JOURNAL OF DATA SCIENCE | Vol.2024:34
eISSN:2805-5160

Automated Bird Species Identification Through Machine Learning
Techniques

Suhil Shoukath Kambali, Ushashree R

Dayananda Sagar Academy of Technology and Management, Bangalore 56008 India

Email: kambalisuhail157@gmail.com, ushashree-mca@dsatm.edu.in

Abstract

The taxonomy of bird species is fundamental to ecological research, conservation efforts, and
biodiversity monitoring. Traditional identification methods, which rely on field notes and
visual assessments by trained ornithologists, are often labor-intensive, time-consuming, and
prone to error. In recent years, machine learning algorithms and pre-trained models such as
ResNet, Histogram of Oriented Gradients (HOG), and Scale-Invariant Feature Transform
(SIFT) have shown significant promise in automating bird species classification. This study
explores the application of these advanced models in identifying bird species from visual data,
discussing key challenges, methodologies, and the potential to achieve high classification
accuracy with reliable confidence scores. By leveraging deep learning techniques, we aim to
enhance the precision and scalability of bird taxonomy, supporting more efficient ecological
studies and conservation practices.

Keywords

Bird species classification, machine learning, deep learning, ResNet, HOG, SIFT, biodiversity,

Introduction

A foundational pursuit in ornithology, ecology, and conservation biology is the accurate
taxonomy of bird species, essential for understanding bird behavior, tracking population trends,
assessing habitat quality, and informing conservation strategies (Shriharsha et al., 2020).
Traditionally, this task has relied heavily on the expertise of ornithologists, who visually
monitor birds or listen to their vocalizations to identify species. However, this method is time-
intensive, subjective, and largely dependent on the observer's skill and experience (Bidwai et
al., 2020). The advent of machine learning techniques offers an innovative solution to automate
bird species identification, addressing the limitations of manual observation by analyzing vast
datasets with high accuracy and efficiency (Aruna et al., 2022; Mane et al., 2023). By training
models on annotated datasets of bird vocalizations, images, or both, machine learning
algorithms can recognize unique patterns and characteristics specific to different species.

Several factors have fueled the growing popularity of machine learning for bird classification.
Advances in sensor technologies, particularly high-quality audio recorders and digital cameras,
have enabled researchers to collect detailed data on bird vocalizations, morphology, and
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plumage patterns with greater ease and precision (Shriharsha et al., 2020). High-resolution
audio and images captured by these devices provide the data richness necessary for machine
learning models to discern subtle distinctions across species (Bidwai et al., 2020). The
accessibility of annotated datasets, generated through collaborations with researchers and
citizen science initiatives, has further facilitated the development and validation of these
models, providing ample resources for testing and refinement (Aruna et al., 2022). Meanwhile,
advancements in computational power and deep learning techniques have expanded the
potential for complex pattern recognition, enabling more sophisticated algorithms to handle the
intricate details required for species classification (Mane et al., 2023).

Early machine learning efforts in bird identification focused on audio-based analysis, using
frameworks like MARSYAS for feature extraction and traditional algorithms like support
vector machines (SVM) for classification. Visual features such as Scale-Invariant Feature
Transform (SIFT) have been successfully employed alongside acoustic features to improve
classification accuracy (Fagerlund, 2021). Fine-grained visual categorization using models like
Naive Bayes combined with SVMs has yielded impressive results, with features such as shape
movement, wing beat frequencies, and trajectory characteristics informing the classification
process (Bridgwater, Green, & Turek, 2022). SVM classifiers trained on Mel Frequency
Cepstral Coefficients (MFCCs) have proven effective in distinguishing species based on unique
vocalization patterns (Johar, Srivastava, & Sharma, 2021).

