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Abstract
The application of machine learning has received increasing attention in the synthesis of insect sounds to preserve biodi-
versity. This study reviewed current literature on the application of these techniques in the automatic synthesis of insect 
bioacoustic and their applications in insects as food and feed, improving pest management, and as well as managing pol-
linators. To achieve this, the study used Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 
methodology to identify, screen, and include the final articles used in this review, based on criteria such as papers addressing 
machine learning in insect acoustics, biodiversity, ecology conservation, etc. This study revealed that most of the research-
ers used secondary data and the microphone was the common tool used to record sound signals. Sound signals were mainly 
pre-processed using techniques such as denoising, segmentation, and windowing. Sound signal classification algorithms 
were categorized mainly as shallow and deep machine learning algorithms. In the shallow machine learning algorithms, the 
most common method of feature extraction was the Mel-Frequency Cepstral Coefficient (MFCC) and the Support Vector 
Machine (SVM) was the most commonly used algorithm. In deep learning, spectrogram image features were widely extracted 
and the Convolutional Neural Network (CNN) was mostly used to synthesize the spectral features. This paper also reviewed 
recent developments in insect bioacoustics signals processing, applications, and future directions. Generally, machine learn-
ing algorithms can be applied and deployed successfully to different insects’ automatic synthesis problems to improve the 
production of insects (as food and/or feed), and improve/preserve diversity and life on Earth.
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Introduction

Background

Insects belong to the class Insecta within the phylum 
Arthropoda (Auerswald and Lopata 2005). They are the 
largest and most diverse group of organisms on earth, with 
estimates of millions of species yet to be discovered and 

described. Insects are incredibly varied in terms of their 
morphology, behavior, and ecological roles. They encom-
pass a wide range of forms, from tiny parasitic wasps to large 
beetles and butterflies. Depending on the species, insects 
play an important role in ecology and conservation of bio-
diversity (Riyaz et al. 2022). Their impact includes pollina-
tion where insects facilitate the transfer of pollen between 
flowers and enable the production of fruits and seeds (Kevan 
et al. 1990; Ghisbain et al. 2021). Further, insects play a 
key role in decomposition and nutrient cycling by break-
ing down dead organic matter such as leaves, wood, and 
carcasses (Crespo-Pérez et al. 2020). This decomposition 
process is essential for recycling nutrients back into the 
ecosystem, allowing plants to access essential elements for 
growth (Prasad et al. 2021; Astrid 2018). Moreover, insects 
are a source of food for many animals, including humans 
(Lange and Nakamura 2021). Insects are known to cause 
crop damage (Manosathiyadevan et al. 2017), and vector dis-
eases such as malaria (Karunamoorthi et al. 2010), dengue 
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fever (Shrestha and Lee 2020), etc. Insects also cause struc-
tural damage to wooden structures (Horwood et al. 2022). 
Insects such as grain weevils and flour beetles infest stored 
food products leading to waste and contamination (Srivas-
tava and Subramanian 2016). Some insect species are known 
predators that feed on other insects or smaller organisms. 
These predators help regulate populations of other species 
and can contribute to biological pest control by keeping pest 
populations in check (Kremen and Chaplin-Kramer 2007).

Despite the important roles played by insects in ecol-
ogy and biodiversity conservation management, the popu-
lation of insects has been on the decline (Hallmann et al. 
2017; Eggleton 2020). Some of the factors attributed to the 
decline of insects include pesticides (Riyaz et al. 2022), 
urbanization (Riyaz et al. 2022), light pollution (Owens et al. 
2020), deforestation (Riyaz et al. 2022), habitat destruction 
(Sánchez-Bayo and Wyckhuys 2019), global warming (Har-
ris et al. 2019; Soroye et al. 2020), agriculture extension 
(Riyaz et al. 2022) and fertilizers (Riyaz et al. 2022). There-
fore, ecology and conservation management of insects are 
imperative to preserve and manage biodiversity and natural 
resources.

Ecology and conservation management can further be 
understood from insect sounds i.e., bioacoustics. Insect 
bioacoustics involves studying sound production, dis-
persion, and reception in insects. Insect bioacoustics 
plays a crucial role in understanding insects’ survival, 
i.e., attracting mates, territory establishment, predator 
avoidance, and other behaviors (Ponce 2014). Among 
others, these sounds aid in species identification and 
biodiversity monitoring (Aide et al. 2013; Ponce 2014). 
Insects acoustics can also be applied in ecology, pest 
management, and conservation management, whereby 
researchers studying these signals, have developed 
intelligent acoustic traps to attract and capture selective 
pests (Hermosilla et al. 2021; Mankin 2012); this offers 
a more environmentally friendly approach to pest con-
trol. Sounds produced during insect pollination activities 
can be assessed to better understand and preserve forest 
ecosystems within the context of climate change. Fol-
liot et al. (2022) analyzed sounds produced by pollina-
tion by flying insects and drumming woodpecker birds 
during different seasons. They found that insects were 
flying in bright, warm, and dry conditions, after dawn 
and before dusk during spring and summer while the 
woodpeckers were mainly drumming around March at 
the time of pair formation in cool and wet conditions. 
By studying weather information, Folliot et al. (2022) 
found that an increase in temperature favored pollination 
by flying insects and not woodpecker drumming while 
and an increase in relative humidity favored woodpecker 
drumming but not pollinators. Therefore, these bioacous-
tics analytics results provided vital information about 

biodiversity and environment description in the context 
of weather changes. Insects have robust sensory systems 
that enable them to adapt to simple and complex behav-
iors (Heller et al. 2017; Wang et al. 2016). For instance, 
insects like bees have olfactory receptors to detect phero-
mones and floral scents, which are crucial for foraging 
and mating (Uthoff et al. 2023). Moreover, the olfac-
tory receptors allow them to perform complex behaviors 
such as navigating to specific flowers and communicat-
ing with other bees through the “waggle dance". Further, 
insects such as dragonflies, have compound eyes that 
provide a wide field of view and detect fast movements. 
This is essential for hunting prey and avoiding predators. 
Nonetheless, insects, like butterflies, can see ultraviolet 
light, which helps them locate nectar-rich flowers (Lunau 
et al. 2020).

Insects produce sounds, that can be perceived by 
humans (Potamitis et al. 2007). Manual identification 
of insect bioacoustics is quite tedious, time-consuming, 
and subject to human error (Alonso et al. 2017; Zhang 
et al. 2021). However, with advancements in technology, 
insect recognition and classification using bioacoustics 
can be done more accurately and precisely by the use 
of machine learning techniques. Machine learning has 
revolutionized the field of insect bioacoustic identifica-
tion by automating and enhancing the process, and has 
achieved considerable success.

Following the advancement of automatic synthesis of 
insect bioacoustics using machine learning, it was necessary 
to do a state-of-the-art literature review of the compilation 
of the various machine-learning techniques for processing 
insect bioacoustics and their application to ecological and 
biodiversity conservation, pest management, and insects as 
food and feed.

The rest of this paper is organized as follows: Section 
“Literature and research questions” gives a brief overview 
of related work. Section “Materials and methods” discusses 
the methodology, Section “Auto-processing of bioacoustics” 
outlines the results and discussions about methodological 
procedures of automatic synthesis of bioacoustic, challenges, 
and future direction, Section “Automatic synthesis of insects 
bioacoustic: current and future prospects” discusses applica-
tions of automatic insects bioacoustic synthesis; current and 
future prospects. Section “Conclusion” concludes this paper.

