipline that aims
to study vibroscape to assess biodiversity and ecosystem functions and
propose more effective conservation plans (Sturm et al., 2022). Because
of its potential, ecotremology is now increasingly considered as part of
the insect biodiversity monitoring toolkit (van Klink et al., 2024). The
usefulness of using ground-transmitted substrate vibrations to identify
larger mammals has already been demonstrated (e.g. Szenicer et al.
2022, Parihar et al. 2021, Brickson et al. 2023).

The monitoring of small, species-rich and highly diverse plant-
dwelling insects represents a major challenge for ecotremological mon-
itoring. Although the number of vibroscape studies related to arthropod
communities has been small (Sturm et al., 2021; Akassou et al., 2022;
Choi et al., 2024), they have shown that species-specific vibrational sig-
nals can be identified and that vibroscape composition reflects changes
in arthropod communities. One of the major challenges in these studies
was the identification of vibrational signals and characterization of
vibrational communities. Manual identification is very time-consuming
and computational methods for automatic classification and identifica-
tion of insect vibrational signals have not yet been tested on vibroscape
recordings in the field. Automatic detection and recognition of vibra-
tional signals is a challenge. Due to the enormous number and diversity
of species emitting vibrational signals and the lack of reference li-
braries, most of vibrational signals encountered in field recordings are
unknown. Furthermore, incidental vibrations are often hard to distin-
guish from vibrational signals used for communication. In addition,
vibrational signals are subject to unpredictable degradation during
transmission through the substrate (Virant-Doberlet et al., 2023) and
vibrations from geophysical and anthropogenic sources overlap the
frequency range of vibrational signals (Sturm et al., 2021).

In this paper, we present a study on the use of computational meth-
ods for the automatic detection and classification of vibroscape field
recordings. We compare a number of deep learning approaches for this
task, analyse their performance, and show how the recognition models
can support the analysis of such recordings. To test the suitability
of the developed AI models, we applied them to 24-hour vibroscape
recordings to estimate the daily pattern of vibrational activity. To
stimulate further work, we also provide a dataset of annotated field
recordings used in the study.’

2. Related work

Computational methods for animal vocalization detection and clas-
sification for a variety of species have emerged in recent years, driven
on the one hand by the development of affordable sensors and sensor
networks that produce large amounts of data, and on the other hand
by the development of deep learning-based machine learning meth-
ods. Stowell (2022) provides an excellent and comprehensive overview
of the use of deep learning in computational bioacoustics, focusing on
the various aspects of the use of machine learning in bioacoustics and

1 https://github.com/matijama/VibroScape
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the more technical aspects of recent methods. For a detailed overview
of the field, we therefore refer the reader to the referenced paper.

In the following, we provide an overview of several recent works
that focus on the detection and classification of insects, as these are
also our target species. As mentioned by Stowell, most recent works
on detection and classification employ convolutional neural networks
(sometimes with recurrent modules) to analyse audio spectrograms (or
related features) to detect and classify the target species. Transformer
architectures are not yet widely used, mainly because they require
very large datasets for training. The trained models are usually species-
specific and cannot be transferred to other species without retraining,
although few-shot learning models are getting noticed (Nolasco et al.,
2023). For example, to monitor the activity of pollinating insects
and woodpeckers, Folliot et al. (2022) trained a convolutional neural
network on audio spectrograms to automatically detect the sounds of
flying insects’ buzzing and woodpeckers’ drumming. They used the
output of the model to estimate the seasonality, diel pattern, climatic
breadth and distribution of the monitored species. A comparison of
classical and deep learning methods for mosquito detection and classifi-
cation was presented in Yin et al. (2023), while Faif3 and Stowell (2023)
show that the use of an adaptive and waveform-based preprocessing
front-end improves the performance of deep learning methods for
automatic insect recognition.

