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ABSTRACT

Fossil identification plays a vital role in paleontology, providing crucial insights into the evolutionary history of life on Earth. However, traditional manual
classification methods are often time-consuming, labor-intensive, and heavily dependent on expert interpretation. To address these limitations, the Al-Based Fossil
Identifier with Evolutionary Insights leverages Convolutional Neural Networks (CNNs) to automatically classify fossil images into multiple categories with high
precision and efficiency.

The system is trained on a labeled dataset of fossil images, enabling it to learn and distinguish unique morphological features specific to each fossil type. Once a
fossil image is uploaded, the model processes it to predict the fossil category, geological period, and related species, thereby providing valuable evolutionary
information alongside classification.

Experimental evaluations show that the proposed system achieves high accuracy and consistency in fossil identification, demonstrating the immense potential of
artificial intelligence in modern paleontological research. Overall, this project offers a fast, reliable, and scalable solution for automated fossil detection and
evolutionary analysis. Future enhancements may include expanding the dataset, implementing transfer learning for improved performance, and integrating the
model into real-time web or mobile applications for wider accessibility.
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1. Introduction

The study of fossils plays a vital role in unraveling the history of life on Earth, shedding light on the evolution of species, environmental changes, and
the development of ecosystems over millions of years. Fossils serve as a window into the past, enabling scientists to trace evolutionary lineages and
understand how different life forms adapted or became extinct. However, traditional fossil identification methods rely heavily on expert knowledge and
manual analysis, which can be time-consuming, prone to human error, and limited in scalability.

In recent years, advancements in artificial intelligence (Al) have opened new opportunities for automating complex scientific tasks. By leveraging the
power of machine learning and deep learning, particularly Convolutional Neural Networks (CNNSs), it has become possible to accurately analyze and
classify fossil images. These models can learn intricate visual features from large datasets, enabling them to distinguish between different fossil types
with high precision.

The proposed project, Al-Based Fossil Identifier with Evolutionary Insights, aims to develop an intelligent system capable of automatically identifying
fossils from digital images. The system not only classifies the fossil species but also provides detailed evolutionary insights, such as lineage, geological
age, and related species. By integrating Al technology into paleontological research, this project enhances the speed, accuracy, and accessibility of fossil
identification.

Ultimately, this Al-based approach bridges the gap between technology and paleontology, allowing both experts and enthusiasts to explore evolutionary
data more effectively. It contributes to modern scientific research by promoting digital transformation in the field of paleobiology and supporting the
preservation and study of Earth's ancient biodiversity.

2. Related Work

. Y. Liu, H. Zhang, and T. Wang, “Automatic taxonomic identification using convolutional neural networks on large fossil datasets,”
Paleontological Informatics Journal, vol. 15, no. 2, pp. 112-124, 2023:
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This study presents one of the largest fossil image datasets (over 415,000 specimens) and applies CNNs for automated taxonomic identification. The
model achieved expert-level accuracy and demonstrated the importance of dataset diversity, class balance, and augmentation in improving fossil
classification.

. L. Chen, D. Xu, and J. Morales, “Bivalve and Brachiopod Fossil Identification using EfficientNetV2,” Journal of Geoscience and
Machine Learning, vol. 8, no. 1, pp. 45-57, 2022:

This research introduced the BBFID dataset with 16,000 labeled fossil images and used EfficientNetV2 for classification. Despite morphological
similarity among species, the model achieved high accuracy, proving the ability of deep networks to distinguish fine-grained fossil taxa.

. E. Karaderi, M. Yilmaz, and F. Aydin, “Visual Microfossil Identification via Deep Metric Learning,” IEEE Transactions on Image
Processing, vol. 30, pp. 5432-5444, 2021:

The authors proposed a deep metric learning approach that learns feature embeddings representing morphological relationships between microfossil
species. This allows classification of unseen fossils based on similarity in feature space, useful for incomplete fossil records.

. G. Barucci, P. Conti, and A. Ferrara, “Al-powered Shark Tooth Fossil Identification using SharkNet-X,” IEEE Access, vol. 12, pp.
10421-10434, 2024:

This paper introduced a CNN-based system called SharkNet-X for classifying fossil shark teeth. It combined high-precision classification with
explainability tools (SHAP), helping researchers understand which morphological traits drive model predictions.

. D. Marchant, S. Clark, and N. White, “Automated Foraminifera Fossil Classification Using CNNs,” PaleoAl Transactions, vol. 7, no.
4, pp. 322-334, 2020:

This study applied CNNs for classifying foraminifera microfossils, achieving over 90% accuracy. It emphasized preprocessing steps such as background
removal and normalization to improve model robustness — techniques relevant to this project’s image pipeline.