Literature and research questions

Previous works

The use of machine learning and artificial intelligence 
techniques to analyze and classify sounds produced by 
living organisms has gained attention from the scientific 
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community due to the diverse applications and the cross-
disciplinary nature of the field. For instance, some of the 
applications include conservation and ecology (Kampichler 
et al. 2010), animal behavior (Valletta et al. 2017), and com-
munications such as specific vocalizations associated with 
mating, aggression, and other behaviors (Potamitis et al. 
2007). Further, automated classification of acoustics can 
be applied in pest management, by identifying and tracking 
pests which can help in the development of targeted and 
environmentally friendly pest management strategies (Yaz-
gaç et al. 2016). Uthoff et al. (2023) conducted a review 
of bioacoustics and vibration methodologies to automati-
cally monitor bee colony behavior and health. They aimed 
to address how acoustics and vibration recordings have 
been used to determine queen presence and indicators of 
swarming, by presenting common methods and analyses. 
The review was guided by questions such as the application 
areas of the acoustics, methods used to record acoustics, 
and data analysis methods employed by different researchers 
ranging from machine learning and statistical algorithms, 
denoising methods, etc.

Stowell (2022) conducted a review focused on the cur-
rent state of deep learning in computational bioacoustics, 
with the aim of clarifying key concepts. They highlighted 
knowledge gaps and under-explored areas that present 
opportunities for further research in the coming years. The 
author unearthed the deep learning techniques applied by 
different researchers, the evaluation metrics of the models, 
and how different studies have solved the problem of insuffi-
cient data since deep learning requires voluminous data, and 
signal preprocessing using deep learning. All these studies 
enhanced the knowledge of general acoustics.

Research questions

This research conducted a meta-analysis of existing litera-
ture on the use and application of machine learning tools and 
algorithms in insect bioacoustics with a focus on answering 
the questions outlined in Table 1.

Materials and methods

This section describes the materials and methods applied in 
this systematic literature review. To achieve this we applied 
the Preferred Reporting Items for Systematic Reviews and 
Meta-Analyses (PRISMA) methodology to identify and 
screen scientific papers based on specific criteria. Figure 1 
summarises the PRISMA methodology used in this paper. 
From the diagram, the methodology has 3 key steps which 
are: search and identification of articles, screening of identi-
fied articles for eligibility, and inclusion of final articles for 
review in this study.

Google Scholar, Scopus, and Web of Science were used 
as the main web search engines since they index articles 
published in most journals. The search engines allowed us 

Table 1   Outline of questions addressed in this study

Tag Research Question

RQ1 Which are the data sources and data recording tools of insect bioacoustics?
RQ2 What data preprocessing techniques have been used in insect bioacoustics signals?
RQ3 Which feature extraction techniques have been used to extract features from insect bioacoustics signals?
RQ4 Which machine learning techniques have been used to process extracted insect bioacoustics signal features?
RQ5 How are the machine learning methods evaluated?
RQ6 What are the challenges and future directions of applications of machine learning in insect bioacoustics signals?
RQ7 How has automatic synthesis of insect bioacoustics been applied to ecological and biodiversity conservation?

Fig. 1   Article selection criteria
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to filter the sources based on the range of years indicated 
and the topics of interest as well. The search strategy used 
was based on keywords provided in Table 2. We note that 
keywords were derived from existing and related articles that 
were at the intersection of insect bioacoustics and machine 
learning (Wei et al. 2022; Fernandes et al. 2021; Paim et al. 
2023; Trivedi and Shroff 2021; Robles-Guerrero et al. 2023; 
Várkonyi et al. 2023; Karar et al. 2021; Amlathe 2018; Hod-
zic and Hoang 2021; Potamitis et al. 2007; Kim et al. 2021b; 
Phung et al. 2017). This provided an exhaustive search of 
other related articles within a specified search period. Ide-
ally, the search keywords were combined into search queries 
using the conjunction AND and OR operators. This study 
reviewed articles published in the last 7 years, i.e., from 
2016 to 2023. The inclusion and exclusion criteria for the 
relevant materials are tabulated in Table 3.

Auto‑processing of bioacoustics

A total of 32 articles met the selection criteria for inclusion 
in the review of insects’ bioacoustics. Figure 2 summarises 
the count of articles published in each year between 2016 
and 2023. Figure 3 shows the publishers where the majority 
of the articles were published.

This paper systematically reviews the selected papers and 
builds Sections “Data sources, data collection, sound signals 
pre-processing, and feature extraction” and “Machine learn-
ing in sound signal processing”. Section “Data sources, data 
collection, sound signals pre-processing, and feature extrac-
tion” highlights data collection and sources, sound signal 
processing, and feature extraction while Section “Machine 
learning in sound signal processing” introduces machine 
learning algorithms frequently used in insect acoustics and 
the evaluation metrics used to gauge the performance of 
these models. Figure 4 gives a summary of the acoustics 
data collection and automatics processing steps which are 
discussed as follows.

Data sources, data collection, sound signals 
pre‑processing, and feature extraction

Data sources and data collection tools

The success of insect classification based on sound signals 
processing mainly relies on the quality of data recorded 
and how it is preprocessed to make the data machine-
learning-ready. Generally, there are two sources of data: 
primary (collect first-hand records, e.g., in the laboratory 
or the field) and secondary (reuse available data, e.g., from 

Table 2   Search queries applied on various search engines

Relevant articles from 2016 to 2023 were filtered

Database Search query

Scopus TITLE (“acoustic classification” OR ”bioacoustic signals” OR “sound signal processing” OR ”MFCC” OR “PNN” OR “SVM” 
OR “LFCC” OR “bioacoustics” OR “acoustics”) OR ABS (“sound recognition” OR “insect sounds” OR “acoustic features” 
OR “CNN” OR “MFCC” OR “machine learning”) OR KEY (“Automatic acoustic identifications” OR “Deep convolutional 
neural networks” OR “Acoustic insect classification” OR “Sound analysis”)

Web of Science TI=(“acoustic classification” OR “bioacoustic signals” OR “sound signal processing” OR “MFCC” OR “PNN” OR “SVM” 
OR “LFCC” OR “bio-acoustics” OR “acoustics”) OR AB=(“sound recognition” OR “insect sounds” OR “acoustic features” 
OR “CNN” OR “MFCC” OR “machine learning”) OR ALL=(“Automatic acoustic identifications” OR “Deep convolutional 
neural networks” OR “Acoustic insect classification” OR “Sound analysis”)

Google Scholar “With all of the words" field: acoustic signal insect Sound * AND machine acoustic classification OR bioacoustic OR signals 
OR sound OR processing OR bioacoustics OR acoustics OR sound OR recognition OR insect OR sounds OR acoustic OR 
features OR Acoustic OR classification OR Sound OR analysis OR Insect OR learning OR Automatic OR identifications OR 
Deep OR learning OR Artificial OR intelligence OR AI)

Table 3   Inclusion and exclusion criteria

Inclusion Criteria Exclusion Criteria

Insects bioacoustics classification Research not published in English
Publications that are peer-reviewed Papers that were classified as not original research
Papers published in English Sound classification not related to insects
Papers on insect acoustics using machine learning Papers on bioacoustics and acoustics but not on insects
Papers which are not review articles Papers which are review articles
Papers that do not have editorial material Papers that are editorial materials
Papers that are not proceeding papers or correction papers Papers that are proceeding papers or correction papers.
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online repositories). This review notes that the majority of 
authors (Potamitis et al. 2007; Dong et al. 2018; Arpitha 
et al. 2021; Kim et al. 2021a; Zgank 2022; Terenzi et al. 
2021; Basak et al. 2022; Nolasco et al. 2019; Phung et al. 
2017; Noda et al. 2016; Bhattacharya et al. 2016; Zhang 
and Guo 2010) used secondary data to analyze and build 
their models. As shown in Table 5, the secondary data was 
sourced from various databases such as NU-HIVE (Cecchi 
et al. 2018), SINA (Thomas 2022), USDA (Mankin 2023), 
Kaggle repository (Potamitis 2023), OSBH (OSBeehives 
2020), etc. Authors such as (Yazgaç et al. 2016; Silva et al. 
2013; Fanioudakis et al. 2018; Ferreira et al. 2023; Hibino 
et al. 2021; Cruz et al. 2020) set up experiments in a labo-
ratory or in outdoor settings to collect primary data.