All of the above approaches perform detection on acoustic air-
borne stimuli, while works dealing with vibrational signals transmitted
over solid media are rarer. Bhairavi et al. (2020) and Mankin et al.
(2021) provide an overview of pest control approaches, also looking at
techniques that rely on piezoelectric sensors, accelerometers and laser
vibrometers. Rigakis et al. (2021) introduced the TreeVibes system,
which uses vibroacoustic sensors and convolutional networks to detect
borers in trees, while Mankin et al. (2021) showed that the same system
could be used to detect the rice weevil in grain. Zhang et al. (2023b)
introduced a convolutional neural network TrunkNet to detect vibra-
tional signals of a specific trunk borer larvae species. The signals were
collected by piezoelectric sensors, MFCC features were extracted, and
a five-level convolutional architecture was trained to detect the target
signals. In their follow-up work (Zhang et al., 2023a), they showed
that convolutional+transformer modules can be used to enhance the
vibrational signals of trunk-boring insects and improve classification
accuracy. Korinsek et al. (2019) presented ideas for a proof-of-concept
solution for detecting vibrational signals in laser vibrometry recordings,
and our initial results in automatically analysing such recordings were
first presented in Marolt et al. (2022).

3. Materials and methods
3.1. Dataset

The data used for our experiments contain laser vibrometry record-
ings collected over a period of several years. Most of them contain
recordings of vibroscape in its natural environment (hay meadows), a
subset also contains laboratory recordings of two species.

Field recordings of vibroscape were conducted in 2016, 2017, 2018
and 2023 on a eutrophic lowland hay meadow in the Ljubljana Moors,
Slovenia (coordinates: N 45° 56'42.40”, E 14° 20709.21”). The vi-
broscape was recorded with a portable Doppler laser vibrometer (Poly-
tec PDV 100) and stored on a laptop equipped with an external sound
card (Sound Blaster SBX) and Raven Pro 1.5 software with a sampling
rate of 44.1 kHz and a resolution of 16 bits. To record the vibroscape,
we aimed the laser beam precisely at a small piece of reflective foil
attached to a plant. The sound files in .wav format were automatically
saved every 10 min. The recording site had access to mains power
and the devices were powered directly via an extension cable. The
recordings were made in stable weather conditions to avoid damaging
the equipment (Sturm et al., 2021).
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Fig. 1. Different vibrational signals: complex (C1, C6), train (T1, T9), harmonic (F5) and pulse (P3).

Table 1

Dataset by vibrational signal category. Columns two to five show the number of
annotated signals, the number of distinct species, the total duration of the annotations
in hours and the average signal duration (with standard deviation) in seconds.

Table 2

Six common signal types. Columns 2-4 show the number of annotated signals, the total
duration of the annotations in hours and the average signal duration (with standard
deviation) in seconds.

Cat. Count VSTs Dur. (h) Avg. d. (s) VST Count Dur. (h) Avg. d. (s)

C 7411 17 13.1 63+55 T1 1683 8.1 17.4 +£23.8

T 5390 33 11.3 75+153 Cl 1490 6.0 145+4.4

P 1527 6 0.1 03+03 C2 3290 5.1 5.6+24

F 937 17 0.6 24+4 T9 977 1.2 45+5.1
C6 328 0.5 55+69
T3 387 0.3 29+1.1

In contrast, laboratory recordings of leafhoppers from the genus
Aphrodes were collected over several years at the National Institute of
Biology in Slovenia. These recordings were made during behavioural
trials using a portable Doppler laser vibrometer (Polytec PDV 100).
The laser beam was directed at a reflective foil attached to individual
herbaceous plant cuttings with leafthoppers present. The laboratory
recordings have a better signal-to-noise ratio than those obtained in
the natural environment.

The dataset was manually annotated by experts (R.S., J.J.L.D.,
B.R.) who marked the time/frequency range of each vibrational sig-
nal they encountered by listening to the recordings and inspecting
the corresponding spectrograms. Since there are no comprehensive
public reference libraries of vibrational signals, the experts classified
the signals based on their distinct temporal and spectral characteris-
tics (Sturm et al., 2021). They identified four main vibrational signal
types (VSTs): pulse (P), which contains short broadband or harmonic
pulses, harmonic (F), which contains longer signals with a clear har-
monic structure, train (T) with regularly repeating pulses or harmonic
structures, and complex (C), which contains at least two of the previous
types with a relatively well-defined structure. Some of the signals
could be attributed to individual species, e.g. leafhoppers Aphrodes
makarovi (C1), A. bicincta Dragonja (T1), Anoscopus serratulae (C2),
Megophthalmus scanicus (T3), while others were identified only by their
type and number (e.g. T9), as the species producing the signal is not
known. Examples of the different signal types are shown in Fig. 1, the
content of the dataset is summarized in Table 1.

