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ABSTRACT: Accurately identifying bird species from images impacts several applications, from biodiversity 
monitoring and ecological research to citizen science initiatives. Fine-grained image classification of birds is a 
challenging problem, as there are usually very small, or even subtle, visual variations between certain species of birds. 
The current paper introduces a new method to improve the performance of convolutional neural networks for fine-

grained image classification of bird species identification by fusing techniques: pre-trained CNNs, fine-tuning, and 
channel-based attention mechanisms.  
 

Our approach seeks to rectify the deficiencies associated with normal CNNs, with an elegant capture of discriminative 
features and focusing on information-rich regions within the image. Extensive experiments were conducted on the 
benchmark CUB-200-2011 dataset, and this proposed approach has shown better performance compared to baseline 
and existing models. This has demonstrated that an explanation with an incorporated attention mechanism enhances the 
discriminative power of CNNs for FGIC tasks. 
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I. INTRODUCTION 

 

The accurate identification of bird species is of prime requirement for many applications. Ornithological studies are 
basically operating upon the basis of species recognition to understand versions for things like bird diversity, migration 
pattern, population trend, and habitat preference. Proper identification is essential for conservation programs aimed at 
protecting birds under threat and following up on their populations. Citizen science projects that involve the general 
public in bird identification, by use of mobile apps or web platforms, have a requirement for efficient and robust 
models enabling classification. 
 

Fine-grained image classification in the birds domain is challenging due to undisputedly small and subtle visual 
differences between classes. Standard convolutional neural networks usually fail to capture these tiny cues and hence 
misclassify them. Moreover, the training data for certain species in this domain is relatively small, which creates a 
problem while learning robust representations from the data by the model. 
 

This research aims to address these limitations by proposing a novel approach that improves FGIC performance for bird 
species identification. Our approach leverages a fusion of techniques: 
 

1. Pre-trained CNNs: We utilize a pre-trained CNN model on a large-scale image dataset like ImageNet, which 
captures general visual features. This allows us to benefit from knowledge learned from a vast amount of data 
without requiring extensive training from scratch. 

2. Fine-tuning: The pre-trained model is fine-tuned on the specific FGIC dataset for bird species identification, 
adapting the features to the task. This process adjusts the pre-trained weights to better suit the nuances of bird 
species classification. 

3. Channel-based Attention Mechanism: We integrate a channel-based attention mechanism to focus the model's 
attention on informative regions within images, highlighting the key visual cues for distinguishing between 
species. This mechanism helps the model prioritize discriminative features, addressing the challenge of subtle 
differences between bird species. 

 

 

 

 

http://www.ijircce.com/


International Journal of Innovative Research in Computer and Communication Engineering 

                                 | e-ISSN: 2320-9801, p-ISSN: 2320-9798| www.ijircce.com | |Impact Factor: 8.379 | A Monthly Peer Reviewed & Referred Journal | 

    || Volume 12, Issue 6, June 2024 || 

     | DOI: 10.15680/IJIRCCE.2024.1206089 | 

IJIRCCE©2024                                                             | An ISO 9001:2008 Certified Journal |                                                   8984 

   

 

II. LITERATURE SURVEY/ EXISTING SYSTEMS 

 

Numerous research works have explored FGIC tasks using deep learning architectures like VGG, ResNet, and 
DenseNet. However, these models often struggle to capture subtle variations, especially with limited training data. 
Techniques like part-based models have been proposed to focus on specific features, but they require human expertise 
for defining parts, limiting their generalizability. Transfer learning, utilizing pre-trained models, has shown promise, but 
selecting the most relevant pre-trained model for a specific task remains a challenge. 
 

Recent research has highlighted the effectiveness of attention mechanisms in improving FGIC performance. For 
instance, Woo et al. (2018) proposed the Convolutional Block Attention Module (CBAM), which effectively assigns 
weights to feature channels based on their informativeness. This approach helps the model prioritize crucial features for 
classification. 
 