Audio recording tools and audio editing software

To capture insect sounds accurately, appropriate audio 
recording tools are needed. We note that the widely used 
audio recording tool was the microphone (Amlathe 2018; 
Yazgaç et al. 2016; Arpitha et al. 2021; Terenzi et  al. 
2021; Nolasco et al. 2019; Kiskin et al. 2020; Hodzic and 
Hoang 2021; Várkonyi et al. 2023; Kawakita and Ichikawa 
2019). After recording, the audio files can be cleaned (e.g., 
denoised, split, etc.) using software like Audacity (Audac-
ity 2023), Adobe Audition (Kawakita and Ichikawa 2019) 
or Matlab (Kiskin et al. 2020) to clean up, edit and analyze 
the recorded sounds. Table 4 gives an overview of the 

Fig. 2   A count of bioacoustic 
insect synthesis using machine 
learning papers published in 
each year between 2016 and 
2023

Fig. 3   A bar graph of the count of articles selected from different scholarly publishers
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audio recording tools and audio editing software used by 
various authors.

Pre‑processing of insect songs

In this context, pre-processing refers to the cleaning of bio-
acoustic recordings before they are subjected to analysis. 
Clean data contains quality and valuable information about 
the insects’ vocalizations and improves data reliability mak-
ing it suitable for accurate analysis and interpretation. From 
the literature, we discovered that pre-processing majorly 
consisted of 4 major steps: denoising, normalization, data 
labeling, and data splitting. These steps are covered in detail 
below.

a) Denoising  Insects’ songs are often recorded in natural 
environments, where background noise from wind, water, 
other animals, or human activity can be present. Reduc-
ing/removing the noise is critical to isolate and focus on 
the insect sounds of interest. By amplifying the insect 
sounds and attenuating background noise, researchers can 
improve the signal-to-noise ratio, making the calls more 
audible and easier to analyze (Amlathe 2018; Kim et al. 
2021a; Silva et al. 2013). Various techniques can be used 
for noise removal such as wavelet transform technique 
(Amlathe 2018), audio editing software (Cruz et al. 2020; 
Kawakita and Ichikawa 2019; Varma et al. 2021).

Fig. 4   A workflow of automatic synthesis of bioacoustics

Table 4   Overview of audio recording and audio editing software used by authors under review

Author Audio recording tool Audio editing software

 Amlathe (2018) Microphone embedded in electronic Beehive Monitoring System Audacity software
 Yazgaç et al. (2016) Microphone with acoustics and ultrasonic sound levels Not provided
 Arpitha et al. (2021) Microphone Not provided
 Kim et al. (2021a) Audio sensors Not provided
 Terenzi et al. (2021) Behringer UCA 22 sound card and ADMP 401 MEMS microphones Not provided
 Nolasco et al. (2019) Microphone Not provided
 Silva et al. (2013) Sensor Not provided
 Fanioudakis et al. (2018) Optical sensors Not provided
 Ferreira et al. (2023) Digital acoustic recorder Not provided
 Cruz et al. (2020) Piezoelectric disc sensor Audacity software
 Hibino et al. (2021) Recorder Not provided
 Kiskin et al. (2020) Microphone embedded on low cost smartphones MATLAB software
 Hodzic and Hoang (2021) Microphone embedded on Raspberry Pi Not provided
 Várkonyi et al. (2023) Microphone Not provided
 Kawakita and Ichikawa (2019) Microphone Adobe Audition CC
 Fernandes et al. (2021) Microphone embedded in a smartphone Audacity software
 Parvathy et al. (2021) Data Acquisition System (DAS) Not provided
 Varma et al. (2021) Not provided Audacity Software
 Zamanian and Pourghassem (2017) ZOOM-H4 audio portable recorder Not provided
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Table 5   Primary and secondary data source, data size, pre-processing steps, and splitting length

Study Data source Data size Pre-processing Splitting length

a) Primary data
 Amlathe (2018) Recorded data 12600 audio samples, 9110 

time-of-day samples of bee 
sounds

Denoising, data labeling 2 secs

 Yazgaç et al. (2016) Laboratory, outdoor data 118 Individual per each Sunn 
Pests class

Not provided 1 sec

 Cruz et al. (2020) Recorded data 5990 data samples of mango 
pulp weevil pupa sounds

Segmentation, data labeling Not provided

 Paim et al. (2023) Recorded data 537 recordings of A.e aegypti 
mosquito species

Standardization, segmentation Not provided

 Ferreira et al. (2023) Recorded data 518 audio samples of pollinat-
ing bee species

Data labeling, data splitting, 
data augmentation

Not provided

 Fanioudakis et al. (2018) Recorded data 279566 wing beat mosquito 
sounds

Sound splitting Not provided

 Hibino et al. (2021) Recorded data 100 pieces for each type of the 
7 cicada and cricket species

Segmentation, data augmen-
tation

5 secs

 Várkonyi et al. (2023) Recorded data 10000 recordings of beehive 
sounds

Not provided Not provided

 Kawakita and Ichikawa 
(2019)

Recorded Data 200 samples of A.mellifera 
and B.arden sounds, 160 
samples of T.nipponensis 
sounds, 120 samples of 
V.s.xanthoptera sounds, 200 
recordings of background 
sounds and unspecified bird 
song

Not provided Not provided

 Kiskin et al. (2017) Recorded data 6000-60000 training samples 
of mosquito sounds

Data annotation 2 secs

b) Secondary data
 Potamitis et al. (2007) SINA 220 species of crickets and 

cicadas
Segmentation Not provided

 Zhang et al. (2021) ARS Not mentioned Normalization, pre-emphasis Not provided
 Dong et al. (2018) USDA 47 types of insect sounds, 

each including 1-10 records
Normalization, pre-accentua-

tion, framing, windowing
Not provided

 Arpitha et al. (2021) Kaggle repository 1200 samples of mosquito 
wingbeats

Framing, windowing 50 milliseconds

 Zgank (2022) Open source beehives project 2443 recordings of bee swarm 
activities

Data labeling Not provided

 Terenzi et al. (2021) NU-HIVE 345000 files of honey bees 
sounds

Segmentation, normalization 3 secs

 Basak et al. (2022) Sound library on the mobcup, 
quick sounds, pixabay 
websites

9 insect species of cicada, 
bees, crickets, mosquito, 
grasshopper, bugs, termites, 
beetles, ant

Segmentation, data labeling, 
framing, pre-emphasis

Not provided

 Nolasco et al. (2019) NU-Hive 576 files of beehive sounds Not provided
 Phung et al. (2017) USDA 66000 samples of insect 

sound activities
Pre-emphasis, normalization, 

framing
Not provided

 Noda et al. (2016) InsectSingers 88 cicada species sounds Segmentation Not provided
 Kim et al. (2021b) Open source beehives project 95 beehive sound files Noise filtering, centering and 

zero-padding
Not provided

 Wei et al. (2022) Wingbeats, Abuzz wingbeats dataset had 6 mos-
quito species of 3 different 
genera recordings, Abuzz 
had 20 mosquito species of 
4 different genera recordings

