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ABSTRACT

Bird attacks on crops represent one of the main challenges faced
by farmers to make a farm profitable and sustainable. This
challenge requires a paradigm shift from old, traditional,
ineffective methods, towards the incorporation of smart farming
technologies. Intelligent or precision agriculture contributes to the
effective and efficient management of resources and,
consequently, an increase in production. This work first reviews
projects, techniques and methods that can be used for bird species
detection and identification based on their sound. Then, a
performance evaluation study is conducted on two different
approaches that can be employed for the development of a smart
bird deterrence solution. Their strengths and limitations are
highlighted. The findings can be used as a foundation for future
research in this area.

Keywords
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1. INTRODUCTION

Throughout human history, agriculture has proved to be a
fundamental pillar for ensuring survival and financial
sustainability. This ancient practice not only provides essential
food, but also economically sustains communities around the
world.

Every year, farmers face considerable crop losses due to birds that
compromise the development, the quality and quantity of crops.
The amounts associated with this problem can range from
hundreds to thousands of euros a year in some cases [1], [2], [3].
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The problem lies in the nature of the birds, which often feed on
crops at crucial stages of growth and is aggravated by the fact that
there is a shortage of efficient low-cost bird dispersal and
deterrent methods [4]. Traditional methods, such as the use of
scarecrows or sound devices, often prove unsuccessful in the face
of the birds' ability to adapt to them. Lethal methods, on the other
hand, may not be an option due to laws that may exist to prevent
the extinction of certain species [3].

Contemporary agriculture is amid a remarkable transformation,
driven by the rise of the Internet of Things (IoT). Innovative
initiatives such as the implementation of IoT sensors to monitor
weather conditions in real time [5] and the use of drones equipped
with cameras to inspect crops [6] are two examples of the
versatility and effectiveness of these approaches. This evolution
shows not only a change in agricultural practice, but also a
successful adaptation to emerging technological solutions. The
practical applications of IoT sensors and drones demonstrate not
only the viability of these technologies, but also their potential to
improve and optimize agricultural processes.

In the specific case of crop protection against bird attacks, the use
of IoT devices can not only help to detect birds, but also to enable
agile responses to disperse them, propelling agriculture into a
smarter, more interconnected era. Following up on a previous
work [7], the work presented in this paper serves as the foundation
for the ongoing development of a prototype capable do detect and
analyze the sounds emitted by birds in a crop to identify the
species that is causing damage. Upon recognizing the invasive
bird species, the system triggers a drone, capable of moving
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autonomously to the identified location to carry out some bird
dispersal maneuvers.

This paper presents the results of the first stage of this project. It
focuses on developing a system capable of capturing and
identifying the various sound patterns emitted by different species
of birds. Hence, it studies, identifies, and evaluates techniques for
detecting and classifying bird species based on their sound.
Different approaches are proposed, and the most promising ones
are implemented and evaluated.

This paper is organized as follows. Section 2 presents the related
work on the approaches used for detecting and classifying bird
species based on their sound and discusses the challenges and
opportunities. Section 3 describes the proposed solutions that can
be employed for the development of a smart bird deterrence
solution. Section 4 presents a performance evaluation of these
approaches. Finally, Section 5 presents the conclusions, along
with suggestions for future work.

2. RELATED WORK

As part of the review of the state of the art, we will conduct an
analysis of projects that are similar or related to the purpose of
ours, with the aim of understanding the existing panorama of
similar solutions. This research aims to obtain information on past
implementations, including details of the hardware and software
used, challenges faced and strategies adopted to overcome these
challenges. We intend to acquire information on what has already
been accomplished, how it was approached and what results were
achieved. This analysis will serve as a conceptual basis for our
proposal, allowing us to learn from the experiences of others and
develop am innovative, robust, effective and cost-efficient
solution.

Bird@Edge [8] is a project dedicated to recognizing 82 species of
birds’ native to Germany through audio recordings. Using a
combination of stations and distributed microphones, the project
captures audio in file format with a sampling rate of 44.1
Kilohertz (kHz), capable of detecting frequencies of up to 22.05
kHz. Each audio sample lasts 5 seconds, during which time one of
5 background sound files is randomly selected to be added to the
capture of the bird's sound. Devices called Bird@Edge Mics [9]
transmit the audio over a wireless network to a Bird@Edge
Station, which performs the species recognition analysis. The
analysis results from the Bird@Edge Stations are sent to a central
infrastructure and stored in a time series database (InfluxDB),
allowing the data to be visualized using the Grafana platform in a
web interface.