In total, the dataset contains about 91 h of annotated recordings, of
which 10 h are laboratory recordings and the rest were recorded in the

field. Of the 91 h, around 25 h are labelled as vibrational signals. Most
of the VSTs belong to class C, followed by T, P and F. On average,
train signals are the longest and P the shortest. The duration of T-
type signals also varies greatly, as these signals have no clear structure
or fixed duration. The signals of several commonly found species are
summarized in Table 2, and it is not surprising that they belong to the
two most common categories C and T.

Most signals are in a predominantly low-frequency range (be-
low 3000 Hz). Field recordings contain a high level of vibrational
noise from a variety of sources, including wind, air-borne sounds
(e.g. birdsong), animal movements and human activity. As a trans-
mission medium, plants act as low-frequency filters with discrete
resonances (Polajnar et al., 2012), and in a grassland habitat, a random
distribution of plants with different geometries and selective frequency
filtering characteristics impose unpredictable effects on the signal
structure (Sturm et al., 2021). An example is shown in Fig. 2, which
shows a laboratory and a field recording of a T1 signal. Various noise
sources and differences in the frequency characteristics are clearly
recognizable.

3.2. Models

In this paper, we compare different models for the automatic detec-
tion and classification of vibrational signals. We focus on deep learning
methods, which are currently the dominant approach in related works.
Since our dataset is not very large, we investigate the usability of deep
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Fig. 2. Signal of T1, recorded in the laboratory on a plant on which the insect
signalled, and in the natural environment at an unknown distance from the insect.
In the latter case, the signal only occupies a narrow frequency band around 600 Hz
due to filtering by the plants (the signal is marked by the white rectangle).

audio embeddings as well as transfer learning of models pretrained on
other domains. We also investigate whether using a transformer-based
architecture improves performance over convolutional networks. We
compare four approaches for this task.

We investigate the use of deep audio embeddings with OpenL3
embeddings (Cramer et al., 2019) extracted with a Look, Listen, and
Learn Net, a deep convolutional network trained by self-supervised
learning of audio-visual correspondences in videos. The authors provide
several embedding models, some trained on music clips and others
trained on sounds in natural acoustic environments; all clips are from
the AudioSet (Gemmeke et al., 2017). The model encodes 1 s long audio
segments. Since we need a larger context to successfully detect and
classify our signals (see Section 5), we extract consecutive embeddings
within each context window of size w, with a step size of s,. On the
decoder side, we use a pooling layer to summarize the embeddings over
the length of the context window. We compared several pooling layer
types, including temporal average pooling, statistics pooling, and self-
attention (Safari et al., 2020). The pooling layer is followed by a fully
connected layer with batch normalization and ReLU activation, and a
final linear classification layer. We illustrate the architecture of the OL3
network in Fig. 3.

We also evaluate three different neural network architectures for
this task. All three use the same input representation, namely the
mel-scaled spectrogram, which represents the audio signal within the
context window of size w,.

The first model (TCSC) is a convolutional network based on 1D time-
channel separable convolutions as proposed by Kriman et al. (2020).
A 1D time-channel separable convolutional block consists of a 1D
depthwise convolutional layer that processes each frequency channel
individually but across time frames, and a pointwise convolutional
layer that processes each time frame independently but across fre-
quency channels. These layers are followed by batch normalization
and the ReLU activation function. We included five such blocks of
increasing convolution kernel sizes (11, 13, 15, 19, 23) in our model,
with the middle three blocks containing additional residual connec-
tions, as shown in Fig. 4. The blocks are followed by a final pointwise
convolution layer that gathers information across all frequency chan-
nels and feeds the decoder. For more details on the individual blocks,
we refer the reader to the original paper. The time-channel separable
convolutions help to keep the size of the network small; the entire
network has about 71k trainable parameters. The decoder is the same
as in the OL3 network.