Noise removal, data padding, 
segmentation, data augmen-
tation

Not provided
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 c) Data labeling  This refers to the process of annotating/
tagging the insect song recordings with relevant informa-
tion that machine-learning algorithms can learn from. Labe-
ling provides the necessary context and ground truth for the 
machine learning algorithms to understand the relationship 
between the input (acoustic features) and the desired out-
put (insect song synthesis). Some of the key information 
associated with data labeling in insect song synthesis are 
species (Zamanian and Pourghassem 2017), type of song 
according to wingbeats (Kiskin et al. 2020), background 
noise (Amlathe 2018), etc.

 d) Sound signal splitting  Due to the sound signal length, 
a long signal cannot be processed in one instant. For 
effective sound signal analysis in machine learning, the 
clean sound signals must be split into equal lengths. 
Different split lengths result in different sizes of fea-
tures extracted and affect machine learning modeling as 
explained in Sections “Feature extraction” and “Machine 
learning in sound signal processing” respectively. In the 
literature reviewed, researchers have used different split 
lengths for their audio data. For instance, authors such as 
Kiskin et al. (2020) split mosquito-recorded sound sig-
nals to 2 seconds with an overlap of 1 second. Amlathe 
(2018) extracted a 2-second sample clip from the 30-sec-
ond length of each bee sound record. Potamitis et al. 
(2007) split sound signals into 15 seconds each. Arpitha 
et al. (2021) split mosquito wingbeats into equal lengths 
of 50 milliseconds for each category. While most of the 
studies reviewed did not mention the sound-splitting 
ratio, other researchers emphasized the importance of 
sound splitting into equal lengths, e.g., Towsey (2017) 
and Weiping et al. (2017) split sound records into 4 sec-
onds and 60 seconds clips respectively, Hibino et  al. 
(2021) and Hodzic and Hoang (2021) split the audio files 
into 5-second log files. Other authors such as Yazgaç 
et al. (2016); Terenzi et al. (2021); Varma et al. (2021) 
segmented all the longer files into recordings of 1, 3, and 
20 seconds respectively. Further, Hershey et al. (2017) 
recommends a splitting rate of at least 0.96s clips for a 
variety of audio detection tasks.

Generally, different split lengths give different feature 
matrices, and huge feature matrices make machine learn-
ing take more time to train the models. Table 5 summarizes 
the pre-processing steps and splitting length carried out by 
various studies.

Feature extraction

Feature extraction in acoustic analysis is the process of 
extracting mainly numerical and/or image values from sound 
signals for machine learning tasks. These features serve as 
input to the synthesis model, allowing it to learn charac-
teristics of the insect songs which can be used to classify/
identify insects based on their different species, wing beats 
etc. Effective feature extraction is crucial in determining the 
quality and accuracy of the synthesized songs. The choice of 
features depends on the specific characteristics of the insect 
songs and the requirements of the synthesis model. There 
are several libraries that can extract sound signal features 
e.g. Librosa (McFee et al. 2015) and Spafe (Malek 2023) 
libraries in Python programming languages, Sound Object 
(Lazzarini 2001) Library, or Essentia (Dmitry et al. 2013) in 
C++ programming language. Some of the common features 
which are extracted from the sound signals are the Mel-Scale 
Frequency Cepstral Coefficients (MFCC), chroma features, 
spectrogram, spectral centroid, and frequency-band energy 
features (Barchiesi et al. 2015). A summary of the features 
extracted in various studies is outlined in Table 6. Some of 
the common features identified are discussed below:

a) Mel‑scale frequency cepstral coefficients (MFCC) fea‑
ture  MFCCs are widely used in audio signal processing and 
speech recognition. They capture the spectral characteristics 
of the sound and represent the short-term power spectrum of 
the audio signal after being transformed into Mel frequency 
scale (Le-Qing 2011). MFCCs are based on the human audi-
tory system’s perception of sound, which makes them well-
suited for various audio-related applications. This approach 
has been used by several studies (Amlathe 2018; Yazgaç 
et al. 2016; Phung et al. 2017; Noda et al. 2016; Zhang and 
Guo 2010; Silva et al. 2013; Kawakita and Ichikawa 2019) 
to extract sound signal features.

b) Chroma feature  A chroma feature is a type of audio fea-
ture whose tonal variation of an audio signal is in a con-
densed form (Kattel et al. 2019). Kattel et al. (2019) notes 
that the tonal variations are represented by ‘color’ which 
refers to the quality of a pitch class, namely: C, C#, D, D#, E, 
F, F#, G, G#, A, A# and B. A chroma vector is represented 
by 12 bins of pitches which indicate the amount of energy 

Table 5   (continued)

Study Data source Data size Pre-processing Splitting length

 Fernandes et al. (2021) Abuzz 1285 audio files of 20 mos-
quito species

Denoising, normalization, 
segmentation, data augmen-
tation

Not provided
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in each pitch class present in the signal. Thus, the 12 bins 
represent the magnitude of the 12 features/tone in a standard 
chromatic scale. Figure 5 is a visualization of the chroma 
feature of Cacama valvata (Kathy and David 2023) insect 
bioacoustics extracted using the Librosa (McFee et al. 2015) 
library. Amlathe (2018) explored this approach in insect bio-
acoustics. This has been explored in other domains such as 
in construction (Shi et al. 2019) and music genre (Shi et al. 
2019) classification respectively. 

c) Spectrogram feature  This is a representation of 2D 
images with time along one axis representing sequences of 
spectra, with color brightness on the other axis representing 
the frequency of the strength of each component at each 
time frame. Spectrograms show where there is more or less 
energy, and how energy levels vary over time. In automatic 
insect song synthesis, spectrograms are common as they 

capture the temporal and spectral characteristics of the insect 
sounds. Figure 6 is a visualization of a spectrogram image 
extracted using the Librosa Library. Several researchers 
(Dong et al. 2018; Arpitha et al. 2021; Terenzi et al. 2021; 
Nolasco et al. 2019; Kiskin et al. 2020; Karar et al. 2021) 
have used this approach to extract sound signal features. 

d) Spectral centroid feature  A spectral centroid is used to 
characterize the center mass of the spectral distribution of a 
sound. The spectral centroid is computed from the magni-
tude spectrum of an audio signal, typically obtained using 
the Short-time Fourier Transform (STFT). The feature.
spectral_centroid function can be used to compute spectral 
centroid in Python programming language. The formula for 
computing the spectral centroid is as follows:

Figure 7 is a visualization of spectral centroid features. Spec-
tral centroid has not been widely used in insect bioacoustics 
analysis. However, this feature extraction method has been 
used by Várkonyi et al. (2023); Xie and Bertram (2019); 
Kavitha and Manikandan (2021) in their audio processing 
and classification tasks.

Machine learning in sound signal processing

Machine learning techniques are becoming increasingly 
popular in insects songs signal processing due to their abil-
ity to extract complex patterns, classify different sounds and 
insect species. Machine learning can be applied in species 
identification, bioacoustic monitoring, classification of call 
types, etc. Automatic sound/audio signal processing can be 

(1)SpectralCentroid =

∑

k f (k).Magnitude(k)
∑

k Magnitude(k)

Fig. 5   Visualization of chroma features extracted from Cacama val-
vata (Kathy and David 2023) insect bioacoustics

Fig. 6   Spectogram feature 
extracted from Cacama valvata 
(Kathy and David 2023) insect 
bioacoustics
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improved using machine learning (Phung et al. 2017; Noda 
et al. 2016; Kawakita and Ichikawa 2019). The previous 
section discussed some approaches used in extracting fea-
tures from sound signals. These features are then ingested in 
machine learning algorithms for processing. Section “Appli-
cations of machine learning models on insects bioacoustic 
analysis” describes various machine learning algorithms 
used by various authors in sound signals analysis.