BirdNET-Pi [10] is a real-time bird classification system designed
specifically for Raspberry Pi 4B, 3B+ and OW2. It has several
features included and offers a comprehensive solution for
automatic and continuous audio-based bird identification. One of
its main advantages is its ease of implementation and use, being
designed to be accessible and intuitive. In addition to continuously
capturing audio from the environment, BirdNET Pi also offers
automatic extraction and classification of the bird species detected
and then clear and organized presentation of the statistics via a
web interface. This combination of features makes BirdNET Pi an
autonomous and user-friendly solution, suitable for a variety of
biodiversity monitoring scenarios.
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BirdNET-Go [11] is a solution specializing in the identification of
bird species. This system offers the possibility of analyzing
specific audio files or capturing audio in real time, automatically
taking 3-second samples for continuous analysis. Using the
BirdNET model, BirdNET-Go can identify the different species
present in the analyzed bird sounds. It also provides an intuitive
web interface for data visualization, where it is possible to check
the species detected and their frequency of detection at different
times of the day. It also allows this data to be recorded in log files
and stored in Structured Query Language (SQL) databases for
later analysis and reference.

The Merlin Bird ID mobile application [12] is available for
Android and i0S devices, offering an intuitive and effective way
of identifying bird species. With Merlin Bird ID, users can capture
photographs or audio recordings to identify the birds they find.
The application is not limited to species identification; users can
submit their sightings and explore which species are most likely to
be found near their location. An additional feature is the
maintenance of a list of submitted species, encouraging continued
user participation and contributing to the birdwatching
community. For those who aren't very knowledgeable or unsure
about identification, Merlin Bird ID also offers the option of
species identification through three simple steps, making the
process easy for all users.

Many of the projects observed so far rely on a database called
eBird [13], which stands out for containing a vast collection of
samples of birds and their associated species. This database is
widely used in projects related to bird identification due to its
comprehensiveness and reliability. One of eBird's main features is
its openness to the public, allowing bird enthusiasts to contribute
their own sightings and audio recordings. In addition, eBird
provides an accessible Application Programming Interface (API),
allowing developers to use the data from the database in their own
projects and applications, thus extending its reach and the amount
of data available.

A crucial component in most of the projects mentioned above is
BirdNET Analyzer [14]. BirdNET Analyzer analyzes the audio
provided to determine the species of birds present. In addition to
identifying the species, it also provides additional information,
such as the location in the audio where the birds were detected,
and the confidence level associated with each detection. BirdNET
Analyzer works with files with a sampling rate of 48 kHz and can
detect frequencies between 0 Hz and 15 kHz.

2.1 Ciritical Analysis

After a thoughtful analysis of the different projects available, we
highlighted the BirdNET Analyzer algorithms and the eBird
database as the most widely used and reliable because they are
part of most of the other solutions that exist. The BirdNET-PI
solution aroused interest because of its ability to analyze audio in
real time and because it incorporates automatic statistical analysis
and graphical demonstration of the data while keeping the
necessary computing power to a minimum. Bird@Edge, although
it seemed a promising option compared to BirdNET, turned out to
be an extremely limited solution due to its exclusive availability
for NVIDIA Jetsons platforms [15] and the high costs of the
components required for its implementation.

26

Revista de Sistemas e Computacao, Salvador, v. 14, n. 1, p. 25-42, jan./abr. 2024

https://revistas.unifacs.br/index.php/rsc



The next section will present the proposal for building a prototype
capable of detecting and identifying bird sounds based on the use
of the BirdNET-Pi and BirdNET Analyzer solutions and the eBird
database.

3. PROPOSAL

Our project aims to help farmers to protect against the damage to
crops caused by birds. To achieve this, we sought a solution that
would be effective and able to deal with the complexities of
different agricultural scenarios while remaining affordable. Our
aim is to develop an integrated system that combines the detection
and identification of bird species through sound processing with
dispersal strategies using a drone equipped for this purpose.

At this stage of the project, we only intend to focus on bird
species detection and recognition, leaving their dispersal for a
second stage. We will use an architecture made up of several
nodes distributed among different trees in the orchard that will
forward the information collected to a central node. This node will
then process it and send an order to a drone that will fly to the
location where the bird detection occurred and perform a dispersal
maneuver. This concept is illustrated in Figure 1.
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Figure 1. Diagram of the infrastructure for detecting bird
species in an orchard.

3.1 Testbed

To implement the proposed architecture, it is important to
carefully select the appropriate hardware for the nodes so that they
can perform their function successfully.

