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The Avian monitoring system is one of the challenging tasks that helps identify the environmental changes in the forest
as well as the overall counts of specific species. Out of several methods available for avian monitoring, audio-based avian
monitoring is one of the most efficient and cost-effective tools. By studying bird sounds, a smart society can be built for an
enhanced avian surveillance system through the use of speech recognition algorithms. Conventionally, speech characteristics
are employed for these tasks, which may not be appropriate given that these acoustic noises deviate from human speech and
deteriorate the identification systems’ performance. An application-specific audio activity identification technique is needed
since the features of human voice and bird sound differ. As of now, few works have been reported mainly for the bird sound
analysis with audio activity detection and speech enhancement schemes. This work has considered and implemented this
problem in three steps. In the first stage, an improved voice activity algorithm is designed using a Functional Link Artificial
Neural Network model. In the second stage, an effective AdaBoost classifier is used for training and testing. Finally, the
developed model, ISAVM: Improved Smart Avian Monitoring System has been checked for improved performance in two
standard bird datasets. The evaluation has been done for different preprocessing options with and without audio activity
detection and speech enhancement schemes. It has been observed that the proposed model is performing consistently with
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more than 93% of classification accuracy which is better than the standard avian monitoring models.
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Introduction

Monitoring systems in avian are effective
instruments in ornithology and conservation biology.
They assist the researchers in counting birds,
monitoring bird movements, habit utilization, and the
effects of applying change of environment among
others. Every field study of the avian population starts
with field surveys; these are some of the earliest and
most basic techniques.! In the transect surveys:
observers follow a fixed line (transect) and note birds
sighted within a given distance. This technique
assists in the quantification and location of species
populations.” In Nest Monitoring, the process of going
through nests repeatedly in order to collect data on the
breeding rate, number of eggs per nest, and growth
rate of chicks.? Fortnight, monthly, or yearly sampling
can be done in the field and it is used to record bird
sounds for a long time using the automated acoustic
recorders. Most of these devices are helpful in
surveying bird species’ abundance and their activities
in a particular area without the presence of humans.
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These sounds can also be recorded and with the help
of the latest technologies, experts would be able
to accurately determine which species are around
and their numbers.” Techniques including Global
Positioning System (GPS) and radio telemetry help in
understanding bird movement patterns including
migration corridors, roosting, and foraging grounds
as well as the habitats of the birds.’ Birds as
Biodiversity and Ecosystem Healers Biodiversity is
the variety of life and its processes that are found in
any ecosystem and birds act as indicators of the status
of existing ecosystem health. Fluctuations in bird
populations are believed to be a sign of physical
changes in the environment which include;
destruction of natural habitats, climate change, and
pollution. Climate Change Studies Avian monitoring
is a way of describing how the effects of climate
change influence characteristics of the wildlife. Birds
are acknowledged to be sensitive to temperature
change and rainfall which makes them good bio-
indicators.*’

Avian monitoring using the Sound Recognition
Technique is one of the effective methods used
recently.® Audio-based monitoring has been boosted



302 JSCIIND RES VOL 84 MARCH 2025

by improvements in technology through portable and
cheap equipment like recorders and microphones.’ To
the list of difficulties of audio monitoring, the
problem of noise is one of the main obstacles that
prevents birds’ calls from being heard. Sounds of
wind, water, insects, and other people’s interference
can interfere with bird vocalizations hence decreasing
an accurate estimate of bird species and density. This
is due to the nature of the system that involves a large
number of recordings and therefore a greatly
increased number of data to be stored and analyzed.
This remains a challenge because there is a need to
design algorithms that can accurately differentiate
between similar calls and filter the overlapping
sounds.'”"" Speech recognition is the application of
techniques to analyze and understand spoken data to
generate useful information like classifying bird
species from their call. This technology has been
integrated into avian monitoring to help in the
classification of birds thus improving efficiency and
effectiveness in the passive acquisition of data.'?
Feature extraction is an important step in the process
of speech recognition; this is the process of extracting
specific features from the acoustic signals that
can be used as identification tools. In bird species
monitoring, commonly used features include Mel-
Frequency Cepstral Coefficients (MFCCs).">'*

