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ABSTRACT

In our everyday lives, there are occasional encounters with various species of birds, and if a grouping of bird
species is established, it can sometimes involve a challenging process. Typically, diverse types of birds can be
identified based on their vibrant colors, unique physical structures, and different angles from an observer's
perspective. While photographs offer distinct and robust dissimilarities that aid in recognizing bird breeds more
conveniently than audio recordings, the innate ability to appreciate birds through captured images is even more
advantageous. To facilitate this purpose, a cutting-edge dataset called the Caltech-UCSD Birds 200 (CUB-2000-
2011) dataset is employed for both training and testing in a device known as a gadget. This device utilizes the
powerful DCNN (Deep Convolution Neural Network) algorithm, which excels at modeling graph-structured
data. By converting an image into a slate-scale format and extracting signatures through tensor inflow, the
device creates distinct comparison nodes using image processing techniques. By establishing a database of
standardized image features for bird species and employing a correspondence comparison algorithm, this project
has successfully achieved favorable outcomes in practical applications.
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1.INTRODUCTION

Our fascination with utilizing machine learning for object detection drove us to embark on this project.
Identifying bird species presents a formidable challenge often characterized by ambiguous indicators. It is
undeniable that even experienced bird experts may provide inconsistent species classifications when given a
photograph of a bird. Despite the fact that various bird types share common characteristics, different bird
breeds can exhibit significant variations in structure and attributes. Intra-class conflicts are exacerbated by
discrepancies in lighting, background, and notable behavioural differences. Species identification necessitates
reliance on written bird literature and practical field experience to accurately discern between species. Certain
bird breeds possess remarkably similar appearances, increasing the likelihood of human errors in species
correlation. Numerous publications have been promoted to aid individuals in accurately identifying the correct
species, and dedicated online communities convene to facilitate the exchange of knowledge and discussions.
Unfortunately, this undertaking faces considerable challenges that make it highly susceptible to obstacles. The
most prominent challenges include:

e Variations among different species.
e A vast array of diverse bird species.
e Image clarity and quality.
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2. EXISTING SYSTEM

The predominant focus of animal image identification primarily revolves around recognizing them
based on their visual characteristics. However, there are alternative approaches to utilizing images for animal
identification, such as representing their vocalizations through visual representations. In this research, the
authors introduce a groundbreaking and efficient method for automated identification of birds and whales.
They employ highly effective texture descriptors from the realm of computer vision literature to construct
visual features derived from the audio files, which are then transformed into corresponding images. Distinct
spectrograms as well as harmonic and percussion images, the construction entails dividing these images into
smaller sections known as sub-windows. From these sub-windows, sets of texture descriptors are extracted.
The experiments reported in this study using a dataset of Bird vocalizations targeted for species recognition
and a dataset of right whale calls targeted for whale detection demonstrate that the fusion of different texture

features enhances performance.

Audio signal Ac. Classification
Acoustic features o>

Visual representation ® o

- B =~ Vis. Classification Decision
[ 1 L
e o

V4 A3NVS

V2 V3

Fig.1: Visual and acoustic features extraction and classification steps
2.1 Methodology

In Fig. 1, we present a scheme of our proposed approach. In the first step, an audio signal is represented
using audio features (A1) and visual features (V1-3). In step 2 (A2 and V4) each of these features are classified.
Finally, in steps A3 and V5, the results are combined for a final decision. In steps V1-3, features are extracted
from visual representations of an audio signal. Each of these visual features is classified in step V4 using a
support vector machine (SVM). As shown in Fig. 1, visual feature extraction is a three-step process:

Step V1: The audio signal is represented by three types of audio images:

1. Spectrogram images, which are created with the lower limits of the amplitudes set to—70,-90,-120 dBFS,
respectively, and both grey-scale and color images are produced.

2. Percussion images.

3. Harmonic images; the latter two types of images are created using the median filtering technique proposed
by FitzGerald.

Step V2: Each image is divided into a set of sub-windows.

Step V3: A set of local texture descriptors (described in Section 3.3) are extracted from the sub- windows and

each descriptor is classified by a separate SVM.
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2.2 Limitations Of Existing Work

e Throughout history, the identification of birds has presented a formidable challenge for ornithologists. These
experts delve into comprehensive studies encompassing various aspects of birds, including their ecological
presence, biological characteristics, and geographical distribution. Ornithologists typically classify birds by
following the hierarchical taxonomy proposed by Linnaeus, which encompasses Kingdom, Phylum, Class,

Order, Family, and Species.

e Audio recordings and frequencies may be misleading based on the surrounding environment leading to a

false identification.

e Feature extraction part and Classification part becomes a tedious task when recordings are considered.

3.PROPOSED SYSTEM
3.1 Purpose

Bird species identification using Convolutional Neural Networks (CNNs) serves the purpose of
automatically classifying and identifying bird species based on their visual characteristics in images. This
technology has diverse applications, including biodiversity monitoring, conservation efforts, citizen science
initiatives, ornithological research, birdwatching, and ecosystem monitoring. By leveraging the power of deep
learning, CNNs facilitate the monitoring and study of bird populations, contribute to conservation efforts and
citizen science projects, aid ornithological research, assist bird enthusiasts and photographers, and provide
insights into ecosystem health and biodiversity.

3.2 Convolutional Neural Network

A Convolutional Neural Network (CNN) is a specialized deep learning model has been developed to
handle and examine visual data, including images and videos. This model takes inspiration from the intricate
structure and functionality of the human visual cortex, allowing it to autonomously learn and extract significant
features from the input data.