Proposed Methodology
System Architecture of Al-Based Fossil Identifier with Evolutionary Insights

The system architecture of the Al-Based Fossil Identifier with Evolutionary Insights is designed to ensure efficient image analysis, accurate fossil
classification, and meaningful evolutionary data retrieval. It consists of three main components — Input Layer, Model Architecture, and Output Layer,
as shown in the diagram above.

1. Input Layer
e  The system begins with the user uploading a fossil image through the interface (such as a web or mobile app).
e  The uploaded image acts as the primary input to the system.
e The image is then forwarded to the preprocessing module for cleaning and standardization.
2. Model Architecture
This is the core of the system, containing the main processing modules that handle fossil identification and evolutionary insight generation.
a. Preprocessing Module:
Performs image enhancement, resizing, and noise reduction.
Converts the image into a suitable format for model input.
Uses techniques like contrast normalization, bilateral filtering, and CLAHE for better feature visibility.
b. Convolutional Neural Network (CNN):
Extracts deep visual features from the fossil image.
Learns structural patterns and textural properties that distinguish one fossil type from another.
Acts as the feature extractor in the system.
c. Feature Extraction Layer:
The second-last layer of the CNN captures essential image characteristics (features).
These extracted features are then passed to the next stage for classification.
d. XGBoost Classifier:

A gradient boosting algorithm that takes CNN features as input.
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Performs final classification to predict the fossil category with a confidence score.

Outputs a ranked list of top predictions (Top-K predictions).

e. Species Database (Species DB):

A structured database containing detailed fossil species information.

Includes attributes like scientific name, geological period, habitat, evolutionary lineage, and significance.

The system fetches corresponding details for the identified fossil from this database.

3. Output Layer

Combines the classification results from the XGBoost model with species insights retrieved from the database.
Generates a structured JSON output containing:

Label: Name of the identified fossil species.

Confidence: Probability score of the prediction.

Info: Evolutionary and biological details (diet, period, relatives, etc.).

The results are displayed to the user through the front-end interface, providing both identification and contextual understanding.
4. Workflow Summary

1. User uploads a fossil image.

2. Preprocessing module cleans and formats the image.

3. CNN extracts deep visual features.

4. XGBoost classifier predicts fossil type with confidence.

5. Species DB provides detailed evolutionary information.

6. Output module displays fossil name, confidence score, and insights.

This modular architecture ensures flexibility, scalability, and high accuracy. The combination of deep learning (CNN) and machine learning (XGBoost)
allows the system to perform both feature extraction and robust classification, while the Species Database enriches the output with valuable scientific
knowledge.

4. Experimental Setup

This chapter explains the experimental setup adopted for implementing and evaluating the Al-Based Fossil Identifier with Evolutionary Insights system.
The setup describes the hardware and software environment, preprocessing methods, CNN model configuration, training parameters, and evaluation
process followed during experimentation.

4.1 Hardware and Software Configuration
The proposed fossil identification system was implemented using a well-equipped computational setup to ensure efficient model training and accurate
prediction performance.
Component- Specification
e  Processor: Intel Core i7, 11th Generation
. RAM: 16 GB
e  GPU: NVIDIA GeForce RTX 3060 (6 GB)
. Operating System: Windows 10 (64-bit)
. Programming Language: Python 3.10
. Framework: TensorFlow 2.10 / Keras
. Supporting Libraries: NumPy, Pandas, OpenCV, Scikit-learn, Matplotlib, Flask

e Development Environment: Visual Studio Code
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This environment provided the required processing power for training deep learning models and deploying the application efficiently.
4.2 Data Preprocessing

To ensure uniformity and better model learning, all fossil images were preprocessed through a systematic pipeline before training. The steps involved
were:

1. Image Resizing:
Each image was resized to 224 x 224 pixels to match the CNN input requirements.
2. Normalization:
Pixel intensity values were scaled to the range [0, 1] to improve convergence.
3. Data Augmentation:
To overcome dataset imbalance and enhance generalization, the following augmentations were applied:
. Random rotation (£15°)
. Horizontal and vertical flipping
. Zoom and brightness variation
. Shifting and cropping
4. Dataset Splitting:
The dataset was divided into three subsets:
e  Training Set: 70%
e  Validation Set: 15%

e  Testing Set: 15%
4.3 Model Configuration

The system employed a Convolutional Neural Network (CNN) for fossil image classification.
The architecture chosen was ResNet50 with transfer learning, pre-trained on ImageNet and fine-tuned on fossil data.
Model Specifications:

. Input size: 224 x 224 x 3

e  Backbone: ResNet50 (pre-trained)

e  Activation Function: ReLU

e  Pooling: Global Average Pooling

e  Fully Connected Layer: 512 neurons

e  Output Layer: Softmax (for multi-class classification)

Lower layers were frozen to retain general image features, while upper layers were trained to identify fossil-specific features.
4.4 Training Parameters

The CNN was trained using optimized parameters for best performance.
Parameter Value

. Optimizer: Adam

. Learning Rate: 0.0001

. Batch Size: 32

. Epochs: 50
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Loss Function: Categorical Cross-Entropy
Validation Split: 0.15
Early Stopping Patience: 10 epochs

Weight Initialization: He Normal

Accuracy and loss graphs were monitored throughout training to track convergence and prevent overfitting.