Applications of machine learning models on insects 
bioacoustic analysis

Generally, machine learning algorithms fall into two broad 
categories, namely, shallow and deep machine learning 
methods. Shallow learning algorithms are algorithms such 
as random forest (RF), k-nearest neighbor (KNN), and Sup-
port Vector Machine (SVM), including neural networks that 
have only one hidden layer. While deep learning algorithms 
are those neural network models with multiple hidden layers. 
Examples of deep learning models are convolutional neu-
ral networks (CNN), Recurrent Neural Networks (RNNs), 
Long Short-Term Memory (LSTM), etc. Compared to shal-
low learning, deep learning algorithms require huge amounts 
of training data and subsequently give a better performance 
in various domains such as image and natural language pro-
cessing (Yayin et al. 2021). Applications of these algorithms 
in insect bioacoustics are summarized in Table 6.

a) Shallow machine learning models  Shallow machine 
learning falls under three major categories: supervised, 
unsupervised, and reinforcement learning. Supervised 
machine learning uses labeled data sets to train algorithms 
to classify categorical data or do regression on continuous 
data. Some of the algorithms used in supervised learning 
include logistic regression, perceptron, and KNN (Xu et al. 
2021). In automatic insect bioacoustic synthesis, the widely 

used supervised learning algorithms were SVM (Amlathe 
2018; Kim et al. 2021a; Basak et al. 2022; Nolasco et al. 
2019; Noda et al. 2016; Silva et al. 2013; Cruz et al. 2020; 
Robles-Guerrero et al. 2023), RF (Kim et al. 2021a; Fer-
reira et al. 2023; Robles-Guerrero et al. 2023) and KNN 
(Yazgaç et al. 2016; Basak et al. 2022; Phung et al. 2017; 
Xie and Bertram 2019; Robles-Guerrero et al. 2023). In all 
these cases, they have been used for call types or species 
classification. Unsupervised learning algorithms automati-
cally decipher hidden patterns in unlabelled data and build 
clusters. Common unsupervised machine learning algo-
rithms are K-means, principal component analysis (PCA), 
and Density-Based Spatial Clustering of Applications with 
Noise (DBSCAN); for instance, Hodzic and Hoang (2021) 
used DBSCAN to cluster bee buzz. Clustering is a means 
by which DBSCAN differentiates the bee buzz and groups 
the homogeneous instances into clusters on its own without 
supervision by a human. Reinforcement learning involves 
training computational algorithms based on rewards and 
punishments (Mitchell 1997). This review did not come 
across applications of reinforcement learning in automatic 
insect bioacoustic synthesis. The commonly used supervised 
algorithms are discussed below and Table 6 provides a sum-
mary of studies that applied them. 

i)	 SVM: SVM is effective in handling high dimensional 
data and can efficiently find a hyperplane that best 
separates different insect species or call types. This 
algorithm can be used for both binary and multi-class 
classification tasks. The algorithm can find a hyper-
plane that maximizes the margin between classes; this 
helps in achieving better generalization and robust-
ness, especially when dealing with noisy or overlap-
ping acoustic data. It handles both linear and non-
linear boundaries by using different inbuilt kernel 
functions. This algorithm has been applied in various 
insect songs classification such as Amlathe (2018); 
Kim et al. (2021a); Basak et al. (2022); Nolasco et al. 
(2019); Phung et al. (2017); Ferreira et al. (2023); 
Cruz et al. (2020); Kawakita and Ichikawa (2019); 
Robles-Guerrero et al. (2023).

ii)	 RF: The algorithm creates multiple decision trees from 
different random subsets of the data and features. To 
make a prediction, the algorithm averages the prediction 
of each decision tree, hence improving the predictive 
accuracy of the dataset. The algorithm has an internal 
mechanism for identifying and ranking the most impor-
tant features that distinguish different insect species 
based on their bioacoustic signals. This algorithm has 
been used in various studies (Amlathe 2018; Kim et al. 
2021a; Xie and Bertram 2019; Robles-Guerrero et al. 
2023) for insect species classification and identification.

Fig. 7   Normalized spectral centroid features extracted from Cacama 
valvata (Kathy and David 2023) insect bioacoustics
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iii)	 KNN: This is a supervised algorithm used in classi-
fication tasks. The algorithm uses distance metrics to 
measure the similarity between feature vectors. KNN 
requires selecting a value for K, which is the number of 
nearest neighbors to consider when making predictions. 
This algorithm has been used in studies such as Amlathe 
(2018); Basak et al. (2022); Xie and Bertram (2019); 
Robles-Guerrero et al. (2023).

b) Deep learning models  Insect sound detection and clas-
sification by use of deep learning is increasingly becoming 
popular. These models can learn intricate patterns and fea-
tures from large and complex datasets, making them well-
suited for tasks that involve analyzing audio signals. Further-
more, with advancements in technology, the models have 
been popular among researchers due to sufficient computing 
power for training these models. In insect bioacoustics, deep 
learning models are trained with spectrogram features which 
are extracted from insect sounds as images. Further, deep-
learning models have been used in environmental sound 
classification to identify different sounds in the environment, 
thereby enhancing audio monitoring in smart devices. Deep 
learning models such as generative adversarial networks 
(GANs) and autoencoders have been used to clean up noisy 
audio, thereby enhancing the data quality for analysis. The 
majority of the insect audio data collected is not sufficient 
for analysis and model development due to the presence of 
noise which has to be removed. Deep learning models such 
as GANs can/have been used to generate synthetic data to 
complement the available data to ensure there is sufficient 
data for machine learning synthesis. Some of the common 
deep learning architectures used are multilayer perceptron 
(MLP), Convolutional Neural Networks (CNN), and Recur-
rent Neural Networks (RNNs) (Zhang et al. 2021; Dong 
et al. 2018; Arpitha et al. 2021; Zamanian and Pourghas-
sem 2017; Várkonyi et al. 2023). These architectures are 
described below: 

i)	 MLP: The MLP is a feed-forward neural network clas-
sification algorithm that is organized into 3 layers. The 
three layers are the input layer, the hidden layer, and the 
output layer. The input layer receives the input data, i.e., 
the extracted features from the bioacoustic signals of 
insects. Hidden layers contain multiple neurons, and the 
connections between them have associated weights. Hid-
den layers allow the network to capture complex patterns 
in the data. The output layer is the predicted class label, 
i.e. the label of the insect species or the insect song call 
type. Figure 8 illustrates the 3 layers of the MLP clas-
sifier and how they are interconnected (Heidari et al. 
2020). This algorithm has been used by Kiskin et al. 
(2020).

ii)	 CNN: This is a specialized type of artificial neural 
network designed for processing grid-like data such 
as images, audio spectrograms, and time-series data. 
The algorithm works by assigning weights and biases 
to the input features based on the importance of vari-
ous objects in the input image. CNN processes data in 
a 1D array and 2D array. The 1D array could include 
data such as speech and biomedical signals whereas the 
2D array includes data such as images and audio spec-
trograms (Weiping et al. 2017). CNN has four impor-
tant layers, (a) the input layer- this layer holds the input 
pixels of the image, (b) the convolutional layer - which 
captures different aspects of the input data such as edges, 
textures, and shapes, (c) the pooling layer- downsam-
ples the spatial dimensions of the feature maps obtained 
from the convolutional layers, reducing the number of 
parameters within that activation, (d) fully connected 
layers - combine the learned features and make high-
level predictions based on the extracted features (O’Shea 
and Nash 2015). Figure 9 is a diagrammatic flow of the 
working of CNN. This algorithm has been used success-
fully in studies such as Terenzi et al. (2021); Nolasco 
et al. (2019); Parvathy et al. (2021); Varma et al. (2021); 
Paim et al. (2023); Trivedi and Shroff (2021).

b) Transfer Learning  Transfer learning entails the reuse of 
pre-trained machine learning models to solve new prob-
lems. Pre-trained machine learning models are models that 
have been trained on large datasets but can be fine-tuned to 
solve specific tasks. Transfer learning is becoming popular 
in deep learning tasks since it can be fine-tuned with rela-
tively small amounts of data. These make them quite rel-
evant in most real-world problems that typically do not have 
huge amounts of data points to train such complex models. 