CNNs are composed of several interconnected layers, which encompass convolutional layers, pooling layers,
and fully connected layers. Convolutional layers employ filters or kernels to extract specific features from the
input data, focusing on local regions. Pooling layers then reduce the dimensions of the feature maps while
preserving crucial information. Finally, fully connected layers combine and analyze the acquired features to
make predictions.

CNNs are trained using large labeled datasets and optimization techniques, such as gradient descent, to adjust
the weights and biases of the network. This training process enables the CNN to learn and generalize patterns
from the training data, making it capable of accurately classifying or analyzing new, unseen visual data during
inference.

CNNs have demonstrated exceptional performance in various computer vision tasks, including image
classification, object detection, image segmentation, and more. They have revolutionized the field of computer
vision by effectively learning and extracting complex visual patterns and representations from input data.
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3.2 Our Model Preparation

Bird species identification using CNNs is a technique that utilizes Convolutional Neural Networks (CNNs) to
classify bird species based on input images. The process involves the following steps:

1. Data Collection
Collecting a diverse and representative dataset is crucial for training a robust bird species identification
model. The dataset should include images of different bird species, capturing variations in appearance,
lighting conditions, poses, and backgrounds. The images can be obtained from online databases, birding
communities, or captured through field observations.

2. Preprocessing
Before feeding the images into the CNN model, preprocessing steps are applied to standardize and
enhance the data. This typically involves resizing the images to a consistent resolution to ensure
compatibility with the CNN architecture. Additionally, normalization techniques may be used to normalize
pixel values, ensuring that the image data falls within a specific range. Data augmentation techniques can
also be applied to increase the diversity of the dataset. This includes random transformations such as
rotation, flipping, zooming, or adding noise to create additional training samples.

3. CNN Architecture

The design of the CNN architecture plays a crucial role in the performance of the bird species
identification model. CNNs are comprised of various hierarchical layers, encompassing convolutional
layers, pooling layers, and fully connected layers. Convolutional layers leverage the concept of filter
convolution to extract distinct features by convolving learnable filters with input images. Pooling layers
play a vital role in downsampling the feature maps, diminishing their spatial dimensionality while retaining
crucial information. Finally, fully connected layers gather and consolidate the acquired features to generate
predictions based on the learned representations. The specific architecture of a CNN can be tailored to suit
the task's complexity and the computational resources at hand.

4. Training
During the training phase, the labeled dataset is used to optimize the CNN model. The input images are
fed into the network, and the model's parameters are iteratively adjusted to minimize a defined loss function.
This is typically achieved through optimization algorithms such as stochastic gradient descent.
Backpropagation is used to compute gradients and update the weights and biases of the network. The
training process aims to make the model learn discriminative features that can differentiate between
different bird species.

5. Evaluation
The trained CNN model is evaluated using a separate validation or test dataset that was not used during
training. This evaluation step assesses the model's performance in accurately classifying bird species.
Performance metrics such as accuracy, precision, recall, and F1 score are computed to measure the model's
effectiveness. Cross-validation techniques may also be employed to ensure robustness and generalization
of the model's performance.

6. Inference
Once the CNN model is trained and evaluated, it can be deployed for bird species identification on new,
unseen images. The input image is passed through the network, and the model generates predictions by
assigning probabilities to each possible bird species label. The predicted label with the highest probability
is considered the identified bird species.
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4. PERFORMANCE EVALUATION
4.1 Integration and Experimental Results

To evaluate the performance and effectiveness of this project, a series of experiments were
conducted. The experiments focused on assessing the accuracy of the translations and the overall user
experience. The following are some of the experimental results obtained.
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Result: macaw

Result: albatross

4.2 Performance Evaluation:

Software testing is a process of evaluating a software application or system to detect and identify defects, errors,
or other issues that may impact its performance, functionality, security, or usability. According to our application
we have categorized the testing process into two types Testing the model, Testing the web interface.

train acc vs val acc

1.00 , ,
098l i
0.96 K i

accuracy

092 b i

gool .. -

0.88
0

num of Epochs

© 2023, IJSREM | www.ijsrem.com DOI: 10.55041/IJSREM24021 | Page 5


http://www.ijsrem.com/

#gg’ ‘3%

IISREM
w7 International Journal of Scientific Research in Engineering and Management (IJSREM)
W Volume: 07 Issue: 06 | June - 2023 SJIF Rating: 8.176 ISSN: 2582-3930

5.CONCLUSION

The primary objective behind developing the recognition software is to raise awareness about bird observation,
species identification, particularly in countries like India. Additionally, it aims to streamline the identification
processes, making bird recognition more accessible. The experimental setup primarily relies on Python and a
pre-trained algorithm (VGG16) for deep learning. The system utilizes key features for image identification and
effectively performs attribute analysis and image segregation on a significant scale. The fundamental purpose
of this design is to identify the bird species from an input image provided by the user. Transfer learning and
Python are employed as the chosen technologies. Python is selected due to its capability to implement
sophisticated algorithms and deliver precise results with utmost accuracy. Moreover, it offers versatility and
scientific robustness. This design greatly expands the scope of exploration and monitoring of natural habitats,
enabling the capturing of detailed information about flora, fauna, and their behaviors in specific regions. This
abstract concept can be triggered by a camera to preserve minute details of the natural habitat and various
species.

Future Enhancements:
1.Developing a mobile application for Android and iOS platforms, instead of a website, would offer enhanced

convenience to users.

2.The system can be seamlessly implemented on the cloud, utilizing its ability to store vast volumes of data for
comparison purposes, as well as providing robust computational capabilities for efficient processing.
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