The second model is a Large-Scale Pretrained Audio Neural Network
for Audio Pattern Recognition (PANN) (Kong et al., 2020). We opted
for a much larger network with 80 million trainable parameters based
on the CNN14 architecture. Since the network is too large to be
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Fig. 5. Clicks in the recorded signal (left) and the signal after preprocessing.

successfully trained on our small dataset, we used transfer learning and
initialized the encoder part of the network from a model pre-trained on
the AudioSet tagging task. We then fine-tuned the entire network for
our task.

To evaluate the performance of transformer networks, the third
model is based on the Patchout faSt Spectrogram Transformer model
(PaSST) (Koutini et al., 2022) with 85M trainable parameters. Similar
to the PANN, we initialized the model with a network pre-trained on
the AudioSet tagging task and then fine-tuned it with our dataset.

4. Computational model development

In this section, we present the details of dataset preparation, model
training and testing.

4.1. Preprocessing

When examining the vibroscape recordings taken in the natural
environment, we found that they often contain high-amplitude clicking
sounds (see Fig. 5). We do not know whether the clicks are caused
by the vibrometers or a sudden plant movement, but they interfere
with the later stages of dataset preparation, especially with volume
normalization and dynamic range compression. Therefore, we have
implemented a simple procedure to remove the clicks.

To emphasize the clicks, the recorded signal is first filtered with a
high-pass filter at 2 kHz, as the clicks contain strong high-frequency
components that are otherwise not present in the signal. We esti-
mate the position of the clicks by finding all outliers exceeding 20x
standard deviation within a 200 ms sliding window over the filtered
signal. Since each click can manifest itself in multiple strong peaks,
we search the original signal for additional outlier points exceeding
5x standard deviation in the 10 ms neighbourhood of each click. We
replace the found outlier points by a shape-preserving piecewise cubic
spline interpolation of the signal. The procedure is repeated twice to
capture peaks masked by high-amplitude clicks. A signal before and
after preprocessing is shown in Fig. 5.
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Table 3

Model performance across all tasks on the test datasets. The number of trainable
parameters for each model is given in column 2, the three performance metrics (average
precision, F1 frame-based and F1 instance-based) are given in columns 3-5.

Model Par. AP F1 fr. F1 in.

OL3 131k 0.65 0.61 0.66

TSCS 71k 0.70 0.65 0.70

PANN 80M 0.62 0.70 0.70

PANN tr. 80M 0.74 0.72 0.77

PaSST 86M 0.75 0.75 0.80
4.2. Datasets

To assess how well deep models can detect and classify vibrational
signals, we evaluated them on a series of binary decision tasks. For
signal detection, we trained a model to detect the presence of any type of
vibrational signal (CFPT) in each context window. To evaluate which
vibrational signal type can be better identified, we trained separate
models to recognize the presence of the two most common categories: T
and C. Finally, to assess how well individual species can be recognized,
we trained separate models for the six most common VSTs: T1, T9, T3,
C1, C2, C6. For each task, we prepared a separate dataset containing
clips labelled as the target class or as background. The background class
represents either background noise or other signals that do not belong
to the target class.

The datasets were divided into a development (80%) and a test
(20%) dataset using stratified random sampling to have approximately
the same proportion of target and background classes in both sets. To
avoid including samples recorded in close temporal proximity into both
datasets, we put signals recorded within the same hour of the day in
either the development or the test dataset, but not both.

4.3. Training

We trained the OL3 model on 48 kHz audio files, since the em-
bedding network was trained on 48 kHz data. For the other three
models, we used 16 kHz audio files as this allowed for faster data
augmentation and mel spectrogram computation during training. Signal
in each context window was normalized to compensate for the large
differences in signal levels within and between recordings. We ex-
tracted mel spectrogram features with a 20 ms window and 10 ms hop
length, using 64 mel bands from 70-5000 Hz. To improve robustness
to loudness variations, we processed the mel features with adaptive
per-channel energy normalization (sPCEN), which applies short-term
automatic gain control to every frequency subband Zeghidour et al.
(2020). Although PCEN originates from the speech domain, it is increas-
ingly used in bioacoustics (Lostanlen et al., 2019; Cramer et al., 2020;
Stowell, 2022; Faif} and Stowell, 2023).