Fig. 8   Multilayer perceptron; as shown with 3 layers, input, hidden 
and output layer (Heidari et al. 2020)
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Pre-trained models are diverse depending on the kind of task 
you want to solve (Zhuang et al. 2021; Karl et al. 2016). For 
instance, in the domain of insect bioacoustics, as discussed 
in Section “Feature extraction”, sound signal features can be 
extracted as spectrogram or spectral centroid images. These 
images can be trained using various transfer-learning pre-
trained models such as VGG16 (Qassim et al. 2018), VGG19 
(Simonyan and Zisserman 2015), RESNet152 (Kora Venu 
2021), Xception (Sharma and Kumar 2022), etc. Notably, 
Torky et al. (2023); Boulila et al. (2023) converted sound 
data of the Red Palm Weevil insect into images and used 
deep learning pre-trained models to classify the infestation 
(or no infestation) of the insects on the palm trees.

Evaluation metrics for insects songs synthesis

To evaluate the performance of different machine learn-
ing algorithms, various evaluation metrics have been used 
across different studies. The metrics are described below 
and Table 6 summarises the various evaluation metrics 
used by different studies in the automatic classification of 
insect acoustics using machine learning algorithms.

a) Accuracy  It measures the proportion of correctly classi-
fied instances in the entire dataset. This evaluation metric is 
a straightforward and intuitive metric that provides an over-
all measure of how well the model performs on the classifi-
cation task. Accuracy can be computed from the confusion 
matrix, which is a tabular representation of the performance 
of a classification model. In the confusion matrix, true posi-
tive (TP) represents the number of instances correctly clas-
sified as the positive class, false positive (FP) is the number 
of instances incorrectly classified as the positive class, false 
negative (FN) is the number of instances incorrectly clas-
sified as the negative class and true negative (TN) is the 
other class identified as the other class. Figure 10 shows the 

described variables in a confusion matrix table while (2) 
describes how accuracy is calculated from the confusion 
matrix. 

b) Precision  This is calculated as the ratio of the number of 
samples correctly predicted as the class to the total number 
of samples in the class as indicated in (3). Precision is used 
to evaluate a model’s ability to correctly identify the class.

c) Recall  This also known as sensitivity or true positive rate 
(TPR) measures the ability of a model to correctly identify 
all positive instances out of the total positive instances as 
indicated in (4).

d) F1‑score  F1-score is an evaluation metric commonly 
used to evaluate imbalanced datasets, where some classes 
have a much larger instance than others. F1-score combines 
both precision and recall to achieve a balance of both. The 
F1-score is calculated using the formula in (5). When deal-
ing with multi-class classification, you can compute the 

(2)Accuracy =
TP + TN

TP + TN + FP + FN

(3)Precision =
TP

TP + FP

(4)Recall =
TP

TP + FN

Fig. 9   Architecture of the CNN 
(Jiuxiang et al. 2018)

Fig. 10   Species classification on 10-class insect recognition dataset
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Table 6   Summary of authors, features, machine learning classifier algorithm, and evaluation metrics

Author Features Classifier Evaluation Metrics

a) Deep Learning
 Wei et al. (2022) Spectrograms ResNet Accuracy, precision, recall, 

F1-score
 Fernandes et al. (2021) Spectrograms CNN Accuracy, precision, recall, 

F1-score
 Paim et al. (2023) Spectrograms Residual CNN Accuracy, precision, recall, 

F1-score
 Trivedi and Shroff (2021) Melfilter bank energy Artificial neural networks Accuracy
 Robles-Guerrero et al. (2023) MFCC Neural Network Confusion matrix, accuracy, preci-

sion, recall, F1-score, ROC curve, 
misclassification

 Várkonyi et al. (2023) STFT, chroma, MFCC, MFCC 
delta, spectral centroid, zero-
crossing rate

Recurrent neural networks (long 
short-term memory networks)

Accuracy

 Karar et al. (2021) Spectrograms InceptionResNetV2 Accuracy, precision, recall, 
F1-score

 Nolasco et al. (2019) Mel spectrograms CNN AUC​
 Parvathy et al. (2021) Mel spectrogram Convolutional autoencoder Mean squared error, F1-score, ROC 

curve, AUC value, accuracy, 
precision, recall

 Varma et al. (2021) Mel-spectrogram, 1-D convolu-
tion

2D-CNN, 1D-CNN, SincNet Accuracy, precision, recall, 
F1-score

 Terenzi et al. (2021) STFT spectrograms, Mel spectro-
grams, MFCC, Hilbert Huang 
transform (HHT), Continous 
Wavelet Transform (CWT), Dis-
crete Wavelet Transform (DWT)

CNN AUC, precision, recall, F1 measure

 Hibino et al. (2021) Spectrogram (mel spectrogram, 
power spectrogram)

CNN Accuracy

 Cruz et al. (2020) MFCC Artificial neural network Accuracy
 Zhang et al. (2017) Spectrum images Deep CNN Accuracy
 Fanioudakis et al. (2018) Spectrogram CNN Accuracy
 Kim et al. (2021b) MFCC, CQT, Mel spectrogram CNN Accuracy
 Kiskin et al. (2017) STFT, wavelet spectrogram MLP, CNN F1-score, ROC area, precision, 

recall
 Ferreira et al. (2023) Log mel-spectrogram CNN Accuracy, precision, recall, 

F1-score
 Zamanian and Pourghassem 

(2017)
Spectral and temporal MLP Accuracy

 Dong et al. (2018) Enhanced spectrograms, chro-
matic spectrograms, MFCC

CNN Accuracy

 Arpitha et al. (2021) Spectrogram images CNN Precision, recall, F1-score
 Zhang et al. (2021) MFCC CNN Accuracy
 Kim et al. (2021a) MFCC CNN Accuracy
 Kiskin et al. (2020) Spectrograms CNN Confusion matrix
b) Shallow Learning
 Amlathe (2018) MFCC, chroma-stft, spectral con-

trast, tonnetz, Mel spectogram, 
STFT

RF, SVM, KNN, Logistic Regres-
sion

Accuracy

 Yazgaç et al. (2016) LFCC, MFCC, Linear Spectral 
Frequencies (LSF)

KNN confusion matrix, precision, recall, 
accuracy
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F1score separately for each class or take the macro-average 
or micro-average of F1scores across all the classes to meas-
ure the model’s performance. The macro-average gives equal 
weight to each class, while the micro-average considers the 
overall performance across all instances in the dataset. The 
choice of averaging method depends on the classification 
task’s specific requirements and the desired evaluation 
strategy.

e) Receiver operating characteristic (ROC) and area under the 
curve (AUC)  The ROC and AUC are evaluation tools used 
to assess the performance of binary classification models. 
The AUC quantifies the overall performance of the model by 
measuring the model’s ability to correctly classify positive 
instances of TPR while minimizing the FPR. The AUC value 
ranges from 0 to 1, where an AUC of 0.5 indicates random 
performance and an AUC of 1 indicates perfect classifica-
tion. The ROC curve is created by plotting the TPR against 
the FPR and shows the trade-off between the TPR and FPR 

(5)F1 − score = 2 ∗
Precision ∗ Recall

Precision + Recall

as the classification threshold varies. Equations (6) and (7) 
show how TPR and FPR are calculated.