4.5 Evaluation Metrics

Model performance was evaluated using the following metrics to ensure reliable results:

Accuracy: Overall percentage of correctly classified fossil images.
Precision: Fraction of true fossil classifications among predicted ones.
Recall: Fraction of correctly identified fossils among actual samples.
F1-Score: Balance between precision and recall.

Confusion Matrix: Class-wise visualization of predictions.

Grad-CAM: Used for visualizing areas of focus in fossil images.

4.6 Experimental Procedure

1. Fossil images were organized and preprocessed according to class labels.

2. The CNN model was initialized using transfer learning and fine-tuned on fossil data.

3. The model was trained and validated for 50 epochs with real-time monitoring.

4. The best-performing model weights were saved automatically.

5. The model was then integrated into a Flask web interface for user interaction.

6. Grad-CAM heatmaps were generated to visualize key fossil features recognized by the CNN.

4.7 Summary

The experimental setup provided a robust foundation for developing the Al-Based Fossil Identifier with Evolutionary Insights system.

Through systematic preprocessing, efficient CNN architecture, and controlled training, the model achieved high performance and strong generalization
capabilities.

5. Results and Discussion

This chapter presents the results obtained from the implementation of the Al-Based Fossil Identifier with Evolutionary Insights system. The results are
organized according to each module of the proposed architecture to clearly demonstrate the performance and contribution of every stage in the system.

5.1 Image Acquisition Module

The dataset used consisted of fossil images collected from digital repositories such as the GeoFossils_I_Dataset and other open-access sources. The
dataset included diverse fossil images under varying lighting and background conditions to ensure robustness.

Parameter Specification
Dataset Name GeoFossils_|_Dataset
Total Images 5,000

Number of Classes 10

Image Resolution 224 x 224 pixels

This module ensured that all images were properly formatted, resized, and organized for subsequent preprocessing and training stages. The variation in

background and lighting helped in evaluating the CNN’s ability to generalize across different image conditions.
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5.2 Preprocessing Module

The preprocessing pipeline standardized and augmented the fossil images to enhance the diversity of the dataset and reduce overfitting. Data augmentation
techniques were applied to simulate real-world variations.

After preprocessing, the model achieved more stable convergence during training. Augmentation increased the model’s generalization performance by
approximately 4% compared to training on unaugmented data.

5.3 CNN Training and Feature Extraction Module

The model training was conducted using TensorFlow on a GPU-enabled system. Three architectures were tested — a custom CNN, ResNet50, and
EfficientNetBO — to compare their effectiveness.

The ResNet50 architecture achieved the best accuracy of 91.45%, showing the benefits of transfer learning for extracting fine morphological features.
The model effectively captured shell ridges, spiral patterns, and structural textures unique to different fossil types.

5.4 Fossil Classification Module

This module classified fossil images into their corresponding categories based on the trained CNN model. The results were evaluated on the unseen test
set.

Metric Value

Overall Accuracy 91.45%
Macro Precision 91.20%
Macro Recall 91.32%
Macro F1-score 91.26%
Top-3 Accuracy 97.88%

The classification performance shows that the model reliably distinguishes between multiple fossil types. Visual inspection using Grad-CAM confirmed
that the CNN focused primarily on fossil morphology rather than background noise.

5.5 Evolutionary Insight Module

The evolutionary insight component analyzed feature embeddings extracted from the CNN to uncover relationships among fossil categories.
Dimensionality reduction using PCA and t-SNE revealed meaningful clustering patterns.

The clustering patterns indicated that the CNN features encode morphological and evolutionary similarities between fossil classes, showing potential for
evolutionary pattern discovery beyond classification.

5.6 Comparative Analysis

The comparative analysis of different approaches shows that the transfer learning model using ResNet50 outperformed the other methods in terms of
both accuracy and training efficiency. Specifically, ResNet50 achieved the highest accuracy of 91.45% with a training time of 42 minutes, making it the
most effective and time-efficient model. In contrast, the CNN model trained from scratch achieved a lower accuracy of 84.27% and required 65 minutes
of training, indicating slower convergence and reduced generalization capability. The hybrid CNN + XGBoost classifier demonstrated a moderate
improvement, achieving 88.10% accuracy with a training time of 47 minutes, performing better than the baseline CNN but still below the transfer learning
approach. Overall, the results highlight that leveraging pre-trained models like ResNet50 significantly enhances both performance and computational
efficiency, making transfer learning a superior choice for this task.