We split the development datasets into training (90%) and vali-
dation (10%) subsets. Since they can be very unbalanced (e.g., there
are only 1.2 h of T9 signals in all 91 h of recordings), we balanced
each training epoch by including all samples of the target class and
randomly sampling the background class to achieve a 1 4 ratio.
We used the AdamW optimizer with a weight decay of 10~ and a
maximum learning rate of 10~*. We trained all models for 8000 steps
with a batch size of 256. We scheduled the learning rate to increase
linearly for 400 steps (warm-up), stay at the maximum for 1600 steps
and then decay with a ratio of 0.5.

4.3.1. Data augmentation

Large deep models tend to overfit the training data, especially with
small datasets, so data augmentation is an important part of the training
process (Abayomi-Alli et al., 2022). We used the following waveform-
based data augmentation techniques (we randomly selected zero or
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more techniques and their parameters to augment each data sample):

Background noise: background noise is added to the signal. The noise is

either Gaussian or comes from a dataset with background sounds (Thiemann

et al., 2013; Richey et al., 2018; Ko et al., 2017; Wichern et al., 2019).
The signal-to-noise ratio is randomly selected in the range from 12 to
50 dB.

Filtering: to mimic the effect of filtering by the plants, we randomly
select a filter type (bandpass, bandstop, lowpass, highpass) and the
respective cutoff frequencies to filter the signal.

Equalization: a parametric equalizer is used to randomly boost or cut
seven frequency bands from —12 to +12 dB.

Gain: the signal gain is changed randomly between —12 and +12 dB.

Mixup: we add a randomly selected signal from the same batch to the
target signal (Zhang et al., 2018).

Context window shift: since the signal annotations are usually longer
than the context window, the position of the context window within
the annotated region is selected at random.

In addition, we use two spectrogram-based augmentation tech-
niques for the three models that use the mel spectrogram input rep-
resentation:

Time stretching: we stretch the spectrogram along the time axis by a
random factor between 0.85 and 1.15.

Specaugment: we use SpecAugment (Park et al., 2019) to mask up to 8
frequency bins and 32 time frames.

4.4. Testing

Each trained model was evaluated on a test set containing record-
ings that were not used for training, as explained in Section 4.2. For
each recording, the context window was shifted over the entire dura-
tion with a step size of s, seconds and the prediction of the model was
interpreted as the probability of observing the target class at the centre
of the context window. We evaluated the accuracy of such predictions
given expert annotations and used the following performance measures:

Average precision (AP): the measure estimates the area under the
precision-recall curve and is calculated as a weighted average of the
precision values at each decision threshold, using the increase in recall
from the previous threshold as weight. We use the model output
calculated with the selected step size over the entire test set to compute
the score (frame-based metric).

F1 score (F1 fr.): provides a balance between model precision and recall,
using a fixed target-background threshold of 0.5. As with average
precision, the metric is calculated from the classifications of the entire
test set (frame-based metric).

Instance-based F1 score (F1 in.): we treat each annotation of a vibra-
tional signal as a separate signal instance. We consider an instance
to be correctly recognized if at least 1/3 of its duration is classified
as the target class. As with the frame-based F1 score, we use a fixed
target-background threshold of 0.5.

5. Results and discussion

All results presented in this section represent the average perfor-
mance of five models trained with different train-validation splits.
Unless otherwise stated, the value of the parameters described in
Section 3.2 were: w, =3 s,s5,=0.5s,5, =05 s.
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Fig. 6. Mel spectrum of a complex signal with overlaid reference annotations (blue)
and model output (white). The model labels the signal only partially correctly, mainly
because the signal changes from the beginning to the end, so that the beginning is
missed. Although not all parts of the signal were recognized correctly, the entire
instance is considered correctly recognized. (For interpretation of the references to
color in this figure legend, the reader is referred to the web version of this article.)

5.1. Models

We compare four different deep models for detection and classifica-
tion of vibrational signals (see Section 3.2). We trained and evaluated
all four models with the same parameters and on the same datasets.
Results are shown in Table 3.

The transformer architecture, fine-tuned from a pretrained check-
point (PaSST), shows the best performance on all 7 tasks described in
Section 4.2. Its performance outperforms the convolutional approaches.
Among these, the PANN fine-tuned from a pretrained model (PANN tr.)
performs best, although not by a large margin over the convolutional
TSCS model, which has 1000 times fewer parameters. Training a PANN
model from scratch does not yield any improvements, as the dataset
is too small to effectively train such a large model. Furthermore, the
OpenlL3 embeddings (OL3) do not seem to capture all the relevant
features required to successfully classify the vibrational signals. The
choice of pooling layer does not have a large impact on the results.
We used statistics pooling in the results reported for TSCS and OL3.

