Chapter

Book Chapter

.,“/

§

Check for
updates

An Intelligent Deep Learning System for
Identifying Bird Species

Anila Raveendran Nambiar @ *!, Ranjitha KM @212, and Shaheena
KV O

!Dept. Of MCA Acharya Institute of Technology, Bangalore-560107, India
2Dept. Of MCA Acharya Institute of Technology, Bangalore-560107, India
3Dept. Of MCA Acharya Institute of Technology, Bangalore-560107, India

Abstract

Recognizing bird species can be helpful in numerous areas, including protecting wildlife,
ecological study, and biodiversity monitoring. However, human identification of bird species
from photographs can be time-consuming and error-prone, especially given the huge number
of bird species worldwide. The project ”An Intelligent Deep Learning System for Identifying
Bird Species” provides a novel and extremely accurate approach for automatically catego-
rizing bird species from photos based on the powerful Xception architecture. This project,
written entirely in Python, seeks to tackle the difficult task of reliably identifying a wide
range of bird species. The study addresses a critical need in the domains of the study of
birds and computer vision. The basis of the framework is the execution of the Xception deep
learning model, which is known for its am for its extraordinary capacity to extract subtle
features from photos, allowing it to gathering the wide range of data required for accurate
bird species identification. Following comprehensive training and optimization, the model
gained an amazing training success rate of 99% and accuracy for validation of 97%, demon-
strating its capacity to tackle challenging classification problems. The project’s effectiveness
is further aided by the large dataset it uses, which includes a thorough collection of 60,388
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bird pictures from 510 distinct species. This dataset richness enables the model to learn
from a diverse set of avian features, resulting in robust performance even when encountering

previously undiscovered creatures.

Keywords: Bird species. Image-based. Deep learning. Convolutional neural networks.

Xception Architecture.

1 Introduction

Birds are a diverse and fascinating group of Animals that have drawn human interest for
centuries. As members of the Aves class, they are distinguished by their unusual flying
adaptations, which include feathers, hollow bones, and a strong, lightweight beak. Birds
have successfully colonized a wide variety of settings, from thick rainforests to parched
deserts and soaring mountain summits, with over 10,000 recognized species found on all
continents except Antarctica. Bird species have an astounding variety of colours, sizes,
forms, and habits, making them a source of amazement and inspiration for scientists,
birdwatchers, and nature lovers alike. Each species has unique physical and behavioural
characteristics that allow them to thrive in their habitats and perform varied ecological
tasks. The world of bird species is amazingly diversified, ranging from the small Bee
Hummingbird, which is approximately 2.4 inches (6.1 centimetres) long and weighs only 1.6
grams, to the enormous Ostrich, the largest living bird, rising over 9 feet (2.7 meters) tall
and weighing up to 320 kilograms. Birds have developed a remarkable set of adaptations
for survival and breeding. Their beaks have evolved to suit various diets, ranging from
specialized nectar-feeding beaks in hummingbirds to robust, curved beaks in birds of prey.
They have also evolved diverse modes of mobility, including hopping, walking, running,
swimming, and flight.

Communication is vital in the lives of birds, and numerous varieties of species have
been identified for their unique songs, calls, and displays, used for courtship, territorial
defence, and social bonding. (Varghese, Shyamkrishna, & Rajeswari, 2022). The melo-
dious songs of songbirds and the intricate mating dances of birds like the Great Crested
Grebe are illustrations of the remarkable diversity of bird communication. Birds play
vital ecological roles, including seed dispersal, pollination, and insect control. They are
also important indicators of ecosystem health, and changes in bird populations can reflect
broader environmental changes. In this intricate tapestry of avian life, each bird species
is a unique thread, contributing to the rich biodiversity of our planet. Understanding and
conserving bird species is not only essential for preserving their natural habitats but also
for maintaining the delicate balance of ecosystems on which humans and wildlife depend.
As we delve deeper into the study of bird species, advancements in technology, such as the
proposed "Image-Based Bird Species Identification Using Deep Learning” project, con-
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tinue to open new horizons in our understanding of these fascinating creatures will lead
to better attempts at conservation efforts and appreciation of the natural world.