Although other options could have been considered, given the
budget and the equipment we had available, a Raspberry Pi 4B
[16] shown in Figure 2, was used as the central node. This
equipment proved to be a solution that met the requirements
initially defined, due to its computing capacity and affordable
cost. Equipped with a Quad-core 64-bit Advanced Risc Machine
(ARM)-Cortex A72 1.5Gigahertz (GHz) processor and 4
Gigabytes (GB) of Low Power Double Data Rate 4 (LPDDR4),
along with an integrated Wireless Fidelity (Wi-Fi) antenna
operating at a frequency of 2.4GHz, this device offers
performance and connectivity for the central function of the
system. To add the ability to capture audio for testing, a HyperX
Cloud II headset was connected to access its microphone.
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Figure 2. Raspberry Pi 4B 4GB.

For the same reasons stated in the previous case, the Raspberry Pi
02W models shown in Figure 3, were selected for the distributed
nodes, due to their versatility and variety of connections. In
addition to the integrated Wi-Fi antenna and Bluetooth 4.2
support, including Bluetooth Low Energy (BLE), this device
offers a Universal Serial Bus (USB) On The Go (OTG) port and a
40-pin General Purpose Input/Output (GPIO). These features
provide a wide range of connectivity options, allowing not only
the integration of high-quality microphones, but also more
economical and accessible alternatives [17].
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Figure 3. Raspberry Pi Zero 2 W.

3.2 Development

Based on the proposed architecture and the available hardware
solutions, two approaches were considered. Each of them will be
described below, along with the reasons why they were
considered in the construction and operation of the proposed
solution.

The task of detecting and identifying bird species, using the
techniques identified in Section 2, is demanding from a
computational point of view. The computing power on the
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distributed nodes (Raspberry Pi Zero 2 W) is more limited, which
can have an impact on achieving the desired results. On the other
hand, the time needed to obtain these results may not be
appropriate for the drone to receive an order in appropriate time.
An alternative to consider would be to use the additional resources
present on the central node (Raspberry Pi 4B) and perform the
most demanding computational tasks on that node. In this case,
the impact of transporting the data on the network and the work
overload on this node could have an impact on obtaining results in
appropriate time.

With these considerations in mind, two possible approaches were
defined. The first involved processing the captured sound data to
identify the bird species directly on the distributed nodes and only
sending the result to the central node. In the second, the
distributed nodes send the captured sound data to the central node
and the latter carries out the necessary tasks to identify the bird
species. The developments carried out to implement these two
approaches will be detailed below. This will be followed by a
performance evaluation of the two approaches and a critical
analysis of the results obtained.

Before moving on to the specific details of each approach, it is
important to first present the general operation of the solution.
Initially, the system is prepared to listen constantly for any sound
changes. When a change is detected, an audio file is created with
the captured sound. Then, using the BirdNET-Pi and BirdNET
Analyzer algorithms, the file is analyzed to identify the presence
of any bird species. If any species is identified, the results are
recorded in a text file which is then sent to the central node. This
file includes the following data: the common name of the species
detected, the date and time of detection and the coordinates of the
node.

The central node also remains in a constant state of waiting for
data. When it receives data from one of the distributed nodes, it
searches the received file to find the location of the sending node.
Based on this search, an order is sent for the drone to travel to the
indicated location to disperse the birds. This will be explored in a
later stage of this project.
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3.2.1 Software

At the core of both approaches is the BirdNET algorithm, which is
a robust neural network that is highly specialized in detecting and
identifying birds from audio recordings. This algorithm is an ideal
choice for our project as it offers a unique combination of
accuracy and efficiency [18].

We will highlight two specific variations of BirdNET that will be
used in the tests: BirdNET-Pi and BirdNET Analyzer. BirdNET-
Pi is optimized for Raspberry Pi devices, offering the ability to
capture and analyze audio in real time. This functionality is
crucial for our application, as it allows birds to be detected
immediately and preventative measures to be taken quickly. The
installation process simply consists of downloading the project
from the project's GitHub via the link provided on the project's
main page, visible in Figure 4.

Once the provided command has been executed and everything
has been installed, simply open the website with the hostname you
defined when creating the system image. If no link has been
defined, http://birdnetpi.local is used by default. Access can also
be made via the IP address of the machine where the installation
took place. Figure 5 shows the BirdNET-Pi dashboard. To
complete the installation, you just need to update the latitude and
longitude so that the system knows which geographical zone you
are in.

