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Abstract:

The identification of bird species is critical in many fields, including wildlife conservation,
ecological study, and biodiversity monitoring. However, manually identifying bird species from pictures
can be time-consuming and error-prone, especially given the large number of avian species found globally.
The project "Classifying Bird Genus Image Recognition Using Deep Learning" describes an innovative
and extremely accurate method for automatically categorizing bird species from photographs using the
strong Xception architecture. This project, written entirely in Python, seeks to tackle the difficult task of
accurately recognizing a wide range of bird species. The research addresses an urgent need in the fields of
ornithology and computer vision. The system's core is based on the Xception deep learning model, which
is well-known for its extraordinary ability to extract detailed features from photos, allowing it to capture
fine-grained details required for precise bird species recognition. It establishes new standards for bird
species recognition by utilizing the capabilities of deep learning and the Xception architecture, making it
an important addition to the fields of computer vision and ornithology. This effort demonstrates an
amazing solution to the difficulty of bird species identification, exceeding standard methods and opening
up new areas for future research and application. Its excellent accuracy, efficient implementation in
Python, and usage of the Xception architecture make it a pioneering and unique initiative in the domain
of image-based bird species classification.

Keywords: Bird species, Deep Learning, Xception Architecture, Computer Vision, Ornithology, Avian
Species.

1. INTRODUCTION

Approximately 10,000 bird species have been described worldwide, while the true number may be
greater. Bird species identification is vital in many areas, including wildlife conservation, environmental
research, and biodiversity observation. Observing birds is not only a recreational pastime, but it also helps
people feel entertained and improves their ability to tackle challenges in their daily life. Furthermore, it
provides satisfaction from being in nature and offers health benefits.

Many bird species are threatened by a variety of issues, including habitat loss and fragmentation,

pollution caused by climate change, shooting and poaching, invading species, and collisions with human
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buildings. Bird photos provide a visual record of their properties, such as colors, patterns, sizes, and
shapes, which can be incredibly useful in recognizing various species of birds. Bird enthusiasts or
professionals can study the photos for these characteristics and compare them to field books, apps, or other
reference materials to accurately identify the bird species.

Despite the utility of morphological characteristics, it can be difficult to identify some bird species
solely on these characteristics. Photos, on the other hand, can give critical subject matter that aids in the
differentiation of species that appear to be similar. A bird dataset serves a variety of applications, including
citizen science, biodiversity research, behavioral studies, and conservation activities. Finally, a dataset of
birds can help us learn about crucial aspects of the natural environment and devise ways to protect and
maintain these vital species.

An extraction method is a critical component of image classification that identifies relevant pieces
from an image by assessing its visual content. Feature extraction is the process of identifying recurrent
patterns or qualities in an image, such as edges, colors, textures, and forms, which can then be represented
numerically or symbolically.

Xception, a Google-developed Convolutional Neural Network (CNN) architecture inspired by the
inception model, is a popular choice for image categorization applications. The Xception model covers
roughly 10,000 parameters and is classified as transfer learning. It was pretrained with ImageNet and can
perform point wise and channel-wise depth-separable convolutions. The Xception model has 36
convolutional layers, allowing it to capture complicated aspects in images rapidly.
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Figure 1: Represent the Architecture of Xception Model

The provided figure 1 depicts the Xception model architecture. It has three main flows: the entry,
middle, and exit flow.

1. Entry Flow: Begin with a 299x299 pixel image with 3 RGB channels.

The input image is subsequently sent through a sequence of separable convolutional layers in the
entrance flow. These layers use padding, pooling, and striding on the input image to extract hierarchical
features.

input

Rectified Linear Unit (ReLU) activation functions are used after each separable convolutional
layer to introduce nonlinearity and allow the network to learn complex patterns.
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The goal of the entrance flow is to extract low-level information from the input image while
gradually lowering the spatial dimensions of the feature maps.

2. Middle Flow: After passing through the entry flow, feature maps are analyzed in the middle flow.

The middle flow comprises several sets of separable convolutional layers that are applied to the
feature maps. These layers perform 19x19x728 convolutions (i.e., 728 filters applied to 19x19 feature
maps) eight times in succession. Similar to the entrance flow, ReLU activation functions are used after
each convolutional layer to introduce nonlinearity.

3. Exit Flow: After processing the feature maps in the middle flow, they are passed to the exit flow. The
exit flow consists of a sequence of optimal completely connected layers that are linked to the feature maps
generated by the middle flow. The fully connected layers execute multi-class classification with the
softmax activation function, which returns probabilities for each class. These probabilities reflect the
possibility that the input image belongs to many classifications or categories. The exit flow completes the
processing of the input image using the Xception model architecture. In summary, the Xception model
architecture is made up of separable convolutional layers structured into entrance, middle, and exit flows.
These flows extract hierarchical characteristics from the input image sequentially before performing multi-
class classification to anticipate the input image's class label.