2 Literature Review

Gavali and Saira Banu’s (2024) in his paper says that most people like viewing a variety
of birds to appreciate nature’s beauty and escape the stresses of everyday life. However,
in other circumstances, they may be unable to correctly identify the bird species due
to similarities or traits shared by multiple bird species. Deep learning technology can
solve this problem more effectively. Chakrabarti and Mittal’s (2023) described creating a
deep-learning network that can recognize bird species based on gathered pictures. A con-
volutional neural network is used for both classification and feature extraction procedures.
The experimental results suggest that our deep learning platform surpasses the previous
identification strategies, and the recognition utilizing photographs of birds is more effec-
tive. recognizing birds with acoustic signals. The constructed model demonstrated better
classification accuracy for the training image, allowing novice bird watchers to quickly
identify bird species from collected bird images. (Varghese, Shyamkrishna, & Rajeswari,
2022).

The majority of people like viewing a variety of birds to appreciate nature’s beauty
and to escape the stresses of everyday life. However, in other circumstances, they may
be unable to correctly identify the bird species due to similarities or traits shared by
multiple bird species. Deep learning technology can be utilized to solve this problem more
effectively. This study described the use of a network called deep learning to determine
bird species based on gathered pictures. Convolutional Neural Network is applied to
both element extraction and grouping methods. The experimental results reveal that
this deep learning platform outperforms the other identification strategies, with picture
recognition outperforming audio signal recognition. The constructed model demonstrated
better classification accuracy for the training image, allowing novice bird watchers to
quickly identify bird species from collected bird images.(Aruna et al., 2022).

Manna et al’s (2023) study stresses the worth of safeguarding endangered bird species
and provides a technological solution. With industry endangering bird habitats, conserva-
tion efforts are critical. However, correctly identifying bird species is critical for effective
conservation. The research proposes utilizing a Neural Convolutional Network is a sort of
computer software, to automatically identify bird species in photographs. Four types of
these systems, Resnet152V2, InceptionV3, Densenet201, and MobileNetV2, are evaluated
with a data set of numerous bird photographs. Resnet152V2 and Densenet201 outperform
the others in terms of accuracy. The study by Rai et al’s (2022) stresses the advantages
of image-based identification over other approaches, such as voice or video, which may
be less trustworthy. By including a vast array of bird species in the dataset, the study
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hopes to Make the outcomes more applicable. The paper’s findings help to develop ef-
fective techniques for identifying bird species, which could improve conservation efforts.
Furthermore, the study proposes the Effective utilization of an internet-based system to
aid photographers in recognizing birds in their photos, which would facilitate conservation
efforts.

The research by Kulkarni et al’s (2023) addresses the issue that bird watchers and
rescue team members confront while identifying distinct bird species. The study uses
deep learning, notably Transfer Learning, to create an Al model for recognizing birds in
photos. Using the InceptionV3 model, the system was trained on a dataset of 325 bird
species, each with 1000 annotated photos. The research provides empirical evaluations of
various methodologies, emphasizing the superiority of Transfer Learning over established
methods such as RNN and CNN. The method involves extracting information from bird
photos using convolutional neural networks (CNN), which take into account attributes
such as color, shape, and beak morphology. The InceptionV3 model’s pre-trained layers
have been fine-tuned to improve bird species classification accuracy.

Findings show significant accuracy in recognizing bird species, implying possible uses
in automated bird conservation and education.Future research objectives include adapt-
ing the technique for smartphone applications, which would increase accessibility for bird
enthusiasts and conservationists. The paper adds vital insights into deep learning ap-
plications in wildlife identification, with implications for other areas that include species
recognition. The method is important for ecological conservation, wildlife monitoring,
and biological research, but traditional methods have limitations, such as being time-
consuming, expensive, and susceptible to ambient noise. The core of their method is
a Siamese network architecture with triplet loss. This architecture is intended to gain
proficiency with the common features within a bird species and the differences between
different species, improving recognition accuracy .