5.2. Tasks

We show the accuracy of the PaSST model for the seven tasks
described in Section 4.2 in Table 4.

For the detection of vibrational signals (CFPT), the model achieves
an average precision of 0.79. A closer look at the results shows that
the model (unsurprisingly) more accurately detects the complex (C) and
train (T) signals, which are more common in the dataset. It is also quite
successful with harmonic (F) signals, but fails with the pulse (P) signal
type. Pulse signals are very short and can easily be mistaken for noise,
so they are rarely recognized correctly (instance F1 is 0.37).

The recognition of the two most common signal categories (C and
T) shows that although the mean average precision is very similar for
both, there are large differences in the instance-based F1 measure -
it increases for C signals compared to the frame-based measure and
decreases for T signals. The better result in instance detection for
complex signal types can be attributed to the variability of complex
signals. They are often composed of different parts, only some of which
can be recognized by the model. In addition, the parts may be separated
by periods of inactivity, which are attributed to the background even
though they are annotated with the target class. The model thus recog-
nizes an instance (higher instance score), but not all segments within
the instance (lower frame-based score). An example is given in Fig. 6.

For the train signal category, the instance measure is worse than
the frame-based measure. This is mainly due to the many short T-
signals that the model fails to detect. This has a stronger effect on
the instance-based measure (whole instance missed) than on the frame-
based measure (one or two frames missed). An example can be found
in Fig. 7.

The accuracy of the recognition of the individual signals depends
on the total duration of the signals in the dataset. With more than one
hour of annotations, the accuracy of the models exceeds the instance F1
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Fig. 7. Mel spectrum of a train signal with superimposed reference annotations (blue)
and model output (white). The model correctly labels the longer signals, but overlooks
a very short signal and also makes a false positive error. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of
this article.)

Table 4

Performance of the PaSST model on the seven tasks. The total duration (in hours) of
target signals in the training set is given in column 2, followed by the three performance
metrics on the test set (AP, F1 fr. and F1 in.).

Task Dur. (h) AP F1 fr. F1 in.
CFPT 21.5 0.79 0.73 0.76
T 10.0 0.70 0.68 0.54
C 10.8 0.69 0.74 0.82
T1 6.6 0.81 0.73 0.85
T3 0.3 0.48 0.51 0.67
T9 1.0 0.90 0.86 0.83
C1 5.1 0.68 0.76 0.85
Cc2 4.2 0.65 0.75 0.92
Cc6 0.1 0.57 0.61 0.52

Table 5

Influence of context sizes on model accuracy.
Context (s) AP F1 fr. F1 in.
4 0.75 0.75 0.79
3 0.75 0.75 0.80
2 0.75 0.75 0.79
1 0.72 0.70 0.80

value of 0.8, so that the models are already useful as a tool for manual
signal inspection or for the automatic analysis of diurnal and seasonal
cycles in large datasets. With less than one hour of data, performance
is worse. When training a model to detect the C6 signal (0.5 h of
labelled data), the F1 instance measure only reached 0.4. Nevertheless,
the model provided interesting results when analysing daily activity
patterns, which were confirmed by manual inspection.

5.3. Context size and dynamic range compression

The size of the context window limits the length of the signal
that the model processes in each step. The smaller the window, the
shorter the signal that the model processes. Since many vocalizations
are periodic, using windows shorter than one period leads to poor
classification. On the other hand, the temporal localization of the model
predictions is less accurate if the context size is too large, since the
model can detect the signal anywhere within the context window, so
the signal boundaries can be extended, as can also be observed in
Fig. 7. We therefore trained models with different context sizes to
find an optimal value. The results for the PaSST model are shown
in Table 5. As can be seen, short context sizes degrade per frame
accuracy, while larger sizes result in similar performance. For our
experiments, we chose a context size of three seconds as it represents
a good compromise. Interestingly, three seconds is also used in other
animal vocalization studies, e.g. for bird call recognition (Kahl et al.,
2021).

