Listening to Nature: Automated Bird Species
Identification for Biodiversity Monitoring
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Abstract—Bird populations are important bioindicators, as the
diversity of their habitats and their outstanding mobility make
them sensitive to ecosystem changes. They also contribute to
ecosystems by providing valuable services such as pest control,
seed dispersal, and pollination, which are vital for maintain-
ing ecological balance. Hence monitoring the composition of
bird populations is essential for assessing ecosystem health and
guiding conservation efforts. However, traditional observer-based
surveys are expensive, time-consuming, and impractical for large-
scale and hardly accessible applications. Our study proposes
an approach by integrating automated acoustic monitoring with
machine learning applications to develop a system that achieves
high identification accuracy while keeping the pipeline simple.
Our model design emphasizes a balance between efficiency
and scalability, enabling deployment in resource-constrained
environments. We provide a tool for low-complexity ecological
monitoring by prioritizing lightweight and simple architectures.
This work bridges the gap between ecological research and
practical, scalable conservation technologies.

I. INTRODUCTION

Bird populations are essential contributors to innovative
and sustainable agriculture [1], offering natural pest control
solutions [2] and aiding seed dispersal, which lessens the need
for chemical interventions and supports biodiversity. Their
ecological roles extend beyond agricultural systems, influenc-
ing forest regeneration, pollination, and nutrient cycling. The
presence of different bird species may come with various
ecological contribution - be it advantageous or not [3]. Mon-
itoring and controlling the composition of bird populations is
therefore essential [4] to ensure that their ecological roles are
maintained, while mitigating potential negative impacts. By
adopting effective monitoring techniques, we can better under-
stand the dynamics of bird populations and their interactions
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with ecosystems, which is crucial for sustaining biodiversity
and ecosystem services.

Understanding these ecological contributions is crucial not
only for conservation efforts but also for improving ecosystem
services that directly benefit our society. However, as bird
populations face increasing threats from habitat loss, climate
change, and industrial activities, it is urgent to monitor and
protect these species effectively. Traditional monitoring meth-
ods, such as field surveys, are resource-intensive and limited
in scalability.

A. Motivation

By creating autonomous monitoring systems, we can
achieve continuous, large-scale, and cost-effective data col-
lection, surpassing the limitations of traditional field surveys
[5]. These systems, often leveraging technologies like passive
acoustic monitoring combined with machine learning, enable
precise identification of bird species to provide real-time
insights into population dynamics [6]. Autonomous monitoring
not only reduces human effort but also ensures consistent data
quality, making it an invaluable tool for ecological research,
conservation planning, and the management of sustainable
natural resources. Furthermore, such systems can be deployed
in remote or resource-constrained environments, expanding
their applicability and impact. Such systems provide effective
means to monitor endangered or invasive species [7] [8],
allowing for effective management while minimizing human
interference with their natural habitats [9] [10].



B. Related Work

Previous studies have explored passive acoustic monitoring
for bird species. In most cases, these techniques were used to
determine bird species density, generally utilizing Autonomous
Recording Units (ARUs) [11].

A more effective solution can be achieved by converting
audio files into spectrograms. Different spectrograms can
be generated using various techniques. One approach is to
create magnitude spectrograms [12]. The spectrogram is a
time-frequency representation that visualizes the frequency
components of an audio signal over time. The dark and light
bands show which frequencies are active at a given moment. In
the case of bird calls, different species produce characteristic
frequency patterns (e.g. pitch, trills, calls) that can be visually
distinguished in spectrograms. However, this alone does not
provide sufficient information about the sounds, making it
impossible to achieve the desired classification results.

Another technique, closer to our approach, is the conversion
of bird calls into Mel spectrograms and their classification
using different Convolutional Neural Network (CNN) and
Recurrent Neural Network (RNN) models [13]. In addition to
the Mel spectrogram, the effectiveness of the Mel Frequency
Cepstral Coefficient (MFCC) was also utilized for sound
representation, followed by bird classification based on audio
using various models. As a result of model comparisons, the
CNN proved to be the optimal choice for implementing bird
classification based on sound.