Voice Activity Detection (VAD) is a very
important factor in many of the applications involving
speech signal processing because with it one can
differentiate between portions of an audio stream
containing speech and periods of no speech. On the
basis of literature, many aspects that reveal the
presence of speech have been provided." The VAD is
based on two calculations: the long-term spectral
pattern and the degree of spectral deviation of speech
with respect to noise. However, only in the case of
low observed SNR a controlled hang-over is started,
and the decision threshold is adjusted to the noise
energy level. An interesting work shows an early
perfect construction of a simple VAD algorithm that
1s resistant to noise, while some works do not have
this advantageous impulse.'® The proposed method
takes advantage of short-term properties such as
Short-term Energy and Spectral Flatness (SF). As a
result, the method is more suited for online processing
scenarios. The proposed method is evaluated on
multiple speech datasets with additive noise and
compared with some of the most recently proposed
methods. The testing shows respectable results under
a range of noise conditions.

The Functional Link Artificial Neural Network
(FLANN), a neural network model without a hidden
layer that functions at the single layer level, has a low
computational complexity. When there are limited
features and little data, it provides good prediction
performance. It has been applied as a multi-objective
strategy to the task of enhancing speech quality and
intelligibility. In a different study, a bounded-input
bounded-output stability criterion for the recursive
FLANN filter was developed using trigonometric
expansions. The key conclusion from the stability
criterion is that instabilities have no influence on the
recursive FLANN filter if the recursive linear element
of the filter is stable.'”'® Starting from recent years,
there has been significant research work reported in
the literature discussing various improvements and
extensions of FLANN and some of the areas where
FLANN has been applied are as follows: There have
been publications presenting adapted FLANN systems
integrated with other machine learning technologies
with the aim at enhancing accuracy and resilience.
For instance, there has been incorporation of
FLANN with functional expansion with evolutionary
algorithms hence improving the difficulty degrees it
performs.'® Although FLANN is usually considered a
shallow network, some recent investigations have
attempted to combine this system with deep learning
environments.”’ Due to current developments in big
data, FLANN has been extended to cater to a large
number of inputs. There are several approaches that
have been developed and proposed in order to
enhance the scalability and performance of FLANN in
distributed computing situations, and in turn, increase
its relevance to BIG DATA processing.”’ FLANN has
also been used in the biomedical area, for example
in the diagnosis of diseases and in medical
image processing. This makes it useful in those
applications that involve modeling of complex non-
linear relationships because of its capability to
perform them in real-time.”> FLANN has also been
used for the basic speech enhancement task and for
the prediction of the SNR levels.”

Bird sound recognition is the process of identifying
and categorizing different bird species using their
vocalizations. It is an essential component of avian
monitoring and biodiversity assessment. The existence
of background noise and other distortions that might
deteriorate the quality of bird recordings is one of the
main problems in this subject. In order to overcome
these difficulties, speech enhancement techniques have
been used to increase the comprehensibility and clarity
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of bird sounds prior to the application of recognition
algorithms. These methods are customized to the special
qualities of bird vocalizations, drawing inspiration from
human speech processing.** It has been observed from
the literature review that in the fields of ecology,
conservation biology, and environmental research, avian
monitoring the methodical observation and analysis of
bird populations is essential. Scientists studying birds
can learn a great deal about wider ecological trends and
changes in the environment by gathering data on
bird species, populations, and behaviors. The main
justifications for the importance of bird monitoring are
outlined in this overview of the literature, along with
how it benefits ecological studies, environmental
management, and biodiversity conservation. However, it
has been observed that the major challenge in avian
monitoring is audio activity detection and the effect of
noise on the birds’ sound. These two issues are being
taken care of in this paper. To solve this problem, a low
complexity-based FLANN model has been used for
improved audio activity detection along with an
adaptive spectral subtraction-based speech enhancement
scheme.” The major research contributions are listed
below-

* Development of improved audio activity
detection specially designed for bird audio
recognition with low complexity-based FLANN.