Vibroscape recordings show large amplitude fluctuations in both the
vibrational signals and the surrounding noise sources. The amplitudes
can vary depending on the location of the signal in relation to the
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Table 6

Comparison of dynamic compression methods. The first column indicates whether the
signal was normalized before processing, and the second indicates the dynamic range
compression method used.

Norm. Dyn. AP F1 fr. F1 in.
no log 0.70 0.68 0.69
yes log 0.73 0.71 0.77
no sPCEN 0.75 0.75 0.79
yes sPCEN 0.75 0.75 0.80

CFPT (F1 = 0.66)
C1(F1=0.78)

CFPT (F1=0.86)
T1 (F1=0.75)

Freq (Hz)

Time (s)

Fig. 8. Classification of two different field recordings. Outputs of different models
(yellow and white lines) are superimposed on the corresponding spectrograms, with
blue boxes indicating the reference annotations of the signals. The upper image shows
the output of a detection model (CFPT, yellow) and a C1 model (white), the lower
image shows the output of the detection model and a T1 model. (For interpretation of
the references to color in this figure legend, the reader is referred to the web version
of this article.)

recording position and on the characteristics of the plants carrying the
signal. To reduce these variations, we compared two dynamic range
compression methods: standard log-mel spectrogram compression and
adaptive per-channel energy normalization (sPCEN) (Zeghidour et al.,
2020). We also tested whether normalizing the vibrational signal before
spectrogram calculation affects the detection. The results are summa-
rized in Table 6.

Using normalization as a preprocessing step always improves the
results as the maximum signal level is equalized in all examples. SPCEN
also brings a significant performance improvement by learning channel-
and time-dependent compression parameters. We have also experi-
mented with replacing the entire input representation (mel-sPCEN)
with the learnable frontend for audio classification LEAF (Zeghidour
et al., 2020), which also learns filterbank parameters. LEAF has been
shown to be beneficial in some studies (Fai® and Stowell, 2023), but
in our experiments it did not improve performance, a result shared by
others (Schliiter and Gutenbrunner, 2022).

5.4. Error analysis

In Fig. 8 we show how the models perform on typical field vi-
broscape recordings. Two recordings are shown that contain a variety
of overlapping vibrational signals as well as noises including wind and
animal movement (Z5). Both images show the output of the signal
detection model (CFPT, yellow), as well as species-specific models C1
(top) and T1 (bottom), both shown in white.

Overall, the classifications are mostly correct (frame-based F1 scores
are given in the figure). All models are affected by noise, which can lead
to either false positive activations (wind and animal movements, Fig. 8
upper image) or false negative activations (animal movements, Fig. 8
lower image). Errors are also caused by plant filtering, which alters
the signal, and by signal overlap, both of which can cause the species-
specific models to either not label a signal or to label it incorrectly (the
first C2 label, Fig. 8 bottom image). Sometimes the beginning of a signal
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Table 7

The distribution of false positive classifications for species-specific models. The ratio
of false positive activations compared to all positive activations is shown in column
two, followed by the distribution of the false positives across the four signal categories,
labelled noise (N) and background (Bg).

Model FPs C T F P N Bg

T1 0.13 0.25 0.06 0.07 0.03 0.23 0.36
T3 0.33 0.30 0.31 0.10 0.00 0.12 0.17
T9 0.07 0.26 0.01 0.00 0.00 0.25 0.48
Cl 0.19 0.16 0.27 0.02 0.01 0.17 0.37
Cc2 0.12 0.21 0.14 0.01 0.01 0.15 0.48
C6 0.5 0.16 0.14 0.00 0.02 0.35 0.32

is not recognized immediately, but sometimes the labels are not placed
very precisely, as can be seen in the first C2 label in the bottom image,
which should start earlier.

The analysis of the false positive activations of the species-specific
models (Table 7) shows that false positives often occur in noisy pas-
sages. The last two columns of the table show the proportion of false
positives in regions where noise is either explicitly labelled (N, e.g. as
animal movements, wind, birds or other sources) or is just background
noise (Bg). As the background class is more common than labelled
noise, errors also more commonly occur on background. Models that
recognize the train signal type (T1, T9) also frequently activate on
complex signals (about 25% of false positive errors), but do not make
errors within their own signal category as often, while models that
recognize complex signals (C1, C2) make about the same amount of
errors with other C or T signals.