To achieve a more robust model, selective fusion of CNN-
based networks may provide a solution [14]. By utilizing three
time-frequency representations (TFRs) — Mel spectrogram,
Harmonic-component based spectrogram, and Percussive-
component based spectrogram — they capture different acous-
tic patterns from the same audio file. These representations
are then used in combination with a Visual Geometry Group
(VGG) based neural network, a SubSpectralNet model, and
an additional class-based late fusion method to enhance the
accuracy of classification.

However, this solution is only capable of distinguishing
between 43 different bird species. If we aim to classify a larger
number of species, the structure of the methodology makes
further fine-tuning of the model a time-consuming, resource-
intensive, and costly task.

C. Contribution

Our proposed machine learning solution integrates passive
acoustic observation with advanced classification algorithms to
develop an autonomous system that can identify bird species
with high accuracy.

In contrast to previous approaches, which relied on complex
deep learning models or a fusion of these, our approach em-
phasizes the use of lightweight and scalable architectures, en-
suring its applicability in resource-constrained environments,
thus reducing both the cost of ownership and the cost of
maintenance.

By combining innovative augmentative signal processing
techniques with machine learning models, we aim to create

a robust framework that not only supports ecological monitor-
ing, but the system also can facilitate large-scale, automated
surveys of bird populations, aiding in the early detection
of invasive species and the tracking of biodiversity trends
over time. By monitoring the density and location of bird
populations on a large scale, we can plan trajectories of
autonomous agricultural vehicles using other deep learning
algorithms [15] [16] and other real-time applications [17] that
do not intervene with the habitat of avian species.

II. OBJECTIVE AND KEY CHALLENGES

Our objective was to train a deep neural network that
is capable of classifying birds based on their vocalization
recorded through passive acoustic monitoring, while keeping
low the model’s complexity. This work builds upon the Bird-
CLEF 2024’s [18] dataset provided in the Kaggle competition
[19]. BirdCLEF 2024 is part of the LifeCLEF competition
series [20]. The dataset consists of 24,459 labelled and 8,444
unlabelled audio samples, complemented by a wide range
of metadata. The labelled dataset includes annotations for
182 bird species, geographic locations, and recording qual-
ity, making it suitable for training and validating machine
learning models. The unlabelled samples present opportuni-
ties for semi-supervised or unsupervised learning approaches,
enabling the exploration of methods that utilize unannotated
data effectively.

The dataset exhibits significant disparities in the number of
recordings per class, with some bird species being underrep-
resented. This class imbalance poses a significant challenge
during model training, as the network tends to focus on
classes with abundant examples while potentially ignoring
underrepresented species. This can lead to biased predictions,
low recall values, and inaccurate species detection, which is
particularly problematic in biodiversity monitoring. Therefore,
balancing techniques such as data augmentation are necessary.

Additionally, recording lengths vary drastically, ranging
from a few seconds to several minutes, or even hours, compli-
cating data standardization. Moreover, length differences raise
other issues as well. Very short samples may lack characteristic
sound patterns, which can reduce the model’s performance.
Additionally, processing long recordings requires significant
computational capacity and time, making efficient resource
management a key consideration in model design. These
challenges must be addressed through robust preprocessing
steps and carefully crafted training strategies.

The combination of class imbalance and varying audio dura-
tions presents unique obstacles that must be addressed both in
preprocessing and model training. Our solution addresses these
challenges by implementing a robust preprocessing pipeline
and a tailored deep learning approach.

III. METHODOLOGY

A. Data Segmentation

A key aspect of our approach is data segmentation. Since
many recordings exceed the desired input size for our neural
network, we divide them into fixed-length segments. Unlike



conventional methods that discard excess audio, our approach
retains all segments to maximize dataset utilization. Shorter
recordings are padded with zeros or mirror the edge values.
It was found that zero padding gave greater accuracy, so this
method was used to obtain the final result. Table I presents
the percentile distribution of audio lengths, Fig. 1 illustrates
their overall variation. The presence of extreme outliers further
underscores the need for effective preprocessing.

B. Short Time Fourier Transform

There are multiple conventional approaches regarding audio
processing [21] [22]. One of the widely spread approaches is
based on the spectral decomposition of audio waves using the
short time Fourier transform (STFT).