2. LITERATURE SURVEY

Research, notably automated image-based bird species identification, requires a literature
evaluation. Systematic evaluation of earlier works helps researchers comprehend the domain's present
state-of-the-art techniques, methodologies, and breakthroughs. This method helps researchers identify gaps
and opportunities for subsequent research, build on earlier work, and avoid duplication. A literature survey
also illuminates past studies' benchmark datasets, assessment criteria, and performance benchmarks,
making it easier to compare and evaluate novel algorithms and techniques. A regular literature review
keeps researchers updated and ensures that their work is relevant and cutting-edge. Thus, automated image-
based bird species identification researchers must conduct a literature study to inform decision-making,
hypothesis building, and knowledge advancement.

Ade Clinton Sitepu et al. [2]: This study presents a Deep Learning Based Image Classifier for Bird
Species using a CNN-based image classification approach. The method employs a combination of CNN
and the structures of MobileNetV2, EfficientNetB0, and EfficientNetB3, resulting in an accuracy of up to
81%. This approach not only enhances classification accuracy but also reduces computational complexity,
making it more efficient for classifying bird species.

Anisha Singh et al. [3]: Anisha Singh et al. proposed a deep learning method for categorizing bird species

using images. This approach involves taking a picture of a bird and using it as a model for species
identification. The model achieves an accuracy of 80% for picture classification analysis, utilizing deep
convolutional neural networks. This method is particularly effective for recognizing endangered species,
contributing to conservation efforts.

Shriharshs et al. [6]: In this paper titled "FAUNAL SPECIES DETECTION," the authors present a deep
learning method for the classification of bird species. Similar to previous studies, this method involves
taking a picture of a bird and using it as a model for species identification. With an accuracy of 83%, the
model recommends employing deep convolutional neural networks for photo classification, which aids in
identifying threatened species effectively.
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Chao-Lung Yang et al. [5]: This study focuses on enhancing transfer learning for picture-based species
categorization of Indonesian protected avian fauna. The Deep Learning Based Image Classifier for Bird
Species employs an effective CNN-based image classification technique, incorporating the MobileNetV2
structure. This approach is less computationally expensive, provides improved accuracy in classifying
bird species, and achieves an impressive accuracy of 87%.

ZongYuan Ge et al. [4]: ZongYuan Ge et al. propose a unique hybrid classification approach combining
LocalSVM and GlobalSVM methods. By combining these approaches, they achieve significant
improvements in classification accuracy, improving the accuracy of a completely autonomous system
from 72.7%. This study contributes to enhancing the effectiveness of bird species classification using
machine learning techniques.

Prof. PralhadGavali et al. [7]: Prof. PralhadGavali and Ms. Prachi Abhijeet Mhetre developed a Bird
Species Identification system using Deep Learning. This method employs deep learning algorithms on a
dataset to classify images of birds, creating a system connected to an easy-to-use website where users can
upload photos for identification purposes. The system produces desired results and facilitates bird species
identification for users.

Kajol Achhra et al. [9]:This study focuses on Bird Species Identification and Prediction Analysis of
Endangered Species. It employs machine learning techniques for identifying endangered bird species
using classification models. The study utilizes machine learning applications in bird identification and
prediction analysis, contributing to conservation efforts for endangered bird species.

PiyushBidwai et al. [13]:PiyushBidwai et al. propose a method for Bird Classification using Deep
Learning. This method identifies bird species using deep learning algorithms on image datasets for
classification. It operates on the principle of detecting parts and extracting CNN features from multiple
convolutional layers to achieve maximum accuracy in predicting bird species.

VemulaOmkarini and GKrishnaMohan [8]:This study presents an Automated Bird Species Identification
Using Neural Networks, which identifies bird species solely based on images of birds. The proposed Deep
Neural Network (DNN) algorithm is considered the best approach for assessing visual imagery and image
classification, as it suggests knowledge of Deep Proposed Neural Networks and achieves accurate bird
species identification.

3. EXISTING SYSTEM

The current system relies on traditional machine learning techniques such as random forests and
bootstrapping for processing bird images. While these techniques have been widely used, they come with
several limitations. Firstly, training a model using machine learning algorithms on photos is time-
consuming and computationally intensive, resulting in poor accuracy. This inefficiency is exacerbated
when dealing with larger datasets, where the random forest and bootstrapping algorithms struggle to
maintain efficiency. Moreover, the computation speed of the current system is significantly slow,
rendering it unsuitable for real-time projects or applications requiring timely responses. Overall, the
reliance on machine learning models for bird image processing poses challenges in terms of efficiency,
accuracy, and speed, highlighting the need for more advanced and efficient approaches in bird species
identification and classification.
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Disadvantages of current System:

1)

2)

3)

4)

5)

The current system's reliance on machine learning models makes it less scalable, particularly when
dealing with enormous amounts of bird photos. As dataset size increases, so do the computational
resources required for training and inference, resulting in scaling concerns.