In addition, we will be using BirdNET Analyzer, an easy-to-use
tool that offers a simplified approach to bird detection. BirdNET
Analyzer is a convenient option for offline analysis of audio
recordings, providing an effective way to identify bird species
quickly and accurately. The installation process is very similar to
the previous one, with the only requirement being to install the
following python dependency packages tflite-runtime, librosa,
resampy and ffmpeg, using the pip tool. After installing all the
necessary dependencies, all that's left to do is clone the project's
Github repository, which can be seen in Figure 6. The files are
analyzed by running the analyze.py script located inside the folder
with the parameters “--i”” to provide the file or directory with files
to be analyzed and “--0” to specify the output path of the results.
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4% BirdWeather

BirdNET-PI
Installation Guide & Discussion Forum

Copy and paste the command below on a Raspberry Pi running the latest Raspberry Pi OS Lite (64-bit) image to install BirdMET-Pi.

curl -s https://raw.githubusercontent.com/mcguirepr8s/BirdNET-Pi/main/newinstaller.sh | bash (M

What BirdNET-Pi Does

* 24/7 recording and automatic identification of bird songs, chirps, and peeps using
BirdNET machine learning

. and

ing of bird clips from full-length recordings

J S PR S SO I U S TS

Figure 4. BirdNET-Pi's homepage.

BirdNET-Pi x +
<« (] birdnetpil. local

Today's Best Species Daily Recordings Spectrogram View Tools
Detections Recordings Stats rs Log

Confidence:

Figure 5. BirdNET-Pi's Dashboard.
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@ githubcom 22

BirdNET-Analyzer

Automated scientific audio data processing and bird ID.

License 'CC-BY-NC-SA

410) '0s 'Linux, Windows, mac0S | Species 6512 'Downloads [5784)

W cchb—birdnet@cornell.edu | )X Follow @BirdNET_App @ Reddit £ subreddit is private

Introduction

This repo contains BirdNET models and scripts for processing large amounts of audio data or single audio files. This is
the most advanced version of BirdNET for acoustic analyses and we will keep this repository up-to-date with new

models and improved interfaces to enable scientists with no CS background to run the analysis.

r and follow the setu;

rere and follow the setu;

Figure 6. BirdNET-Analyzer's GitHub repository.

3.2.2 Approach 1

The architecture shown in Figure 7 corresponds to the first
approach described above. The distributed nodes consist of a
Raspberry Pi 02W equipped with a microphone, storage and Wi-
Fi and Bluetooth communication capabilities. These nodes play a
crucial role in the system's infrastructure, being responsible for the
essential functions of capturing and analyzing sound, as well as
communicating with the central node.

The audio is analyzed using the algorithms described above and if
any bird species is detected in the results, a text file is created with
the species data, date and time and location. The results are then
sent to the central node which, upon receiving this data, searches
the file for the location of the sending node and sends orders for
the drone to be activated and move to the specific location to
disperse the birds as quickly as possible.

w@ ! A .

A=

Resulis

Figure 7. Infrastructure diagram for Approach 1.

As we can see in Figure 8, each distributed node follows a cycle
in which it captures the sound and immediately analyzes it using
the algorithms. It then checks whether a bird has been detected
and, if so, sends the file in the format indicated above to the
central node. The central node waits for some data reception.
When it receives the data, it determines the location of the sending
node and sends this information to the drone, which flies there to
disperse the birds present at the location, as illustrated in Figure 9.
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3.2.3 Approach 2

In the second approach, the functioning of the system is slightly
altered in the sense that audio analysis becomes a function of the
central node instead of each distributed node, as we can see in
Figure 10.

The central node consists of a Raspberry Pi 4B, which has data
storage, Wi-Fi and Bluetooth communication capabilities. This
central node acts as the convergence point for the distributed
nodes and is responsible for processing the collected audio. To do
this, it is equipped with the analysis algorithms.

Each distributed node consists of a Raspberry Pi 02W, equipped
with a microphone and Wi-Fi and Bluetooth communication
capabilities. These nodes have the function of continuously
monitoring the environment for sound changes and, if they
identify any, capturing the audio and sending it, along with its
location, to the central node.

Captures a sound|

Processes Sound

Is it a Bird?

Sends to central node

Figure 8. Flowchart of the Distributed Node in Approach 1.

Awaits data

Sends command for
the drone to move

Figure 9. Flowchart of the Central Node in Approach 1.

As a result of the processing now being done at the central node,
the distributed nodes now only have the function of continuously
detecting sound changes and, when a change is detected,
capturing the audio and sending the file, along with the location,
to the central node, as shown in Figure 11.