* Use of adaptive speech enhancement schemes for
improved bird species recognition.

* Application of Spectral subtraction-based speech
enhancement scheme for improved avian
monitoring.

* Simulation-based experimentation in multiple
datasets with more than 95% detection accuracy
for the proposed model.

Materials & Methods
Datasets used

Bird Species Dataset (D-1)

The 14 categories in this dataset—Guinea Fowl,
Barred Plymouth Rock, White Plymouth Rock, Red
Codish, Black Rock, Naked Neck, Rhode Island Red,
Kalinga Brown, Japanese Quail, White Leg Horn, AW
Cross, Aseel Brown, Color Cross, and Vanaraja were
gathered from the sounds made by birds at the Central
Poultry Development Organization in Bhubaneswar,
India.”® Total of 641 samples are recorded in WAV
format at a sampling frequency of 44.1 kHz and 16 bits
per second. The time-frequency plot of the Aseel
Brown category has been plotted in Fig. 1.
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Fig. 1 — Time-frequency plot of Aseel Brown bird

Picidae Dataset (D-2)

An annotated dataset of bird calls from the Picidae
family, separated from background noise and
spanning 4984 seconds.”” Sum of 1669 audio samples
from 161 audio files collected from the Xeno-Canto
Dataset are included in this dataset®™ in seven Picidae
families that inhabit the Iberian Peninsula and emit up
to three different sounds: call, drumming, or song.
Though the number of families included is far fewer
than in other general-purpose collections, the species
in this dataset have been carefully selected for their
importance to biodiversity quality and habitat
protection. This information can be used as a
classification problem to determine the song genre
and identify the species of Picidae bird.

Improved Audio Activity Detection

In voice signal processing, framing and windowing
are crucial preprocessing stages. In order to minimize
spectral distortions and guarantee smoother frequency
domain transitions, windowing applies a window
function to each frame. Framing divides the continuous
speech signal into manageable, quasi-stationary
intervals.

By preparing the speech signal for additional
processing, these actions improve the precision and
potency of different speech-processing applications.”” A
key component of speech processing is Short-Time
Energy (STE), which is used to examine the energy
content of a speech signal over brief time intervals.
It can be applied to a wvariety of applications,
including feature extraction, segmentation, and speech
identification, and it offers useful information about the
signal’s strength. This is a thorough explanation of
short-time energy, covering its definition, importance,
and uses. The energy of a signal within a brief window
of time is referred to as STE. This feature aids in the
identification and analysis of different components of
the signal’s structure by measuring the amount of energy
present in each spoken signal frame. From the frame
level, the STE has been extracted which is followed by



304 JSCIIND RES VOL 84 MARCH 2025

S ™ F
St ok
F X
e | n :
E t e p sin2n fy
a C
e v 0
b s ~
u 1
a t 3
S | ©
1 .
& & e n sin3m fa e
g s S [81%a o oS3t fa VAD Values
n
| | Update
Algorithm
Fig. 2— FLANN- based Audio Activity Detection
Table 1 — Symbols and their Interpretation
Symbols Interpretation
fi fo,far o fn Input features to the FLANN
Model (Statistical Features using
several degrees of SD)
Wi, Wy, W3, ... ... wy, Weights associated with each
function expansion
VAD Voice Activity Detection
Error Predicted VAD values —
Desired VAD values

the sample-level statistical feature extraction. For better
extraction of relevant features, two Standard Deviations
(SD) on either side of the mean, are used. However, for
improved performance, the following additional degrees
of deviation: 0.25, 0.5, 0.75, 1, 1.25, 1.5, 1.75, 2, 2.25,
2.5,2.75,3,3.5, and 4 are used.”