Summary: bioacoustics automatic synthesis

The summary can be outlined in point form as follows: 

i)	 Secondary data were used by most studies compared to 
primary data. The microphone sensor was the most pre-
ferred device for recording insects’ bioacoustics; refer 
to Table 5.

ii)	 Different pre-processing techniques were used to prepare 
bioacoustics data for machine learning applications. The 
common sound signal pre-processing steps were denois-

(6)TPR =
TruePositives

TruePositives + FalseNegatives

(7)FPR =
FalsePositives

FalsePositives + TrueNegatives

Table 6   (continued)

Author Features Classifier Evaluation Metrics

 Xie and Bertram (2019) Temporal features (zero-crossing 
rate, short-time energy, entropy), 
frequency features (MFCC, 
spectral centroid, spectral 
roll-off, spectral flux, spectral 
entropy)

KNN, Logistic Regression, 
Gaussian naive Bayes, random 
forest

F1-score

 Nolasco et al. (2019) MFCC, Hilbert Huang Transform 
(HHT)

SVM AUC score

 Cruz et al. (2020) MFCC SVM Accuracy
 Kawakita and Ichikawa (2019) MFCC SVM Precision, recall
 Hodzic and Hoang (2021) MFCC Density-based spatial cluster-

ing of applications with noise 
(DBSCAN)

Calculate the number of data points 
of the deviating bee buzz for 
each cluster observed during the 
analysis

 Zgank (2022) MFCC Hidden Markov Models (HMM) Accuracy
 Basak et al. (2022) MFCC SVM, KNN, decision tree Accuracy
 Ferreira et al. (2023) MFCC SVM, RF, decision tree, ensemble Accuracy, precision, recall, 

F1-score
 Phung et al. (2017) LL, MFCC KNN, SVM, bagged tree Accuracy
 Noda et al. (2016) LFCC, MFCC SVM Accuracy, F1-score
 Potamitis et al. (2007) LFCC GMM, PNN Accuracy
 Zhang and Guo (2010) MFCC HMM combined GMM Accuracy
 Silva et al. (2013) LPC, MFCC, LFCC, LSF, tempo-

ral, spectral features
SVM Accuracy

 Kim et al. (2021b) MFCC, Mel spectrogram, 
Constant-Q-Transform (CQT),

SVM, RF, XGBoost Accuracy
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ing, segmentation, framing, and windowing; refer to 
Table 5.

iii)	 A majority of authors used deep learning algorithms 
to process spectrogram images of insects’ bioacous-
tics signals. It was seen that CNN was the widely used 
deep learning algorithm for image processing; refer to 
Table 6.

iv)	 Some researchers used shallow machine-learning algo-
rithms to process insect bioacoustic signals in the form 
of numerical data. The most common numerical feature 
was the MFCC since it partly mimics the human percep-
tion of sound color and thus makes it more relevant in 
sound and signal analysis (Montalvão and Araujo 2012). 
SVM was the most commonly used algorithm to process 
numerical features since it gave better performance met-
ric results; refer to Table 6a.

v)	 The widely used performance metric was accuracy for 
both shallow and deep learning algorithms; refer to 
Table 6.

Challenges and future research directions: 
bioacoustics in machine learning

While the automatic synthesis of bioacoustics has achieved 
considerable success, a number of challenges were identified 
in this review. 

i)	 As shown in Table 5, a majority of authors have used 
secondary data since some of the data are open access. 
However, secondary data often lacks originality and may 
not align with specific research needs. Additionally, it 
may be incomplete or inaccurate depending on the pri-
mary data collection protocol (Baldwin et al. 2022). The 
use of secondary data can be attributed to the cost impli-
cation of having an audio sensor, time factor, and human 
personnel required to collect primary data collection.

ii)	 Pre-processing bioacoustics signals is labor-intensive 
and time-consuming. Bioacoustics pre-processing pro-
cedures such as denoising can be automated. However, 
Amlathe (2018) noted automating denoising using algo-
rithms smoothens the sound signals to the extent that it 
distorts the original data, especially the low-frequency 
sounds. Therefore, more research can be invested to 
improve these approaches.

iii)	 A majority of authors discussed in detail the machine 
learning algorithms used but scanty and at times no 
information is provided on the algorithms deployment 
strategies used. This, therefore, makes it hard to deter-
mine the resources required as part of the algorithm’s 
processing power and memory space required to gauge 
the effectiveness of the algorithm’s performance.

iv)	 As shown in Table 5, a few authors mention the final 
size of the dataset that was used to build the intelligent 
models. As such, this review found it difficult to evaluate 
the fit of the respective models to the respective tasks. 
The study noted that the size of datasets is very key in 
determining whether the model is overfitting or underfit-
ting.

v)	 Authors do not provide the reasoning behind the choice 
of their different evaluation metrics. This is very impor-
tant as it will explain the nature of the dataset.

vi)	 Insect acoustics research programming outputs are 
often in an executable form which hinders experi-
ments reproducibility. However, it could be more val-
uable if the scripts were made accessible to the open 
science community. By sharing these tools/scripts, 
researchers could improve/innovate the models and 
help address specific social challenges more effec-
tively.

The following are some recommendations that can be pur-
sued by researchers in future works: 

i)	 Research on the ecological significance of bioacoustics 
synthesis by studying how natural weather (e.g., tem-
perature and humidity) variables affect sounds produced 
by insects. This can bring forth a better understanding of 
insects in natural ecological setups.

ii)	 Insects produce songs in different tonal variations. This 
variation can also be captured in chroma features. Clas-
sification of sound signals using chroma features can 
be explored. This can be compared with the commonly 
used MFCC features. The results can also be compared 
to the spectral bioacoustics features synthesized using 
deep learning approaches.

iii)	 Future studies can explore sound signal feature com-
binations (e.g., Chroma+MFCC, LFCC+LSF, etc.) to 
improve the performance of machine learning models.

iv)	 Future studies to develop user interfaces to bridge the 
gap between the development of solutions and mak-
ing them available in production to be used by the end 
user. This will make the solutions more meaningful and 
impactful.