Figure 12 shows the flowchart of the central node. This node is in
a continuous state of waiting for files sent by the distributed
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nodes. When an audio file is received, the central node analyzes it
using the BirdNET-PI and BirdNET Analyzer algorithms to
identify possible bird species. If any species is detected, the
central node sends a signal for the drone to fly to the location.

s=¢ * Y

..|‘|.+".||..

Figure 10. Infrastructure diagram in Approach 2.

Captures a sound

¥

Sends to central node

Figure 11. Flowchart of the Distributed Node in Approach 2.

Awaits data }4:

4

Received
audio?

fes Mo

Processes Sound

Is it a Bird?

Sends location to the
drone

Figure 12. Flowchart of the Central Node in Approach 2.
4. PERFORMANCE EVALUATION

This section presents the performance evaluation of the two
proposed approaches described in the previous section. First, we
are interested in assessing the times required to obtain the bird
species classification. Then, the impact of using different types of
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audio compression and different levels of audio quality will be
evaluated. This section describes the performance metrics
considered and presents a critical analysis of the results obtained.

4.1 Performance Metrics

We evaluated the performance in terms of analysis time, level of
confidence obtained by the BirdNET algorithm, and success rate.
The analysis time refers to the time it takes to carry out the
analysis (i.e., determine the bird species) at a node. BirdNET
assigns classification confidence score that ranges from 0 to 1 to
each 3-s clip, with scores closer to 1 meaning greater confidence
that the clip contains a sound of a specific bird species. The
success rate was calculated to indicate the accuracy in identifying
the bird species captured. This metric is determined by dividing
the number of correct detections by the total number of tests
carried out on each audio, as shown in Eq 1. A detection is
considered correct when the species identified in the result
returned by the algorithm has the highest percentage of
confidence.

Number of correct species detected

Success rate = (Eq.1)

Total number of tests

The selection of the type of audio file compression was also
considered. Files compressed in Waveform Audio File Format
(WAV) and MPEG 1 Audio Layer 3 (MP3) were analyzed to
assess the impact on the analysis and the reliability of the
algorithm.

Another parameter tested was audio quality, classified from A to
E, where A represents files with clear audio and E refers to files
with more background noise. The aim was to examine the impact
of audio quality on the success rate.

Each test was repeated 30 times for each minimum confidence
level established, totaling 330 results for each file analyzed. The
measurements were repeated to minimize the influence of atypical
results or outliers, thus increasing the consistency and
representativeness of the data.

All the audio files tested contained audible sounds and had a fixed
duration of 15 seconds. The variations between the files lay in the
type of compression (MP3 or WAYV), size and quality of the
audio, graded according to a scale from A to E.

4.2 Results

Various tests were carried out using the approaches and
configurations described above, with the aim of evaluating the
system's performance. The results reported are the average of 30
runs. The following results were obtained.

4.2.1 Software Performance Analysis

We selected two audios to use as a test base where you can clearly
hear the sound of both birds and can identify their species without
any problems: in the first audio is from a common ground dove
and the second is the sound of crows.

We started with the options that had the most functionality, which
were BirdNET-Pi and BirdNET Analyzer. The sounds were
played on an external device near the microphone and when we
entered the BirdNET-Pi web interface, shown in Figure 13, we
saw that it was detecting a sound and showing the spectrogram of
the last 10 seconds. After several detection attempts, we
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concluded that this would not be a good solution because two
detections were made and, of those two, only one contained the
sound of a bird, as displayed in Figure 14. What's more, the
species identified in it didn't match the one in the audio.

As this option did not provide satisfactory results, we turned to the
next option, focusing on BirdNET Analyzer. After installing and
analyzing the same two audios tested previously, we noticed that
not only did it correctly identify the species, but it also provided
more detailed results, as we can see in Figures 15 and 16.

In the results, we can see that besides showing the species
detected, it also indicates where in the audio the detection was
made and the confidence of all detections, even if it is low. In
Figure 15, we can see that it detected the species common ground
dove several times throughout the audio. In Figure 16, we can see
that the same happened with the species common raven and it also
detected several varieties of crows.

Considering the results obtained by these two solutions, we
decided to carry out the remaining tests using BirdNET Analyzer
because it gave better results and identified the correct species in
both audios.

4.2.2 Analysis Times in Approach 1

The first test consists of a local analysis of the audio files with a
minimum level of confidence, which means eliminating results
that have a lower percentage of confidence than that configured.
In this test, we register for each bird species the type of file
compression, the analysis time, whether the species was correctly
identified and, where applicable, the percentage of certainty with
which it was detected. We then calculated the overall average of
the analysis times.