The inefficiency of the machine learning model causes it to use a lot of resources, such as compute
power and memory. This excessive resource use can strain computing infrastructure and result in
significant expenses, particularly when working with massive datasets.

The existing system's real-time performance is limited due to sluggish computing speed. This
constraint limits its applicability in cases requiring quick replies, such as monitoring bird
populations or detecting bird species in wildlife conservation efforts.

Random Forest and Bootstrapping algorithms may struggle to handle the complexity seen in larger
datasets. As a result, the current approach may have difficulty effectively capturing complicated
patterns and changes in bird photos, resulting in lower classification accuracy.

The machine learning model's inefficiency restricts its ability to adjust to dynamic situations with
changing bird populations and habitats. Without real-time processing capability and efficient
algorithms, the system may struggle to adapt and deliver correct information about changing bird
species distributions and habits.

4. PROPOSED SYSTEM

The proposed system employs a Convolutional Neural Network (CNN) topology known as

Xception for image identification, specifically targeting bird species differentiation. The system takes a
user-provided digital image of a bird as input, which is typically in a standard picture file format. Upon
receiving the image, the system initiates a series of image-processing steps to identify the correct species
of the bird depicted. These steps involve feeding the image through the Xception CNN architecture, which
has been specifically designed to excel in image recognition tasks. The Xception model leverages its deep
convolutional layers to extract intricate features from the input image, allowing for more effective and
precise differentiation between photos belonging to various bird species. By utilizing the unique
capabilities of the Xception architecture, the proposed system aims to achieve enhanced accuracy and

reliability in bird species identification compared to traditional machine learning approaches.

Advantages:

1)

2)

3)

4)

5)

Using the Xception CNN architecture, the proposed system can learn features directly from
training data in an understandable manner. This reduces the need for human feature extraction,
speeds up the development process, and may improve classification accuracy by allowing the
network to adapt to the unique properties of bird photos.

In comparison to more complex machine learning algorithms, the suggested system is quick to
implement and simple to understand. Using existing CNN architectures such as Xception,
developers can easily construct and deploy the system without requiring substantial experience in
feature engineering or deep learning.

With Xception, the system can detect essential elements in bird photos without requiring human
intervention or supervision. This automation decreases the workload for users and developers,
making the system more user-friendly and requiring less manual effort to operate.

By exploiting Xception's capacity to automatically learn features, the suggested approach may
achieve higher accuracy in bird species identification than existing methods. Xception's complex
design enables the extraction of intricate and subtle features from photos, potentially enhancing
the system's capacity to reliably identify between different bird species.

Using a CNN-based technique, such as Xception, allows for scalability and flexibility to various

datasets and changing requirements. As the system encounters new bird species or variances in
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image properties, the CNN may adapt and learn from more data, ensuring that performance and

accuracy remain consistent over time.

4.1. DATASET DESCRIPTION

The first stage of implementation involves gathering data from the dataset that Kaggle obtained.
The jpg formatted bird photos are available in this site. There are jpeg bird photos in this collection. On
the open dataset webpages of Kaggle, users are able to upload their own photos. For our survey, we require
a dataset associated with bird photos. Owing to the abundance of information provided in the dataset,
classes (such as genus and species, etc.) are created, and birds are categorized accordingly.
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Figure 2: Represents the Proposed Dataset Description

The dataset obtained from Kaggle comprises jpeg formatted bird photos available on the site. Users
can access these photos through the open dataset webpages of Kaggle and even upload their own bird
photos. The dataset contains a wide variety of bird images, each associated with specific attributes. These

attributes include, but are not limited to:

1. Image Format: All images in the dataset are in jpg format.

2. Image Content: The images depict various species of birds captured in different settings, such as

natural habitats, aviaries, or in-flight.
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3. Species Information: Each image is associated with information about the species of bird depicted,
including details such as genus and species names. This information allows for categorization and
classification of birds based on taxonomic classification.

4. Metadata: The dataset may also include metadata associated with each image, such as location, date
of capture, and photographer information.

5. Labels or Classes: Classes or labels are created based on the species information provided in the
dataset. These classes categorize birds into different groups based on their taxonomic classification,
facilitating classification and analysis tasks.

6. Abundance of Information: The dataset contains rich information about various bird species, allowing
for comprehensive analysis and exploration of avian biodiversity.

Overall, the dataset provides a valuable resource for bird species identification and classification
tasks, enabling researchers and enthusiasts to study and analyze different aspects of avian life.