Furthermore, statistical measures like the mean, standard deviation, and skewness of image
RGB planes have contributed to visual-based identification. Detailed morphological features,
including the ratio of beak width to root distance, play a key role in classification, alongside
color-based identifiers like the HSV model, which integrates RGB and CMY characteristics
(McMahon, Morgan, & Farrell, 2020). In recent years, multistage learning and transfer learning
have enhanced the extraction of both micro- and macro-level features from bird images, further
refining classification accuracy (Zhang, Wu, & Liu, 2020; Patel & Chavan, 2022). These
combined methods underscore the effectiveness of machine learning in bird taxonomy,
presenting a powerful tool for ecological and conservation efforts.

Methodology

This study focuses on employing machine learning techniques to classify bird species
accurately and efficiently. A comprehensive review of existing methodologies, datasets, and
algorithms was conducted to understand and improve the accuracy of automated bird
identification systems.

Data Collection

Bird images were sourced from multiple avenues, including camera traps, designated
birdwatching platforms, and various online databases, to ensure a broad and diverse dataset.
To enhance the uniformity and quality of the image data, preprocessing steps such as resizing,
cropping, and standardizing image attributes were performed, which refined the dataset for
machine learning model input. The sample of the dataset is depicted in Figure 1.
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Figure 1. Sample of Birds Dataset

Feature Extraction

Convolutional Neural Networks (CNNs) are particularly effective in identifying complex,
distinguishing patterns within bird images, making them well-suited for feature extraction.
Pretrained CNN architectures, such as VGGNet and ResNet, serve as powerful feature
extractors due to their capacity to capture and represent hierarchical features essential for bird
species classification. These models leverage knowledge obtained during training on large-
scale datasets, such as ImageNet, which allows them to effectively generalize and extract
features specific to bird species from diverse images.

CNN Architecture

The architecture of CNNss is ideal for bird species identification, as they are designed to detect
local patterns and spatial relationships within images. CNNs operate through layers of
convolutional and pooling operations that recognize essential features within the images, such
as shape, color, and texture, which are crucial for accurate classification. This capability makes
CNNs a robust tool for identifying bird species by capturing intricate details that are often
unique to specific species.

Machine Learning Algorithms

To classify bird species, various supervised machine learning algorithms were explored,
including deep neural networks (DNNSs), support vector machines (SVMs), random forests
(RF), and CNNs. These algorithms learn patterns from labeled data, enabling them to
generalize and classify unknown bird species effectively. Transfer learning, in particular, has
proven beneficial by allowing models trained on extensive general datasets to be fine-tuned
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specifically for bird identification. This approach leverages pre-existing knowledge to adapt
models for this particular classification task.

Pretrained Models

Pretrained CNN models, such as ResNet, are widely used in image classification tasks due to
their ability to extract high-level features from images. In this study, the ResNet model,
previously trained on the extensive ImageNet dataset, was employed as a feature extractor. This
pretrained model efficiently captures and represents critical characteristics within bird images,
supporting precise species identification by recognizing detailed visual features relevant to
taxonomy.

This methodology integrates advanced machine learning techniques with a high-quality dataset
to enhance the accuracy and reliability of automated bird species classification, leveraging
state-of-the-art CNN architectures and transfer learning for robust feature extraction and
classification.

Convolution + RelLU + Max Pooling I Fully Connected Layer [
Feature Extraction in multiple hidden layers Classification in the output layer

Figure 2. The CNN architecture

Figure 2 illustrates the architecture of a Convolutional Neural Network (CNN) used for image
classification, with a specific application in identifying bird species.

1. Input Image: The process begins with an input image—in this case, a bird image. This
image will be processed by the CNN to extract features that help in identifying its
category, whether it's a bird or another class such as a dog or cat.

2. Feature Extraction (Convolution + ReLLU + Max Pooling): The CNN’s first layers
involve feature extraction. The image undergoes multiple convolution operations that
apply filters across different regions of the image, capturing essential visual patterns
like edges, shapes, and textures. Each convolutional layer is followed by an activation
function, typically ReLU (Rectified Linear Unit), which introduces non-linearity,
allowing the network to learn more complex representations. Max pooling layers reduce
the spatial dimensions of the data, preserving the most important features while making
the model computationally efficient.