As we can see in the chart of Figure 17, there is a variation in the
values of analysis times between the different species, although all
the audios have the same duration. At the minimum end, the
average analysis time is 36,51 seconds, while at the maximum end
it reaches 61,13 seconds, almost double the minimum time. These
values provide an important benchmark for establishing a base
value of expected time for each bird species, allowing
improvements to be assessed later.

The bar chart of Figure 18 shows the variation in analysis times.
The aim of this analysis is to determine whether the confidence
level has an impact on the analysis time. However, the results of
this chart do not allow for clear conclusions, as the patterns are
not consistent. In some cases, analysis times decrease or remain
stable as the minimum confidence level increases, but in other
cases, these same times increase again halfway through the
confidence interval. Therefore, it is not possible to conclude that
the minimum confidence level has a significant effect on the
analysis time.

This approach, while offering a decentralized and efficient
approach to bird detection, also presents significant challenges
related to costs and processing time. The most significant cost is
associated with the requirement for computing power on each
node. To ensure local analysis of sounds, each node must be
powerful enough to process the audio data. In larger plantations,
this computational demand can become substantial, leading to a
considerable increase in implementation costs.
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In addition, the effectiveness of this approach is limited by the
processing time of the local nodes. The time needed to analyze the
audio data can vary from 30 seconds to just over a minute.
Considering the additional time needed to send the data to the
central node, coordinate with the drone and fly it to the identified
area, the total time to disperse the birds can reach an order of
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magnitude of several minutes. These delays can be critical,
especially in situations where an immediate response is essential
to avoid significant damage to crops. Thus, the impact on
response time can affect the effectiveness of the system,
especially in large plantations where efficient coordination is
vital.

& BirdNET/Pi
Pia
Overview Today's Detections Best Species Stats Daily Charts Recordings View Log Tools
Top 10 Last Updated: 2023-11-08 18:38 (3
Cuban Tody
00 02 04 06 08 10° 133 :iciisnnenunnny wanaza
Detections Hour of Day
Towl 2 Most Recent Detection: 2023-11-08 18:31:00
Today 2 Cuban Tody ™ E
Todus multicolor
Last Hour 2 Confidence: 81%
Species o
Detected
Today
Total Number 2
of Species
56 digo isot

Figure 13. BirdNET Pi's web interface.
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Figure 14. BirdNET Pi's detections.
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Figure 16. BirdNET Analyzer raven audio detection results.
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Figure 17. Chart with the average analysis times at the distributed node per bird species.
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Figure 18. Chart comparing analysis times at the distributed node per bird species for different minimum levels of confidence.

4.2.3 Analysis Times in Approach 2

Like the first test, we will analyze the audio files, except that this
time the file will be analyzed on the central node. To try to
simulate the real scenario more closely, the file is originally sent
from a distributed node using the BirdNET “client” script, to the
central node that runs the “server” script.

Now we are interested in measuring not only the analysis time,
but also the overall time and the transmission time, illustrated in
Figure 19. The analysis time refers to the time it takes to carry out
the analysis (i.e., determine the bird species) at the central node.
The overall time is the total interval from sending the file from the
distributed node to the central node, processing it, and sending the
result back to the distributed node. The transmission time is the
sum of the time it takes to send the birds sound data to the central
node and then send the result with the bird species and confidence
levels back to the distributed node. It allows to know how much
time is spent exclusively on transmission between the nodes.

Distributed Node Central Node

T1

Processing
2

Overall Time=T1+T2+ T3
Transmission Time = T1 + T3
Analysis Time = T2

Figure 19. Diagram illustrating the various times.

The chart of Figure 20 shows the same pattern as the previous
test. The values tend to be around a certain range. However, two
bird species end up showing higher analysis times. As in Figure
17, the same bird species requires the longest analysis time that
almost doubles the lowest value. Despite these variations, the
times are much lower than in the previously tested approach and
are considered more acceptable for a solution that requires a quick
response, as is the case with our proposal. In addition, we can see
a significant variation in the analysis times for all bird species
when the minimum confidence level is set to 0. The difference
between the minimum confidence levels of 0.1 and 1 does not
show a large variation, but from level 0 to the others, there is a
difference of more than double in some cases, as illustrated in
Figure 21. The chart displayed in Figure 22 allows us to get an
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idea of the transmission times we can potentially expect in the
final solution. It can be concluded that the transmission time is
around 1 second. However, there are higher values, as much as
triple the average value. As expected, those higher transmission
time values are reflected in the chart presented in Figure 23, when
the minimum confidence level is set at 0.9. The strange
discrepancies observed in Figure 23 maybe caused by network
bandwidth saturation. It is important to note that the times
registered refer to a round-trip time between the distributed node
and the central node. The closest realistic time would be half of
these values, excluding network overhead factors and other
5,00