(Anusha, Vasumathi, & Mittal, 2023; Mittal et al., 2023) present results showing that
their method achieves state-of-the-art performance on the CUB-200-2011 dataset, with
high accuracy and F1 scores. They also demonstrate that the model performs well even
with limited training data, which is a significant advantage over existing methods. The use
of a ShuffleNetV2 backbone ensures that the model is fast enough for real-time applica-
tions. Throughout the paper Yang, Shen, and Xu’s (2024) highlighted their experimental
setup and results, demonstrating the effectiveness of their proposed multi-scale feature fu-
sion, attention feature enhancement, and Siamese network approach. They have discussed
the implications of their findings for ecological conservation, biodiversity research, Eco-
tourism, and environmental monitoring. An original methodology that improves highlight
extraction and utilizes contrast figuring out how to address these difficulties. First, they
introduce a multi-scale feature fusion module. This module captures both detailed and
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global details about the birds, helping the model distinguish between species that look
very similar. Additionally, an attention-based feature enhancement module is used to
handle noise and occlusion, making the model more robust and accurate.

The authors Nukala et al’s (2024) tackles the issues of identifying bird species, a cru-
cial task for ecological conservation and wildlife monitoring. Traditional methods, like
using the Random Forest algorithm, are often limited by their accuracy and susceptibility
to noise. To overcome these limitations, the authors propose a novel approach using the
EfficientNetB4 deep learning model. The paper explains how birds, important indica-
tors of ecosystem health, pose a significant identification challenge due to their diversity.
EfficientNetB4, a convolutional neural network, is chosen for its unrivaled presentation
in image classification tasks. The model uses a compound scaling method to enhance
accuracy and efficiency by uniformly scaling the network’s depth, width, and resolution.
The proposed system involves collecting a large dataset of bird images, pre-processing
them, and then using EfficientNetB4 to instruct the model. The data is broken up into
training, testing, and validation subsets to monitor performance and prevent overfitting.
The results show that EfficientNetB4 significantly outperforms the Random Forest algo-
rithm, achieving higher accuracy, precision, recall, and F1 score. Experimental results
highlight the usefulness of EfficientNetB4, with accuracy reaching up to 90%, compared
to 80% for Random Forest. The user interface developed for this system allows users to
upload bird images and receive identification results, facilitating easy and accurate species
identification.

In conclusion, this deep learning-based approach offers a robust solution for bird species
identification, enhancing ecological monitoring and conservation efforts. Future work may
include integrating additional data sources and refining the models for even broader ap-
plications .

3 Existing Systems

The earlier system for bird species identification relied on the utilization of the Random
Forest model, notable algorithms for learning technique that is renowned for effectiveness
in classification tasks. The project employed this model to tackle the challenging problem
of bird species recognition from images. The set of data used in the earlier system was
the Caltech-UCSD Birds-200-2011 (CUB-200-2011) dataset, which is widely recognized in
the fields of PC vision and ornithology. This dataset comprises 200 different bird species,
with an average of approximately 50 images available for each species, bringing the total
to 11,788 images. The diversity of species and the quantity of available data enabled the
framework to gain insight from an extensive variety of avian features, contributing to its
capacity to identify between distinct bird species. The RF approach went through training
while the preceding system was being constructed on the provided dataset incorporating
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3.1

elements from the bird images. These features could include color histograms, texture
information, and shape descriptors, among others. The model utilized these features to
create choice trees and build a troupe of such trees to arrive at the final classification.