FLANN-based Audio Activity Detection

The STE-based statistical feature vectors are given
sample-wise to the functional expansion block of the
FLANN. Each of the expanded feature sets is passed
through tanh activation function and the predicted
outputs are either 0 (unvoiced) or 1 (voiced). Here,
the word voiced means with bird sound and unvoiced
means without the bird sound. These values are
being compared with the desired VAD values and the
error is being updated using the least mean square
algorithm. This process of weight updating continues
for 10000 iterations and is stopped after the error has
been reduced significantly lower value close to zero.
The implementation of the improved VAD algorithm
is shown in Fig. 2. The symbols used in the block
diagram are listed in Table 1.

Adaptive Spectral Subtraction Algorithm

A well-known and frequently applied method in
the field of speech enhancement, spectral subtraction
is especially useful for noise reduction. By subtracting
an estimate of the noise spectrum from the noisy

Audio
Pre-Processing

Bird Sound
Dataset

Adaptive Spectral Improved (
Subtraction for Audio Activity [+
Speech Enhancement Detection \

N
TECLASS Performance
ADABOOST ~ |—— “romme
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J
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Fig. 3 — Block Diagram of the proposed ISAVM model

Frame wise
STE Feature
Extraction

Statistical Features based
on several degrees of SD

speech spectrum, this method seeks to enhance the
comprehensibility and quality of speech signals.
During non-speech parts, the noise spectrum is
estimated, and during speech segments, the noisy
speech spectrum is subtracted from this estimate. The
fundamental actions consist of Noise estimation:
Calculate the noise spectrum, usually when the speech
signal is pausing or silent. To obtain an estimate of
the clean speech spectrum, subtract the noise estimate
from the noisy speech spectrum. This process is
known as spectrum subtraction. Reconstruction:
Apply the inverse Fourier transform to reconstruct the
time-domain signal.’'*> The adaptability comes from
the case where the audio activity is present or not. In
the frames, where the audio activity is present, the
noise level reduction is less as compared to the frames
where no audio activity of bird sound has been
detected.

Simulation Results and Discussion

The detailed implementation steps for the proposed
model (ISAVM: Improved Smart Avian Monitoring
using FLANN-based Audio Activity Detection &
Speech Enhancement) are listed below and shown in
Fig. 3.

* Improved audio activity detection is carried
out once audio pre-processing techniques including
windowing, framing, and silence removal are
completed in the first step.

* The selected frames are those where the bird
sound is present. From these frames, STE features are
extracted along with several standard deviation-based
statistical features. The FLANN model has been
trained to predict the frames with Audio Activity and
without Audio Activity.

o At the last step, multi-class AdaBoost classifier
has been used. Boosting has proven to be an extremely
effective method for solving the two- class classification
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problem. When moving from two-class to multi-class
classification, the majority of algorithms have only been
able to split the multi-class classification problem
down into several two-class problems. Rather than
decomposing the problem into multiple two-class
problems, the AdaBoost algorithm is a multi-class
classifier that minimizes a unique exponential
loss. It wuses a progressive additive modeling
methodology.” Due to its easy implementation and
low misclassification error rate, it has been widely used
for various multi-class problems including automatic
speech recognition®, emotion recognition®, sign
language recognition®, EEG, vowel, silent speech signal
discrimination.”’

Performance Evaluation Measures

A classifier’s efficacy is calculated using the
training and testing procedure. The stratified five-fold
cross-validation scheme is used to calculate the
classifier’s accuracy in this simulation, to test 20% of
the data and use the remaining 80% for training. The
data is tested five times, and the average validation
accuracy is found. The performance of the proposed
ISAVM model along with the baseline models are
evaluated using standard evaluation parameters
including classification accuracy (CA), F-1 score,
Precision (Prc), and Recall (Rec).”®

Comparative Analysis with baseline features and models

At the first step, a comparative analysis of
simulation results has been carried out with baseline
features. For each audio sample, the proposed audio
features are extracted along with the basic cepstral
features with melscale®®, ERB scale®’, and Bark
scale.”! After that a comparative analysis has been
carried out with the proposed ISAVM Model with
AdaBoost classifier along with baseline features. The
results are listed in Table 2.