6. Deployment and Impact

The Al-Based Fossil Identifier with Evolutionary Insights system was developed to ensure real-world usability and accessibility, allowing users to
identify fossils efficiently through a web-based platform. After successful model training and validation, the system was deployed as an interactive web
application using Flask, seamlessly integrating the trained ResNet50 CNN model for accurate fossil classification.

The deployment architecture is organized into multiple layers. The User Interface Layer, built with HTML, CSS, and JavaScript, provides a simple
and responsive interface where users can upload fossil images and instantly view predictions. The Application Layer, developed using Flask (Python),
handles image preprocessing, model communication, and inference through REST APIs. The Model Layer hosts the trained ResNet50 model (saved in
.h5 or .pkl format), which processes uploaded images by resizing, normalizing, and generating class probabilities and evolutionary insights. An optional
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Database Layer using SQL.ite or MongoDB stores uploaded images, prediction results, and metadata for further analysis and retraining. Finally, the
system can be hosted locally or on cloud platforms such as Heroku, AWS, or Google Cloud, with GPU servers recommended for faster inference.

The deployment workflow begins when a user uploads a fossil image through the web interface. The backend receives and preprocesses the image before
passing it to the trained CNN model for classification. The model outputs the predicted fossil class, confidence score, and evolutionary grouping, which
are displayed on the interface along with Grad-CAM visualizations that highlight distinguishing fossil features. In a typical setup, the frontend is
powered by HTML, CSS, and JavaScript; the backend by Flask; the model by TensorFlow/Keras; and the database by SQLite or MongoDB. The system
achieves an average inference time of about 1.5 seconds on CPU and 0.3 seconds on GPU, ensuring smooth and efficient performance.

The impact of the system spans academic, research, industrial, and environmental domains. Academically, it simplifies fossil identification for students
and researchers, promotes the integration of Al and machine learning in earth science education, and supports automated fossil labeling for dataset
expansion. From a research perspective, the system accelerates morphological analysis, uncovers hidden correlations in fossil features, and fosters
interdisciplinary collaboration between paleontologists and computer scientists. It also provides a foundation for future research in digital taxonomy and
evolutionary modeling.

From an industrial and societal standpoint, the system can be applied in museum digitization, automated cataloging, and field research, offering quick
and reliable fossil identification while reducing manual effort and human error. It also contributes to heritage preservation by digitizing fossil records
for long-term archival management. Environmentally, the system promotes the creation of open-source fossil repositories, enhances global scientific
collaboration, and provides an Al-driven approach to tracking biodiversity and understanding Earth’s natural history.

Overall, the Al-Based Fossil Identifier demonstrates the transformative potential of artificial intelligence in paleontology and earth sciences, fostering
greater efficiency, collaboration, and sustainability in fossil research and conservation.

7. Conclusion

The Al-Based Fossil Identifier with Evolutionary Insights project successfully demonstrates the integration of artificial intelligence and deep learning
techniques in the domain of paleontology. The system was developed to automate the identification and classification of fossil images, reducing the
dependency on manual analysis and expert intervention.

Using Convolutional Neural Networks (CNNs), specifically a ResNet50 architecture with He Normal weight initialization, the model effectively learned
and extracted distinct morphological patterns from fossil images. The training process was optimized using techniques such as data augmentation, transfer
learning, and early stopping, which significantly improved accuracy and generalization.

The experimental results proved the system’s efficiency, achieving high classification accuracy across multiple fossil categories. The integration of Grad-
CAM visualization further enhanced interpretability by highlighting image regions that contributed most to the classification, enabling users to gain
evolutionary insights based on feature similarities.

The deployment of the system through a Flask-based web application made the model user-friendly and practical for real-world use. Users can easily
upload fossil images and receive instant classification results along with interpretive visualizations, making the system valuable for researchers, students,
and educators in the field of paleontology.

Overall, the project achieved the following objectives:
e  Automated fossil image classification with high accuracy.
e  Reduced manual effort and dependency on domain expertise.
e  Provided visual and analytical insights into fossil evolution.
e  Demonstrated the potential of Al-driven systems in scientific research.

This project establishes a strong foundation for applying deep learning techniques in geological and biological studies. It signifies an important step
toward combining artificial intelligence with earth sciences to accelerate research, enhance accuracy, and support data-driven discoveries.
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