The STFT provides a time-frequency representation of an
audio signal by dividing it into overlapping segments and
applying the Fourier Transform to each segment [23]. Mathe-
matically, the STFT of a signal z(t) is defined as in eq. 1:
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where w(7 — t) is a sliding window function that localizes
the signal in time. We used the Hann window function,
which is decomposition allows us to convert raw audio into a
spectrogram, which is a 2D representation of frequency over
time. [24]

TABLE I
PERCENTILE DISTRIBUTION OF AUDIO LENGTHS.

Percentile (%)  Audio Length (s)

10 6.72
25 11.21
50 22.39
75 44.67
90 82.25
95 122.47
99 300.13
100 5964.23

CDF of audio file lengths
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Fig. 1. Cumulative distribution of audio lengths

C. Mel Spectrogram Transformation

While spectrograms provide a detailed frequency represen-
tation, they are not directly aligned with human auditory per-
ception. To address this, we transformed the spectrograms into
Mel spectrograms using the mel scale, which is a perceptually
motivated scale of pitches [25]. This highly contributes to
achieving better model performance [26].

The mel frequency fie corresponding to a linear frequency
f (in Hz) is given by eq. 2:

/
fmel = 2595 - logy(1 + %) )

Visualization of the mel frequencies can be seen of Fig.
2. Using this scale, the frequency bins of the spectrogram
are mapped to the mel scale. The resulting Mel spectrogram
M (t,m) is computed as seen in eq. 3:

M(t,m) =" |S(t, fu)l* - Hy(fr) 3)
k

where S(t, fi) is the STFT of the signal at frequency f, and
H,,(fx) is the triangular filter corresponding to the m-th mel
band. The power |S(, fx)|* represents the energy at frequency
fr and time ¢. Such a spectrogram made from an audio signal
can be seen on Fig. 3.

D. Amplitude Scaling

The raw Mel spectrogram values are further converted to
a logarithmic amplitude scale, commonly referred to as the
decibel (dB) scale. This step enhances the representation of
lower energy signals, making it more suitable for neural
network processing. The conversion to the dB scale is given
by the eq. 4:

Mag(t,m) = 10 - log,o(max(M(t,m), €)) 4)

where € is a small constant to avoid taking the logarithm of
Zero.
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Fig. 3. Waveform (top) and corresponding Mel spectrogram (bottom) of a
bird vocalization. [27] The spectrogram highlights frequency components over
time, revealing distinct patterns characteristic of the species’ call.

E. Data Augmentation

To further enhance model performance, we applied data
augmentation techniques to increase the diversity of the train-
ing data and help the model generalize better to unseen
samples [28]. Examples for these augmentations can be seen
on Fig. 4.

E. Spectrogram Classification Using CNNs

Once the spectrograms were generated, we treated them as
image-like inputs for classification. A Convolutional Neural
Network (CNN) was employed to extract spatial and temporal
features from the spectrograms. CNNs are particularly well-
suited for this task as they can identify intricate patterns in the
time-frequency domain, such as unique frequency modulations
or harmonic structures characteristic of bird species.

Our model architecture was based on pre-trained Efficient-
Net [29] variants, which were fine-tuned for the task of
birdsong classification. Using weights of pre-trained models
can be highly beneficial in audio recognitions and can highly
improve the convergence of the models [30]. These models
provide a balance between computational efficiency and high
accuracy, making them ideal for handling the challenges posed
by the dataset, such as class imbalance and noisy samples.

Fig. 4. Examples of data augmentation applied to bird vocalization spectro-
grams [27]. The transformations include frequency masking, time masking,
and additive Gaussian noise.

IV. EXPERIMENTAL SETUP

While conducting our research, we tried numerous convolu-
tional neural networks. We have found that the EfficientNetV2-
M architecture strikes the best balance between classification
performance and computational efficiency, and by fine-tuning
it, we have obtained a model that is suitable for implementing
classification [31].

Ensuring the robustness of the model heavily depends on
the appropriate selection of hyperparameters and parameters.
Therefore, we implemented and tested multiple approaches
to achieve the best possible results. Since the model and its
hyperparameters were predefined, we did not modify them;
however, we conducted several experiments with the optimizer,
learning rate schedule, and loss function to identify the optimal
settings.

The best results were achieved using the Adam optimizer,
which provided fast convergence and a stable learning process.
One of the main advantages of Adam is its adaptive learning
rate adjustment for each parameter, making weight fine-tuning
more efficient and reducing the likelihood of getting stuck in
local minima.