Through rigorous training and optimization, the earlier system accomplished an exact-
ness of 80% in identifying bird species from the images. This level of accuracy indicated
a reasonable performance of the Random Forest model in handling the bird classification
task and demonstrated its ability to generalize well to previously unseen bird species. The
utilization of Arbitrary Woods and the CUB-200-2011 dataset in the earlier system pro-
vided a solid foundation for bird species identification. The model’s 80 % accuracy was a
commendable result, considering the difficulty of the job and the diversity of bird species
involved.

Overall, the earlier system laid the groundwork for recognition of species of birds
through ML techniques and played an essential role in advancing the field. While the Ran-
dom Forest model demonstrated respectable performance, the transition to deep learning-
based approaches further pushed the boundaries of accuracy and expanded the potential
applications of bird species recognition systems.

Disadvantages of Existing System

1. Reduced adaptability: The RF model’s performance heavily relies on feature engi-
neering and hyper parameter tuning. When presented with new, unseen bird species
or variations in image quality, the model might face challenges in adapting to these
changes without extensive retraining and adjustments.

2. Limited generalization: While the RF model was 80 percent accurate, on the CUB-
200-2011 dataset, its generalization to other datasets or real-world scenarios might
be less effective. Different datasets may have variations in lighting conditions, back-
grounds, and image quality, which could impact the model’s performance and reduce
its robustness.

3. Manual feature selection:The reliance on manual feature selection and engineering
be a time-consuming and labor-intensive process. It requires domain knowledge and
expertise to determine relevant features, making it less accessible to those without
specialized knowledge.

4. Lack of representation learning:Unlike the Random Forest model doesn’t, have the
ability to learn representations directly from the raw pixel data.

5. Accuracy Limitations: 80% Accuracy is decent, it means that 1 out of 5 images could
still be misidentified. There is a significant room for improvement
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6. Complex Difference: Birds often have very subtle difference. Traditional models like

Random Forest might not capture these tiny details well

4 Proposed System

Pre-

processing Xception Model

510 Bird

Prediction

. Architecture
Species and Fea.ture result: Name of Accuracy
Image Selection the Bird Species and Model
Dataset Loss Graph

Figure 1. System Architecture

The proposed system, "Image-Based Bird Species Identification Using Deep Learning,”
introduces a state-of-the-art approach for accurately and classifying images of species of
birds automatically (see figure 1). This project intends to take advantage of the Xception
architecture. Deep learning’s ability to bypass the restrictions on previous techniques and
achieve greater performance in bird species detection. The proposed system harnesses
the capabilities of The field of deep learning is a branch of artificial intelligence that can
self-sufficiently discover structures of hierarchy using data that is raw. The Xception archi-
tecture, specifically chosen for its efficiency and exceptional feature extraction capabilities,
is utilized as the neural network backbone. Xception is a variant of the Inception architec-
ture and is well-suited for image recognition tasks, including the fine-grained classification
needed for bird species identification. To ensure robust learning and generalization, the
proposed system employs a large dataset consisting of over 60,000 bird images belonging
to 510 different bird species. Although thorough education and improvement attain a re-
markable accuracy in training of 99 percent along with accuracy for validation of 97%.for
the proposed system.

The excellent levels of accuracy show the usefulness of the Xception framework for
learning from the dataset and making accurate predictions on unseen data. The proposed
system has wide-ranging applications in the fields of wildlife conservation, ornithology,
ecological research, and birdwatching. It can aid researchers and conservationists in mon-
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4.1

itoring bird populations, understanding species distributions, and studying bird behavior.
Birdwatching enthusiasts can also benefit from this automated tool for quick and reliable
bird species identification. The adoption of the Xception architecture and the use Deep
Learning techniques represent cutting-edge advancements in the field of Machine Visual
Analysis as well as recognition of patterns.By surpassing the limitations of earlier systems,
the proposed system sets new standards for accuracy and efficiency in bird species iden-
tification. The deep learning model’s ability to learn hierarchical representations directly
from pixel data allows the proposed system to generalize well to different datasets and
unseen bird avian creatures. The suggestion being made automatically learns relevant
features from the bird images, eliminating the need for handcrafted feature engineering.
This capacity to obtain discriminative features directly from the data enables the model to
capture crucial fine-grained details for distinguishing between visually similar bird species.