450
4,00
3,50

3,00

me (s)

1,50

1,00

0,50

DOI XXXXXXXXXXXXXXXXXXXXXXXXX

possible delays. It is important to note that although this approach,
offers very low analysis times, it can result in higher investment
costs due to the requirement for significant computing power in
the central equipment. This central equipment must be able to
efficiently process the quantity of requests coming from all the
distributed nodes. Moreover, there are challenges to consider such
as the fact that data traffic sent over the network may overload its
capacity. In addition, this centralization can result in times when
many requests are sent simultaneously, increasing the total
analysis time due to the possible overload on the central
equipment.
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Figure 20. Chart of the average analysis times at the central node per bird species.
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Figure 21. Chart comparing analysis times at the central node per bird species for different minimum levels of confidence.

3,50

3,00

Time (s)

1,00

0,50

Figure 22. Chart of the average transmission times per bird species.
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Figure 23. Chart comparing transmission times per bird species for different minimum levels of confidence.

Nonetheless, an advantage worth highlighting is the fact that a
more substantial investment at the outset provides for easier and
more efficient expansion. Endowing the system with enhanced
hardware resources and processing power capability at the central
node, will allow to handle an increase in the scale of the system
without the immediate need for large additional investments in
each distributed node. This can result in greater flexibility and
scalability, allowing for smoother adaptation to the growing
demands of the agricultural environment. This approach also
ensures that any necessary improvements to the processing can be
implemented efficiently and cheaply, without requiring the
individual exchange of all nodes present in the solution.

After analyzing the results of the tests carried out on the two
approaches, we concluded that the second approach is the most
viable. This is because the first approach presented considerably
high processing times. Therefore, the following tests will be
conducted using the second approach.

4.2.4 Impact of Compression Type
Due to the limited resources of the intended solution, audio
compression plays a crucial role. There are several types of audio

compression, each with specific characteristics that can affect the
quality of the sound, which can be reflected in the accuracy of the
bird species analysis and processing time. Choosing the right type
of compression is therefore essential to ensure the most efficient
and reliable system performance.

To assess the impact of the type of audio compression on the
analysis, we used two compression formats: WAV and MP3. The
two were chosen because WAV is usually the format required by
audio analysis tools, while MP3 is a very compact format that still
retains some audio quality.

The chart displayed in Figure 24 shows that compressing files in
WAV format is generally associated with a shorter analysis time.
In some cases, this time difference is practically insignificant,
while in others it is obvious. These discrepancies are possibly due
to the MP3 format's tendency to selectively compress parts of the
audio that are considered less perceptible to the human ear [19].
This process implies the need to decode these parts, adding time
to the analysis procedure. In contrast, the WAV format,
characterized by the preservation of the original audio quality,
allows analysis to be carried out without prior procedures.
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Figure 24. Chart comparing analysis times for WAV and MP3.
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Figure 25. Chart comparing the overall success rate for WAV and MP3.
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Figure 26. Chart comparing average transmission times per compression format.

In the tests carried out, the audio files with MP3 compression had species. This suggests that although MP3 adds a decompression
a success rate of 71.43%, while the files in WAV format had step to the process, the quality of the resulting audio is still high
success rate of 62.5%, as can be seen in Figure 25. enough to allow accurate bird species identification. In contrast,

WAV files, despite being processed faster and having better

Although th lysis ti lightly 1 for the MP3 fil
Quen HIe ana’ysts fne was SISty fonger jor Fie res, quality, did not achieve the same success rate.

this format showed greater accuracy in correctly identifying the
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We can see in Figure 26 that the time required to transmit MP3
files is significantly lower, almost half that of WAV files. This
result is because MP3 compressed files are much smaller in size
than WAV files.

Analysis of the tests carried out shows that although WAV files
offer slightly shorter analysis times, MP3 files offer a higher
success rate and significantly faster sending times. These factors
suggest that MP3 compression may be better choice for a solution
that has bandwidth and storage restrictions, without compromising
the accuracy of bird species identification.

4.2.5 Impact of Audio Quality

Implementing such a system in an orchard presents challenges
regarding the quality of the audio captured due to atmospheric and
environmental conditions that can vary significantly. Factors such
as wind, rain, background noise from other agricultural activities
and distance from sound sources can deteriorate the clarity and
accuracy of recordings.