Automatic synthesis of insects bioacoustic: 
current and future prospects

Automatic synthesis of insect bioacoustics has been applied 
considerably in detecting and monitoring insect behavior. 
In this section, we will discuss applications of automatic 
synthesis of bioacoustics in pollinators and pest management 
services for purposes of biodiversity preservation, and in 
optimizing insects as food and feed
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Production of insects as food and/or feed

A variety of insects produce sounds to signify specific phe-
nomena and/or behavior. These sounds automatically be 
learned using machine learning to improve the health of 
the edible insects to improve their production for food and 
feed. For instance, the edible cricket, Gryllus bimaculatus, 
produces sounds to signify specific behavior/activities (e.g., 
calling, aggression, courtship, etc.) (Lin and Hedwig 2021; 
Miyashita et al. 2016; Alexander 1961). These sounds can 
inform the behavior/health of the crickets and can be auto-
matically synthesized to improve their production as food 
for humans and feed for animals (such as poultry, fish, etc.). 
The edible palm weevils, Rhynchophorus spp. (Coleoptera: 
Curculionidae) is not only a devastating invasive pest of 
palms but it is also a traditional and sustainable source of 
food in many communities (Egonyu et al. 2021). When the 
palm weevils are feeding on the palm trees, they produce 
sounds that inform their early detection after infesting palm 
trees (Torky et al. 2023; Boulila et al. 2023). These sounds 
can be classified to inform farmers about the collapse of 
the colony, diseases, and/or harvesting for purposes of opti-
mizing production. The black soldier fly (BSFL), Hermetia 
illucens, is invaluable for organic waste recycling and as 
food for animals. Physiological changes in relation to the 
surrounding noise effects showed that high-frequency sound, 
at or above 85 dB, acts as a stress and negatively affects the 
development of the black soldier fly in terms of pupation 
and survival of the adults (Park et al. 2013). Classifying and 
optimizing these surrounding noises/sounds can optimize 
the production of BSFL for feed purposes.

Pollinator conservation

Pollination is one of the most important mechanisms in 
ecological conservation that promotes biodiversity and the 
preservation of life on Earth. The overall importance of 
pollinators’ health and their crucial service in supporting 
diversity in many habitats, such as agroecosystems, cannot 
be overstated. In essence, pollinators are at the center of 
facilitating reproduction in more than 80% of the world’s 
flowering plants in the fragile agroecosystems fabric that is 
compounded by many challenges including climate change 
and pollution. Without a doubt, insects are the largest and 
most efficient pollinators and their habitats have rich eco-
logical, economic, cultural, and social benefits. Bees are 
the most important group of pollinating insects (Kaur and 
Kaleka 2022; Khalifa et al. 2021; Baldock 2020).

The health of pollinators such as bees is paramount in 
securing food supply and a stable economy. However, bee 
populations have dwindled due to colony collapse disor-
der and unsustainable farming practices (Amlathe 2018). 
Agricultural interventions like frequent hive inspections 

negatively impact honey production (Várkonyi et al. 2023). 
Sensors and machine learning approaches have been 
employed to understand bee acoustics in relation to their 
health with minimal disturbance to their natural activities in 
the habitat (Hodzic and Hoang 2021; Kim et al. 2021b). This 
has automated a) bee hive management and health (Amlathe 
2018; Nolasco et al. 2019; Kim et al. 2021b; Abdollahi et al. 
2022; Terenzi et al. 2020), b) classification of different bee 
species (Ferreira et al. 2023), c) differentiation of bee preda-
tors (Hodzic and Hoang 2021), d) uncovering insights into 
bee colony health and queen activity (Uthoff et al. 2023), 
e) studies of bees to detect air pollutants (Zhao et al. 2021), 
f) predicting swarming in honeybee colonies (Zgank 2022, 
2020; Michael-Thomas et al. 2020) studying bee pollination 
services for sustainable tomato cultivation (Ribeiro et al. 
2021), g) distinguishing of bees from hornets (a predator) 
(Kawakita and Ichikawa 2019), etc. These have promoted 
the sustainability, diversity, and ecological conservation of 
life on Earth.

Pest management

Integrated pest management (IPM) is a comprehensive 
and sustainable approach to pest management that aims to 
effectively control pest populations while minimizing the 
negative impact on the environment, human health, and 
non-target organisms. IPM takes into account the complex 
interactions between pests, crops, natural predators of pests/
crops, and the surrounding ecosystem, and seeks to strike 
a balance between pest control and its habitat to promote 
overall ecological health and diversity (Marinko et al. 2023; 
Muniz-Junior et al. 2023).

Accurate identification of insect species holds crucial 
importance. For example, appropriate pesticides can be 
applied accurately after knowing the corresponding insect 
it will neutralize. This aids in preventing environmental 
pollution and resource wastage due to improper pesticide 
use (Dong et al. 2018; Zamanian and Pourghassem 2017). 
Phung et al. (2017) investigated insect detection through 
activity-generated sounds for purposes of pest management. 
Noda et al. (2016) employed intelligent systems like SVM 
for insect classification to enhance pest control strategies. 
Zhang and Guo (2010) focused on discerning the identi-
fication of destructive fruit fly strains affecting fruits and 
vegetables through their vibrational sounds; outcomes of 
the experiments highlighted the practicality and efficiency 
of proactively detecting these fruit flies, offering a potential 
approach for averting damage to vegetables and fruits. In the 
context of red palm weevils, Karar et al. (2021) proposed 
an IoT-based sound detection method to aid in quarantin-
ing infested date palm trees and preserving them; date palm 
trees are a source of food and also one of the major sources 
of income in Arab countries, hence the pressing need for 
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their preservation. Yazgaç et al. (2016) addressed detect-
ing sunn pests (notorious for cereal crop damage) using 
signal processing enabling effective population monitoring 
and reduced insecticide usage. Intelligent traps that auto-
matically differentiate and trap specific insects to preserve 
biodiversity have been developed (Silva et al. 2013). Intel-
ligent traps can selectively target harmful pests while spar-
ing beneficial or neutral insects. This minimizes ecological 
disruption. The targeted approach reduces reliance on broad-
spectrum pesticides, protecting biodiversity and supporting 
ecosystem health. Precise identification of insect species 
using machine learning can guide in controlling pests such 
as cicadas (Zamanian and Pourghassem 2017) and mango 
pulp weevil (Cruz et al. 2020).

Mosquito-borne diseases like malaria, zika, and dengue 
are significant health threats to humans (Kim et al. 2021a). 
By studying mosquito wingbeat sounds, Kim et al. (2021a); 
Kiskin et al. (2020, 2017); Trivedi and Shroff (2021) dem-
onstrated machine learning’s potential to identify mosqui-
toes hence a step into automated approaches to vector and 
disease management. Moreover, Wei et al. (2022) employed 
ResNet to classify different mosquito species by studying 
wing-beat sounds; different mosquito species transmit dif-
ferent diseases, therefore, this technique facilitates targeted 
disease prevention strategies (Trivedi and Shroff 2021). Dif-
ferent automatic bioacoustic synthesis approaches classify 
the Aedes aegypti mosquitoes species and created acoustic 
tools to monitor and manage vector-borne diseases (Fer-
nandes et al. 2021; Paim et al. 2023).

Conclusion

This article provides a comprehensive review of methodo-
logical approaches in the automatic (using machine learning) 
synthesis of insect bioacoustics and their application in bio-
diversity and ecological conservation, pest management, and 
insects as food and/or feed. We found that the basic device 
for collecting bioacoustics signals was the microphone sen-
sor. Most researchers used secondary data to build machine 
learning models. Different approaches (such as denoising, 
segmentation, windowing, framing, and splitting) were used 
to pre-process and transform the bioacoustics signals to be 
machine-learning-ready. MFCC was the most extracted 
numerical feature from bioacoustics signals while SVM 
was the most commonly used shallow machine learning 
algorithm. Spectral image features were also extracted from 
bioacoustics signals to build deep-learning models, and the 
CNN algorithm was the deep-learning model used by many 
researchers. Automatic synthesis of insect bioacoustics has 
been successful and has a promising future in the areas such 
as pollinator management, and integrated pest management/

preservation. These approaches can be applied to the conser-
vation of biodiversity and ecological conservation.
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