In conclusion, the proposed system “Image-Based Bird Species Identification Using
Deep Learning” introduces a cutting-edge approach to bird species recognition. By lever-
aging Through the use of deep machine learning and the architecture known as Xception, it
achieves exceptional accuracy and efficiency in identifying bird species from images. With
its diverse dataset, automated feature learning, and adaptability, the proposed system
represents a significant progress in the field of based on imagery species of birds detection.

Advantages of Proposed System

1. High Accuracy: The biggest benefit of the described Proposed System approach is its
outstanding efficiency, with an accuracy rate for validation of 97% and an accuracy
for training of 99 percent, respectively. Utilization of the Xception architecture,
a model for deep learning optimized for image recognition, enables the system to
achieve exceptional precision in identifying bird species from images.

2. Automated Feature Learning: Unlike earlier systems that relied on manual feature
engineering, the proposed system automatically learns relevant and discriminative
features directly from the raw pixel data. This capability enables the model to record
minute details and intricate patterns in bird images, resulting in more accurate and
robust species classification.

3. Deep Learning Capabilities: Making use of the strength of the learning, the proposed
system can learn hierarchical representations from the data, capturing both low-level
and high-level features. This enables the model to understand complex relationships
between different bird species’ visual characteristics, contributing to its accuracy in
fine-grained classification tasks.

4. Generalization to Unseen Data: The system that was proposed exhibits strong gen-
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5.1

5.2

5.3

eralization abilities, meaning it can accurately identify bird species from images it
has never encountered before. By learning from a diverse dataset comprising 510
bird species, the system can adapt to new and unseen scenarios, making it more
versatile and applicable to real-world situations.

5. Scalability: Deep learning models, including Xception, can efficiently scale to han-
dle large and complex datasets. With over 60,000 bird images in the dataset, the
proposed system demonstrates its ability to handle substantial amounts of data,
providing a practical solution for bird species identification at a larger scale.

6. State-of-the-Art Solution: Making use associated with The Xception system engi-
neering and profound learning methods addresses a state of the art way to deal with
bird species distinguishing proof. The proposed framework beats before frameworks
in view of conventional strategies, making it a state-of-the-art solution for the task.

MODULE DESCRIPTION:

Dataset:

We developed the in the first machine learning-based image-based bird species identifi-
cation module. system to get the input dataset. Data collection process is the first real
step towards the real development of a machine learning model, collecting data. This is
a critical step that will cascade in how good the model will be, the more and better data
that we get; the better our model will perform. There are several techniques to collect the
data, like web scraping, manual interventions. Our dataset is placed in the project and it
is stored in a model directory.

Importing the necessary libraries:

We will be using Python language for this. First we will import the necessary libraries
such as keras for building the main model, sklearn for splitting the training and test data,
PIL for converting the images into array of numbers and other libraries such as pandas,
numpy, matplotlib and tensorflow (see figure 2).

Retrieving the images:

In this module we will retrieve the images from the dataset and convert them into a
format that can be Utilized for training and testing the model. This involves reading the
images, resizing them, and normalizing the pixel values. We will retrieve the images and
their labels. Then resize the images to (224,224) as all images should have same size for

recognition. Then convert the images into numpy array.
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Figure 2. Workflow

5.4  Splitting the dataset:

In this module, the image dataset will be divided Through testing and training groups
Split the data into Train and Test. 80% train data and 20% test data. This will be done
to prepare the model on a subset of the data, validate the model’s performance, and test
the model on unseen data to evaluate its accuracy. Divide the data into train and test.
80% train data and 20% test data.