To ensure successful training, the learning rate was dynam-
ically adjusted using a Warmup Cosine Annealing schedule,
which can be seen on Fig. 5. In the initial phase, gradually
increasing the learning rate helped stabilize the weight updates,
while the cosine-based decay ensured smooth convergence to-
ward the optimal solution. This scheduling not only facilitated
faster convergence but also reduced the risk of overfitting, as
weight updates became smaller in the final phase of training.

The loss function plays a fundamental role in optimizing
the network’s weights, for this problem, we applied the focal
loss function, which is a dynamically scaled cross-entropy loss
designed to effectively handle class imbalances.

Hyperparameters used for the final results can be seen on
Table II.

V. RESULTS AND DISCUSSION

In terms of results, we have found a good practice to solve
the problem. The method we propose achieves better results

Learning Rate Schedule
0.0005 |

0.0004

Learning Rate
o
o
o
o
w

o
o
S
o
N

0.0001

0.0000

0 10 20 30 40 50
Epoch

Fig. 5. Warmup Cosine Annealing learning rate schedule.



TABLE II
HYPERPARAMETERS USED IN THE TRAINING OF
THE FINAL MODEL AND DATA PROCESSING.

Training Parameters

Batch Size 8
Epochs 50
Warmup Epochs 5
Starting Learning Rate le-5
Warmup Learning Rate Se-4
Final Learning Rate 2e-5

Mel Spectrogram Parameters

Audio Length (s) 15
Sample Rate 16000
Number of Mel Frequencies 224
Window Length 512

Maximum Frequency (Hz) 16000
Minimum Frequency (Hz) 20

in terms of ROC-AUC than the best solutions tested on the
available database published on BirdCLEF.

The proposed solution can be considered lightweight and
highly scalable, as although the EfficientNetV2-M architecture
is itself a compact and efficient model, the novelty of our
work lies primarily in the applied preprocessing and data
processing methods. These innovative steps — including the
segmentation strategy, handling of noisy and short recordings,
and targeted data augmentation — significantly contributed
to improving the model’s performance without the need to
apply more complex or computationally demanding networks.
Thus, our approach stands out precisely because we achieved
computational efficiency not by complicating the model, but
by optimizing data processing.

We trained our model with both the conventional way, using
only a 15 second long segment of the audio files and by the
segmentation method we proposed. The results of the two
methods we applied are shown in Fig. 6. The gray curve
represents the validation accuracy during training with the
conventional approach, while the red curve corresponds to our
approach. It is clearly visible that the method proposed by
us approach achieves better results in terms of the evaluated
accuracy.

The final ROC-AUC scores of our proposed methods and
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Fig. 6. Validation accuracy

the best publicly available solution from the BirdCLEF 2024
competition are summarized in Table III. It is evident that the
method we proposed outperforms the best publicly available
solution. This improvement is largely due to our enhanced data
processing approach, which effectively leverages the available
dataset.

VI. CONCLUSION

In this study, we investigated a method that improves the
performance of classification for audio files through data
processing and augmentation. We used a single convolutional
neural network to do classification between 182 different bird
species based on their songs.

By dividing the data into uniform segments and supplement-
ing segments shorter than the desired length, it is possible
to enhance the model’s accuracy on the same dataset even
for classes with fewer samples. This type of preprocessing
improves the model’s performance, as it is trained with a larger
number of samples than in the original dataset. Consequently,
with a larger dataset, the model is more likely to learn the
unique characteristics of the different classes, allowing it to
solve the classification task with excellent results.

With the method proposed by us the complete monitoring
of endemic and epidemic bird species can be achieved with
a lower cost associated with the machine learning solution.
By improving the data usage efficiency and using advanced
augmentation techniques even a single, much smaller neural
network can achieve outstanding results, thus the need for
highly complex models and ensemble techniques is no longer
needed.

Furthermore, the methodology outlined in this study holds
promise for several future applications. First, it can be adapted
to other domains involving time-series data, such as speech
recognition, music genre classification. The proposed segmen-
tation techniques can also benefit tasks where data imbalance
is a critical issue, such as rare event detection.
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TABLE III
BEST RESULTS ACHIEVED WITH THE METHODS.

Public Best
98.77

Conventional
98.6303

Segmentation
99.4243

Final metrics (AUC)
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