When applied to the same classifier for the two
datasets, it is found that the proposed features perform

Table 2 — Comparison using basic cepstral feature sets

Evaluation

Dataset ISAVM  Mel ERB Bark
Measures

CA 0.96 0.91 0.88 0.86

1 F-1 0.95 0.90 0.88 0.85

D- Prc 0.95 0.91 0.88 0.84

Rec 0.96 0.91 0.86 0.85

CA 0.96 0.89 0.84 0.85

F-1 0.97 0.89 0.85 0.84

D-2 Prc 0.95 0.88 0.84 0.85

Rec 0.95 0.88 0.84 0.84

better than the fundamental cepstral features. In terms
of Classification Accuracy, the proposed ISAVM
model outperforms the mel, bark, and ERB scales by
an average of 4%. This displays the efficacy of the
suggested features in comparison to others. In the
second step, the performance of the proposed ISAVM
model is evaluated by contrasting it with other
popular machine learning-based recognition models.
These techniques include the following Cepstral
features: (MFCC and GTCC) features with Random
Forest Classifier (RFC)*, MFCC features with k-
Nearest Neighbor Classifier (MKN)*, MFCC with
Naive Bayes Classifier (MNB)*, MFCC with Support
Vector Machines (SVM).* The training and test
classification accuracies are listed in Table 3. The
classification accuracy of these five models for the
two datasets is shown in Fig. 4.

It can be observed that the proposed model
consistently outperforms the baseline models. One of
the reasons for the improved performance is the use of
improved audio activity detection as well as an
adaptive speech enhancement scheme. In the next
section, the effects of these two additions on the
proposed ISAVM model will be evaluated.

Effect of Improved Audio Activity Detection &Speech
Enhancement

To analyze the effect of Voice/Audio Activity
Detection (VAD) and Speech Enhancement (SE) on
performance, the proposed model has been evaluated
under three conditions. These conditions include the
proposed ISAVM model with both VAD and SE, the
ISAVM model with VAD, and the ISAVM model
with SE. These three variations have been evaluated
for the two standard data sets (D-1 and D-2). The
simulation results are plotted in Fig. 4.

The baseline models are also simulated along with
the ISAVM model. It has been observed that the VAD
is having a higher impact on the working of the
proposed model. Similarly, the effect of the SE
varies from dataset to dataset. However, it has been
observed for all five simulated models, that the VAD
and SE have prominent effects to play on the overall
performance. In the case of ISAVM, the performance

Table 3 — Comparative analysis with standard models for
training and testing

Datasets ISAVM  RFC MKN  MNB SVM
D1 (Train) 0.96 0.93 0.87 0.93 0.91
D1 (Test) 0.95 0.91 0.87 0.92 0.91
D2 (Train) 0.95 0.92 0.88 0.86 0.86

D2 (Test) 0.95 0.92 0.87 0.86 0.85
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Fig. 4 — Block Performance Comparison of ISAVM with
standard models using two datasets

has been improved with a minimum of 3-4% for both
datasets. Similarly, for the other models, an average
of 4% improvement has been noticed.

Conclusions

In this paper, an improved bird species monitoring
system has been developed by wusing two
modifications. Audio activity detection has been
updated along with the speech enhancement scheme.
From the simulation results, it has been observed that
the proposed model is performing an average of 95%
in two popular datasets of bird sounds. However, the
results are to be tested and validated in multiple other
bird species’ data sets. Similarly, multiple other audio
features as well as other speech enhancement schemes
can be implemented to improve the detection
accuracy further. In the future, the suggested ISAVM
method may be used to monitor birds in other nations
as well as other non-human sounds.
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