5.5 Building the model:

The concept of convolutional neural networks is very successful in image recognition. The
key part to understand, which distinguishes CNN from traditional neural networks, is
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the convolution operation. Having an image at the input, CNN scans it many times to
look for certain features. This scanning (convolution) can be set with 2 main parameters:
stride and padding type. As we see on below picture, process of the first convolution gives
us a set of new frames, shown here in the second column (layer). Each frame contains
information about one feature and its presence in scanned image. Resulting frame will have
larger values in places where a feature is strongly visible and lower values where there are
no or little such features. Afterwards, the process is repeated for each of obtained frames
for a chosen number of times. In this project I chose a classic VGG-16 model which
contains only two convolution layers. The latter layer we are convolving, the more high-
level features are being searched. It works similarly to human perception. To give an
example, below is a very descriptive picture with features which are searched on different
CNN layers. As you can see, the application of this model is face recognition. You may
ask how the model knows which features to seek.

If you construct the CNN from the beginning, searched features are random. Then,
during training process, weights between neurons are being adjusted and slowly CNN
starts to find such features which enable to meet predefined goal, i.e. to recognize success-
fully images from the training set. Between described layers there are also pooling (sub-
sampling) operations which reduce dimensions of resulted frames. Furthermore, after each
convolution we apply a non-linear function (called ReLU) to the resulted frame to intro-
duce non-linearity to the model. Eventually, there are also layers that are all link towards
the terminus of a network. The last set of frames obtained from convolution operations is
flattened to get a one-dimensional vector of neurons. From this point, we put a standard,
fully-connected neural network. At the very end, for classification problems.Here exists
a soft max layer. It translates framework findings into probabilities of a correct guess of
each class.

5.6 Xception CNN model
Xception improves on the architecture and inception module with a straightforward and
more elegant architecture that is as effective as ResNet and Inception V4. The Xception
module is presented here: (see figure 3)
Figure 3. Xception
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This network can be anyone’s favorite given the simplicity and elegance of the archi-
tecture, presented here: (see figure 4)
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Figure 4. Architecture

The architecture has 36 convolutional stages, making it close in similarity to a ResNet-
34. But the model and code is as simple as ResNet and much more comprehensible than
Inception V4. A Torch7 implementation of this network is available here An implemen-
tation in Keras/TF is availble here. It is interesting to note that the recent Xception
architecture was also inspired by our work on separable convolutional filters.

6 Results

The system has achieved remarkable success in classifying a wide range of bird species by
harnessing deep learning techniques and employing the Xception architecture (see figure
5). This approach has outperformed conventional methods in terms of accuracy, efficiency,
and flexibility. The project’s effectiveness is largely attributed to the adoption of the
Xception architecture, enabling automated extraction of different Features and hierarchical
modeling of bird images (see figure 6).
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PREDICTION
Bird Species Identification Using Deep
Learning

Bird Species is EASTERN ROSELLA

Figure 5. Input and Output Result
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Figure 6. Test Accuracy

7 Conclusions

The project "Image-Based Bird Species Identification Using Deep Learning” presents a
cutting-edge and highly effective solution for automating the recognition of bird species
from images. By leveraging the power of deep learning and the Xception architecture,
the system has demonstrated outstanding performance in accurately classifying diverse
bird species, surpassing traditional methods in accuracy, efficiency, and adaptability. The
project’s success can be attributed to the utilization of the Xception architecture, which
allowed for automated feature learning and hierarchical representation of bird images.
These results attest to the effectiveness of deep learning techniques in image-based clas-
sification tasks and establish the proposed system as a state-of-the-art solution for avian
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recognition. With its applications spanning wildlife conservation, ecological research, and
bird watching, the project holds immense potential for making significant contributions
to our understanding of avian biodiversity and promoting efforts to protect and conserve
bird populations. In conclusion, the project "Image-Based Bird Species Identification Us-
ing Deep Learning” represents a ground-breaking and pioneering endeavour that sets new
benchmarks in the realm of bird species recognition.
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