3. Multiple Hidden Layers: As the data progresses through the network, it passes through
multiple hidden layers of convolutions and pooling operations. These layers capture
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increasingly complex and abstract features, with deeper layers learning more specific
attributes of the image, such as the unique colors, shapes, and textures associated with
particular bird species.

4. Fully Connected Layer: After feature extraction, the data is passed to fully connected
layers, where the high-level features learned by the convolutional layers are combined.
These layers act as a decision-making part of the network, integrating all extracted
information to make a classification decision.

5. Output Layer (Classification): In the output layer, the network assigns a probability
score to each possible class (e.g., Dog, Bird, Cat). The class with the highest score
represents the network's prediction for the image. Here, the network classifies the image
as a "Bird" with high confidence based on the learned features.

This figure demonstrates how CNNs process images step-by-step, from feature extraction to
classification, enabling accurate species identification in complex visual data.

Results and Discussion

To evaluate the effectiveness of the developed machine learning model for bird species
classification, a thorough analysis of the experimental results was conducted. This analysis
provides valuable insights into the model's strengths, limitations, and areas for potential
improvement.

The results displayed in the images demonstrate the model’s prediction process. The first image
shows an input photo of a bird (an American Goldfinch), with the model predicting it as
"goldfinch" with a confidence score of 99.93%, while assigning minimal confidence scores to
other classes, such as "brambling" (0.03%) and "indigo bunting" (0.01%). The second image
presents a bar chart of the confidence scores, highlighting the high confidence level for the
goldfinch class, underscoring the model's certainty in its prediction.

Key aspects analyzed include:

e Overall Accuracy: The model’s overall accuracy is determined by the percentage of
correctly classified bird species, providing a general measure of its performance.

e Ambiguous Classes: Some bird species are visually or audibly similar, making
classification more challenging. Identifying these ambiguous classes can help improve
the model by refining features or adding more training data.

o Confidence Scores: Each prediction is assigned a confidence score, which indicates the
model's certainty in its classification. High confidence scores for correctly predicted
species, like the goldfinch in this example, reinforce the model's reliability, while lower
confidence scores for misclassified or uncertain predictions highlight areas for further
enhancement.

This analysis helps identify strengths in confidently distinguishing certain bird species while
pinpointing opportunities to improve accuracy in more ambiguous classifications.
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Figure 3 describes an input image of an American Goldfinch, showing the predicted species

("goldfinch") with a high confidence score of 99.93%, alongside lower confidence scores for
other classes.

Q (N - o x
C O lihodd Q ¢ L0898
L @ wiee Bwe @
Predictions:
Confidence Scores for Predicted Bird Species
B Qo (i '_ fa ‘ g ~oan JONS
Figure 3. Predicted Bird Species with Confidence Scores
© pwh Trvaen X G beirmage  Googe e X | 4 - 0 X
' C 0 ke Q.ﬁ.n.i
™ o L ]
Predictions:
Confidence Scores for Predicted Bird Species
100
»n
z
% ®0
.§ .
0
0
Qoldtneh Sramping g0 _burtvg
Hard Species
M Qe W@ A gop BNy

vy

Figure 4. Confidence Score Distribution for Predicted Bird Species
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Figure 4 is a bar chart visualizing confidence scores assigned to different bird species, with the
model showing high confidence for the goldfinch classification, and negligible scores for other
classes.

Conclusion

Machine learning based on the classification of bird species has become a useful tool for
automating avian population identification and monitoring. This method has many benefits
over conventional ones, including greater effectiveness, scalability, and the opportunity for
real-time analysis. The fundamental elements of classifying bird species using machine
learning were covered in this talk, along with the methodology, difficulties, and encouraging
field outcomes bird species provide good examples of how well machine learning algorithms
can distinguish between various bird species with high accuracy rates has reached for some
datasets of areas or bird families. A potential for beneficial applications has been demonstrated
by the real-time recognition of bird vocalizations and the development of mobile apps for bird
identification.
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