Examples of Research Papers: 
 "Fine-Grained Visual Categorization with Deep Local Features" by Lin et al. (2015): A deep network 

architecture where, in an FGIC-related setting, the authors introduce techniques for learning discriminative 
representations of fine-grained categories based on deep local features. 

 "Deep Learning for Fine-Grained Image Recognition: A Survey" by Zhang et al. (2018): This paper gives an 
in-depth review of deep learning techniques applied to FGIC. The survey contains many different methods, among 
which are part-based models, attention mechanisms, and transfer learning that eventually give insight pertaining to 
the state-of-the-art in the field. 

 "Visual Attention in Deep Learning" by Xu et al. (2015): The authors present the role of attention mechanisms 
within deep learning for image classification. It explains that the attention mechanisms develop a task-oriented 
focused DL architecture for effective task performance in scenarios where focusing on some regions is most vital 
in order to achieve accurate classification. 

 

However, existing FGIC models for bird species identification often lack the ability to effectively capture subtle 
variations and focus on discriminative features, particularly with limited training data. Our proposed approach 
addresses this gap by integrating a channel-based attention mechanism within a fine-tuned pre-trained CNN 
architecture. 
 

III. PROPOSED METHODOLOGY AND DISCUSSION 

 

Our architecture is constructed based on the idea of transcending these limitations through a combination of fusion of 
pre-trained CNNs and fine-tuning with a channel-based attention mechanism. Overall, this is our architecture: 
1. Input layer: There is an input of a bird image to the network. 
2. Pre-trained CNN Backbone : We use a pre-trained ResNet-50 model  as a backbone for feature extraction, 

capturing generic visual representations from the ImageNet dataset. These provide a very strong starting point for 
the feature learning since it was trained on a large dataset of images and efficiently extracts general visual features. 

3. Fine Tuning Layers: At the top of the pre-trained backbone, fully connected layers are placed with random weight 
initialization, and then they are fine-tuned on the CUB-200-2011 dataset. This step adapts learned features for the 
classification of bird species and hence makes them more relevant to the particular FGIC problem at hand. Fine-

tuning allows the model to adjust its weights in a manner tailored to suit the subtleties of the task of classification 
of bird species, which oftentimes entails subtle appearance differences. 

4. Channel Attention Module: We further integrate a channel-based attention module (Woo et al., 2018) into the 
network. It takes as input the feature maps that are extracted by a pre-trained backbone and gives a corresponding 
attention map. This attention map will emphasize those feature channels relevant to the most informative regions of 
the image, increasing the focus of the model on those discriminative features for classification. This module helps 
the model become sensitive to subtle variations by focusing only on features most relevant to distinguish between 
bird species. 

5. Feature Fusion: The attention map is then used to modulate (weight) the original feature maps, amplifying the 
importance of features related to the informative regions. This allows the network to prioritize features that are 
most useful for distinguishing between bird species. By combining the attention map with the original feature 
maps, the network can selectively focus on the most discriminative features, improving the model's ability to 
classify subtle differences in bird species. 

6. Classification Layer: A final fully connected layer with a softmax activation function outputs the class 
probabilities for each bird species in the CUB-200-2011 dataset. 
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Advantages of the Proposed Approach: 
 Better Representations of Features: The large, pre-trained model serves as a strong foundation of feature 

extraction that fine-tuning can adapt toward the specific task in hand—bird species identification. In this regard, 
transfer learning from the large imagenet dataset makes it possible to understand more robust and generalizable 
features in learning bird species classification. 

 Better Focus on the Discriminative Regions: Attention mechanisms cause the model to focus much attention on 
those informative regions of the image, therefore improving class performance—this becomes more so when subtle 
visual cues differentiate species. Due to this highlighting mechanism on certain areas of an image, this attention 
mechanism enables the model to focus on relevant features characterizing bird species and hence prove actions 
which may result in the most accurate prediction. 

 Less Reliance on Big Training Dataset: By employing the pre-trained features and focusing on only the 
discriminative regions, a model would require less training data as compared to the vanilla CNN architecture. 
Thus, such factors at length decrease the need for huge training data; hence, rendering the model very workable 
under situations with limited data or where gathering information is very costly. 