Given that our solution will be implemented in such a scenario, it
is crucial to assess the impact of the audio quality on the BirdNET
algorithm's effectiveness. Understanding how the system handles
different quality levels will allow us to determine the minimum
hardware requirements that will provide a reasonable level of
performance performance, even under adverse conditions.

The chart displayed in Figure 27 allows a comparison both within
the audio quality levels themselves and between the different
audio quality levels (A being the highest and E the lowest). For
level A, despite its high quality, there were two cases in which the
bird species were not successfully detected. Nevertheless, when a

m
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=R S T o T = T o T = =

m

» »r @ I I
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successful detection occurs, the BirdNET algorithm's confidence
is over 80%.

For level B, there is only one case of detection failure, while the
successful cases show a high confidence rate, similar to level A.
At level C, which is intermediate, all detections were successful.
However, on average, the BirdNET algorithm's confidence is
lower, although there are still cases with a higher confidence,
which shows that even with some noise the algorithm can still
detect the bird species with confidence.

At levels D and E, which represent the lowest audio quality, there
is only one case of detection failure at level D, but the confidence
rates are generally below 50%, indicating less certainty in the
detections made.

In Figure 28 we can see that level C, with an average of 63.64%,
has on average the highest success rate in detecting species,
suggesting a good balance between audio quality and algorithm
accuracy. Level A, despite its higher quality, only has a success
rate of 52.73%, while level B has 45.45%. Levels D and E, due to
their lower audio quality, have average success rates of 18.18%
and 36.36% respectively. This indicates that despite the apparent
greater difficulty in detection with lower audio quality, detections
are still possible.

In summary, audio quality significantly affects the success rate,
but despite the various levels, C proved to be the most efficient
overall, with no detection failures and acceptable confidence rates.
With all the data together, we conclude that the BirdNET
algorithm can cope quite well with variations in audio quality and
successfully detect the species most of the time, even in noisy
conditions.

50,00% €0,00% 70,00% 80,00% 90,00%  100,00%

Success Rate (%)

Figure 27. Success rates at different audio quality levels.
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Figure 28. Chart of the average success rate for each quality level.

4.3 Critical Analysis

So far, tests have been conducted to evaluate response times and
analyze the effects of various parameters on the bird detection
process. The results of these tests have provided a clear view of
the advantages and challenges associated with each proposed
approach.

In the first approach the network is not overloaded because bird
species identification occurs at the distributed nodes and only the
result is sent to the central node. However, the analysis times are
longer and the high costs in extensive orchards represent a
significant disadvantage.

On the other hand, the second approach offers significantly
shorter analysis times, as the birds sound data is processed at the
central node. But there is the possibility of overloading the
network with sound data collected at the distributed nodes or
exceeding the processing capacity of the central node.

A hybrid option could be an interesting solution to combine the
strengths of both approaches. For example, such an approach
could involve using the central node as the main method, resorting
to local analysis in critical situations. This would provide an
efficient balance between fast response times and effective
network management.

Regarding the disparities in the different categories of audio
quality, categories lower than C significantly compromise the
reliability of accurate bird species detection. However, the
BirdNET algorithm proved capable of detecting birds even in
conditions considered less than ideal.

Thus, the implementation of a hybrid approach, together with the
consideration of audio quality limitations, could optimize the bird
detection process, reconciling efficiency and accuracy.

5. CONCLUSION

The work presented in this paper focuses on using smart
agriculture to address the problem of preventing bird-related
losses in orchards. It represents the first stage of the development
of a prototype for the detection and dispersal of birds in orchards.
This initial stage focused on proposing and evaluating solutions

for detecting the presence and classifying bird species based on
sound acquisition.

Two main approaches for this issue were identified. In the first
approach, nodes distributed across the orchard are responsible for
detecting and identifying the bird species and sending the result to
a central node. This minimizes the burden on the network but
causes longer analysis times and high costs in extensive
plantations.

In the second approach, nodes distributed across the orchard only
capture the birds sound and send it to the central node that will
process it to detect and identify the bird species. This results in
faster analysis times, but with the risk of overloading the network
resources or the central node hardware resources, which can
compromise effectiveness under certain conditions.

Additional tests were conducted to analyze how different
parameters can influence the results, such as the quality of the
audio captured, and the type of audio compression used. It was
shown that audio quality is a crucial factor in detection accuracy.
Audio categories lower than C significantly compromise the
reliability of the system.

The results presented in this paper will guide the prototype
implementation in the right direction, which will occur in the next
phase of this research project.
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