5. PROPOSED CNN TOPOLOGY XCEPTION MODEL

Computational models with a unique CNN topology (Xception) imitate how the human brain
works and are useful for a variety of tasks like natural language processing, picture recognition, and
prediction modeling. A high-level summary of the process used to make a CNN topology (Xception) is as
follows:.

1. Data Collection , Preparation and Preprocessing: A large number of different pictures of birds are
collected to prepare the bird data set. Each bird image is categorized into subfolders followed by their
names of the bird species. For further analysis the whole bird data set will be classified into training,
testing and validation. Resize each picture present in the data set to a standardized 299X299 pixel scales
that is suitable for a CNN topology (Xception) and normilization of pixels are also takes place.

2. Model Selection: This method may involve selecting architecture, that is Xception which comes under
the transfer learning, deep learning equipped with the libraries like tensor flow and others which helps to
import the pretrained model of Xception and we must remove classification layers in that Xception model.
3. Training the Model: To train the particular CNN topology Xception model, it uses the training dataset
of bird species. The new weights which are passed through the xception model’s classification layers
tomake predictions on multi-class of birds species and network biases must be changed to lessen the
differences between the expected and actual output. Numerous optimization methods, such as Adam,
stochastic gradient descent, and back propagation could be used to train the model.
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Figure 3: Represents the Proposed Model
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The input layer, as its name implies, is where the programmer provides inputs in a variety of
formats. Between the input and output layers is a layer known as the hidden layer. It does all the
computations to uncover hidden patterns and features. The Output Layer conveys the final outcome of the
input's transformations through a sequence of operations carried out by the hidden layer.Backward
propagation is to change the weights so as to reduce the error after the output model is obtained and the
error is calculated. For the number of repetitions (epochs) that are predetermined, this process is repeated.
Once the model weights have been updated, the prediction is finished.

4. Validation: Evaluates the effectiveness of the unique CNN topology (Xception) using the test data set
of bird species. In this step, the expected and the actual outputs are compared, and a number of
performance metrics, such as accuracy, precision, recall and F1 score are computed.

5. Tuning the Model:You can adjust the batch size, regularization intensity, learning rate, and number of
epochs to fine-tune the unique CNN topology (Xception). Taining and validation must be repeated at this
stage in order to reach the necessary performance level.

6. Deployment: After training and validation, the unique CNN topology (Xception) can be deployed for
use in real-world applications. Putting them on a cloud-based platform, incorporating the unique CNN
topology (Xception) into a larger software system, or developing an API for remote access are some
examples of how to accomplish this and also create web apps to detect the bird species.

6. EXPERIMENTAL RESULTS

We can finally classify the bird species from the input image after training the convolutional neural
network topology (Xception). The dataset may be applicable to a definite group of species if the input data
is devoid of duplicate photos. Make sure, nevertheless, that the model predicts birds in a clean dataset with
the said level of accuracy as it did in a pure environment before. The datasets to ensure diversity and avoid
the issue of overfitting the data, randomly selected images of several bird species were converted to a
fixed sample rate instead of a variable sampling rate. Real-time system testing yielded up to 85% accurate
categorization results.[10] A Graphical User Interface (GUI) was designed with all the features required
to operate the previously mentioned system in an easy-to-use manner.
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Fig 4: Represents the Application Screen

In Fig. 4 We provide the user an output screen asking them to upload any of the bird image files.
Only JPG files may be uploaded by the user, after which he must click the submit button.
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Fig 5: Represent the final output when we upload a file

In Fig 5 We present the result. The procedure is carried out in the backend and is not required to
be visible to users. The image of the bird and its name are shown on the output screen.

7. CONCLUSION & FUTURE SCOPE

Finally, this study introduces a novel technique for visually assessing the images of diverse bird
species, giving ornithologists a valuable tool for species identification that does not rely entirely on
images. The method has been successfully tested on nearly 225 species, demonstrating its potential
usefulness. However, there is still opportunity for improvement and extension. With technological
developments and additional parameter adjustment, the approach can be scaled to handle a greater number
of species while maintaining a higher level of precision. The findings of this study establish the framework
for future research efforts in both scientific and commercial arenas.

Following the project's conclusions, there are various avenues for future research and development.
One interesting avenue is the creation of a smartphone application that allows users to take bird photos
and immediately obtain precise information about the species they've captured, such as descriptions and
population distributions. Furthermore, by shifting recorded processing to a High-Performance Computing
(HPC) device equipped with a convolutional neural network, the analysis's accuracy and performance can
be improved. Furthermore, portable computing devices such as the Arduino Uno or Raspberry Pi could be
used as alternatives, allowing bird watchers to track and identify birds in real time, even in remote regions
with poor internet connectivity. Overall, these future activities have the potential to considerably expand
the area of bird species identification while also contributing to scientific research and public participation
in ornithology.
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