In laboratory recordings, where noise is minimal and there is no
overlap between the signals, the frame-based F1-measure of the species-
specific models C1 and T1 (only these two were recorded under labo-
ratory conditions) is above 0.95.

6. Case study

The aim of the case study was to investigate the distribution of
vibrational signals of different species over entire 24-hour periods on
several days.

6.1. Case study dataset

The case study dataset contained 24-hour field recordings collected
in 2016 and 2017 in the same meadow with the same protocol and
equipment as described in Section 3.1. This means that the laser
beam of a laser Doppler vibrometer (Polytech PDV 100) was precisely
aimed at a small piece of reflective foil attached to a plant. 10-minute
recordings were saved with Raven Pro 1.5 on a laptop equipped with
an external sound card (Sound Blaster SBX) with a sampling rate of
44.1 kHz and a resolution of 16 bits. The dataset consists of continuous
recordings between July 16-20, 2016 and July 5-8, 2017, a total of 8
days. It includes 1123 10-minute audio files in .wav format, totalling
187 h of recordings, slightly less than 8 full days, as some technical
issues led to short dropouts.

These recordings are not annotated, so they were not included in
our training and testing data and were not analysed elsewhere prior to
our case study.

6.2. Experiment

All the case study dataset recordings were fed through each of the
nine PaSST models (see Table 4) with a step size of 0.5 s. Outputs of
each model indicate the presence of the vibrational signal it detects.
They were averaged over one minute periods and the daily activities
visualized as shown in Fig. 9.

The number of detections was unevenly distributed over the 24-hour
period, revealing a diel variation in signalling activity, with the highest
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Fig. 9. Smoothed output of four models (CFPT, C1, C6 and T1) for eight 24-hour
recordings. The recording dates are presented in different colours, as shown on top of
the figure. Average sunrise (5:25) and sunset (20:50) times are indicated with icons.
(For interpretation of the references to color in this figure legend, the reader is referred
to the web version of this article.)

activity during the day between 10:00 and 20:00 (Fig. 9). A similar
pattern in the vibroscape composition of meadows has already been
described when considering only six short, manually labelled intervals
throughout the day (Sturm et al., 2021). Automated screening of the vi-
broscape allowed us to determine the activity more precisely, providing
new insights into the diel variation of the vibroscape composition as
well as the partitioning of vibrational communication space. We were
able to identify consistent activity patterns between species (Fig. 9).
In particular, VST C6, attributed to so far unidentified species, was
regularly registered during the night and around sunrise and sunset,
but only rarely during the day when other VSTs were predominant. In
contrast to the soundscape, the vibroscape is invisible to the human
senses and such patterns, which are crucial for conducting ecotremo-
logical monitoring, could so far only be determined by time-consuming
manual analyses.

7. Conclusion

In the paper we presented a comparison of different deep architec-
tures for the task of detecting and recognizing vibrational signals in
laser vibrometry recordings created in natural environments. With the
paper, we also publish the dataset used for our experiments. To our
knowledge, this is the first such study of field vibroscape recordings and
by publishing the dataset we hope to stimulate interest in automatic
vibroscape analysis, as it has proven to be a challenging task. We have
shown that adapting a pretrained transformer model leads to models
that are already useful for automatic signal detection and classification
of common species, and can be used by domain experts to facilitate
inspection of recordings and statistical analysis of diurnal cycles.

Field recordings are noisy, and we have shown that noise has
a large impact on performance, so increasing the robustness of the
models to various noise sources should improve their performance.
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Noise suppression of the recordings themselves would also be beneficial
to facilitate expert review, as the vibrational signal is often drowned
out by ambient noise. Unsupervised and few-shot learning architectures
will be explored to better categorize species that are not very common
and also to find new signal types in recordings.

The information extracted from the biological vibroscape com-
ponent provides the opportunity to comprehensively assess ecosys-
tems (Sturm et al., 2022). We hope that this study, together with our
dataset, will provide a starting point for other researchers to accelerate
the implementation of vibroscape monitoring in ecosystem assessment.
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