 Better Generalizability: Combining pre-trained features with task-specific fine-tuning may further improve 
generalization across different bird datasets and probably beyond to other fine-grained image classification tasks. 
This will allow the model to generalize better to new datasets by leveraging the pre-trained features and fine-tuning 
them on the specific FGIC task for adaptability to bird species diversity and similar problems of fine-grained 
classification. 

 

Potential Challenges: 
 Computational Complexity: Diffuse use of attention mechanisms might add to additional computational burdens. 

This means that having an enhanced model because of direct attention mechanisms might turn out to be resource-

intensive. 
 Hyperparameter Tuning: The optimal hyperparameters (learning rates, attention module configuration) are very 

critical to attaining peak performance. Careful optimization is therefore important so that the mechanism of 
attention proves useful in improving the model. Correct choice of hyperparameters for the attention module and the 
whole model will ensure that the model works to full effect. 

 

IV. RESULTS 

 

Experimental Setup: 
 Dataset: We are using the famous dataset CUB-200-2011, which contains images from 200 bird classes with 6,033 

images. Most work on the fine-grained IC problem in the bird species identification literature would base on this, 
making it a very robust benchmark to gauge performance across different approaches. 

 Evaluation Metrics: We take standard metrics such as accuracy, precision, recall, and mean average precision to 
evaluate the model's performance. These metrics allow for a comprehensive assessment of the performance in 
classifying bird species by the model. Accuracy measures overall correctness. Precision and recall assess how well 
it identifies positive instances correctly, and avoids false positives. Since it gives a weight of the performance of 
the model over all the classes, mAP provides a more nuanced evaluation of model accuracy. 

 Baseline model: We take a ResNet-50 architecture without an attention mechanism as ours; it is fine-tuned on the 
CUB-200-2011 dataset. This acts as a baseline to compare and hence evaluate the effectiveness of the attention 
mechanism. We will do a comparison with a model sans attention to understand the contribution of the attention 
component in improving performance b. 

 Implementation Details: The models were implemented in PyTorch and trained on a GPU with specific learning 
rate strategies and regularization techniques. This will ensure consistency and reproducibility of the experiments. 
We used PyTorch, one of the popular deep learning frameworks, for model implementation and consistency in the 
experimental setting. Specific learning rate strategies and regularization techniques were used during training to 
optimize the models and ensure robustness. 

 

Results and Analysis: 
CUB-200-2011: 
 Accuracy: 85.2% 

 Precision: 84.8% 

 Recall: 84.5% 

 mAP: 83.9% 
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These results to a great extent reflect the efficacy of the proposed approach in enhancing the performance of feeder 
class localization, as compared to the baseline model. 
Comparison with State-of-the-Art Methods: 
 

Dataset Method Accuracy Precision Recall mAP 

CUB-200-2011 Spatial-CNN [1] 84.7% 83.1% 82.9% 81.2% 

CUB-200-2011 Part-based R-CNN [2] 83.1% 81.2% 82.9% 80.5% 

CUB-200-2011 Proposed Approach 85.2% 84.8% 84.5% 83.9% 

 

V. CONCLUSIONS 

 

This research presented a novel approach for enhancing fine-grained image classification for bird species identification 
by leveraging pre-trained CNNs, fine-tuning, and a channel-based attention mechanism. The proposed approach 
demonstrated superior performance compared to a baseline model and existing methods on the benchmark CUB-200-

2011 dataset. The attention mechanism proved effective in capturing discriminative features and focusing on 
informative regions within images, leading to improved classification accuracy. 
 

This work opens up possibilities for developing more accurate and robust automated bird identification systems for 
various applications, including biodiversity monitoring, conservation, and citizen science initiatives. Future research 
will explore alternative attention mechanisms, evaluate generalizability across diverse bird datasets, and investigate 
techniques to improve the efficiency of the proposed approach. 
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