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Abstract- This study presents an intelligent AI-based image 

recognition system designed to assist archaeologists in the 

identification and classification of artifacts from excavation 

sites and museum archives. Traditional archaeological 

analysis is time-consuming and prone to subjective 

interpretation, limiting scalability and consistency. The 

proposed system leverages deep learning and computer 

vision—specifically Convolutional Neural Networks (CNN)—

to automate artifact recognition with high accuracy. Through 

systematic preprocessing, feature extraction, and 

classification, the model effectively distinguishes between 

diverse artifact types such as tools, sculptures, and 

inscriptions. Experimental evaluation demonstrates that the 

CNN model achieves a classification accuracy of 92% with an 

F1-score of 0.91, outperforming traditional machine learning 

methods like SVM and KNN. Additionally, the system is 

deployed through a Flask-based web interface that enables 

real-time artifact identification and visualization. By 

integrating AI-driven image recognition with digital 

archaeology, the system enhances research efficiency, 

promotes cultural heritage preservation, and contributes to 

the digital transformation of archaeological studies. 
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I. INTRODUCTION 

 

 Archaeology plays a pivotal role in uncovering the 

historical and cultural evolution of human civilization. 

Traditionally, the identification and classification of artifacts, 

inscriptions, and excavation site images have relied heavily on 

manual observation and expert interpretation. While these 

conventional methods ensure expert insight, they are often 

time-intensive, inconsistent, and constrained by human 

subjectivity. Moreover, the exponential growth of digital 

imagery—captured using drones, high-resolution cameras, and 

satellite technologies—has led to an overwhelming volume of 

data, making manual analysis increasingly impractical. 

 

Recent advancements in artificial intelligence (AI) and 

computer vision offer new possibilities for automating and 

enhancing archaeological research. By leveraging machine 

learning (ML) and deep learning (DL) models, particularly 

Convolutional Neural Networks (CNNs), image-based 

recognition systems can analyze complex patterns, textures, 

and shapes to accurately classify artifacts and ancient 

structures. Such systems minimize human error, accelerate 

data processing, and enable archaeologists to focus on 

interpretation rather than repetitive classification tasks. The 

integration of AI-driven image recognition not only improves 

efficiency but also contributes to the digital preservation of 

fragile cultural heritage. 

 

The proposed system, AI-Based Image Recognition 

for Archaeological Research, automates the process of 

identifying and classifying archaeological artifacts using a 

CNN-driven framework. The system captures, preprocesses, 

and analyzesartifact images to predict their category in real 

time with high precision. Unlike conventional approaches that 

depend solely on manual labeling or handcrafted features, the 

CNN model learns hierarchical visual representations directly 

from image data, ensuring robust performance across varying 

artifact conditions such as erosion, lighting variation, and 

surface damage. 

 

Furthermore, the system is implemented with a 

Flask-based web interface, allowing archaeologists and 

researchers to upload images and receive instant recognition 

results. This integration supports on-site analysis, improving 

accessibility and responsiveness during excavations. 

Experimental evaluations demonstrate a classification 

accuracy of 92%, confirming the effectiveness of deep 

learning in archaeological image analysis. By bridging AI and 

cultural heritage, this research contributes to modernizing 

archaeological workflows, enhancing accuracy, and fostering 

digital heritage preservation for future generations. 

 

II. METHODOLOGY 

 

The proposed AI-Based Image Recognition System 

for Archaeological Research employs a structured 
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methodology that integrates image acquisition, preprocessing, 

feature extraction, deep learning–based classification, and 

real-time result visualization. The workflow transforms raw 

archaeological images into classified artifact categories using 

Convolutional Neural Networks (CNNs).  

 

1. Image Acquisition: Image of archaeological artifacts 

were collected from public datasets, museum repositories, 

and field excavation archives. The dataset includes 

photographs of tools, sculptures, pottery, and inscriptions 

captured under various lighting and environmental 

conditions. All images were converted to a standard 

digital format (JPEG/PNG) to maintain compatibility with 

the preprocessing pipeline. The dataset was divided into 

training (70%), validation (15%), and testing (15%) 

subsets to ensure balanced performance evaluation. 

2. Image Preprocessing: Preprocessing enhances image 

quality and ensures uniformity for CNN input. Each 

image is resized to 224 × 224 pixels and normalized to a 

[0,1] scale. Noise reduction filters (Gaussian Blur, 

Median Filter) are applied to remove background artifacts 

and distortions. Data augmentation techniques—such as 

rotation, horizontal flipping, and brightness adjustment—

are used to expand dataset diversity and prevent model 

overfitting. This step significantly improves the CNN’s 

generalization to varying artifact orientations and surface 

textures. 

3. Feature Extraction: Feature extraction is performed 

using a Convolutional Neural Network (CNN) 

architecture. Convolutional layers automatically capture 

hierarchical visual features, including edges, patterns, and 

fine surface details that are often characteristic of ancient 

artifacts. Pooling layers reduce spatial dimensions while 

preserving crucial features, enabling computational 

efficiency. The learned feature maps are flattened into 

dense feature vectors that represent each artifact’s unique 

visual signature, which are subsequently used for 

classification. 

4. Classification:The classification stage predicts the 

artifact type based on extracted visual features. The CNN 

consists of multiple convolutional and pooling layers 

followed by fully connected dense layers. The output 

layer uses a Softmax activation function to generate 

probability scores for each artifact class (e.g., Pottery, 

Sculpture, Inscriptions, Tools). The model is trained using 

the Adam optimizer and categorical cross-entropy loss 

function, achieving optimal convergence after 40 epochs. 

Performance metrics such as accuracy, precision, recall, 

and F1-score are computed for model evaluation. 

5. System Integration and deployment:After successful 

training and validation, the CNN model is integrated into 

a Flask-based web application. The application enables 

users to upload images via a web interface for instant 

artifact classification. The backend performs image 

preprocessing, model inference, and result generation, 

displaying the predicted class along with a confidence 

score. The database stores all processed images, 

predictions, and performance logs, enabling continuous 

improvement and retraining. This integration supports 

real-time archaeological analysis in field environments. 

6. Performance Evaluation: System performance is 

assessed using a confusion matrix and standard evaluation 

metrics. The proposed model achieved a classification 

accuracy of 92.4%, precision of 0.91, recall of 0.92, and 

an F1-score of 0.91 on the test dataset. These results 

outperform traditional algorithms such as SVM, KNN, 

and Decision Tree, which recorded lower accuracies (82–

87%). The CNN’s superior ability to learn spatial 

hierarchies makes it more effective for recognizing 

complex patterns and partially damaged artifacts. 

 

 
Fig.1Flowdiagram 

 

III. SYSTEM ARCHITECTURE 

 

The architecture of the proposed AI-Based Image 

Recognition System for Archaeological Research 

establishes a systematic pipeline from image acquisition to 

artifact classification and visualization. It integrates multiple 

stages, including data collection, preprocessing, feature 

extraction, classification, and output display. Each stage 

operates as an independent module, ensuring scalability, 

modularity, and efficient workflow execution. The complete 

process flow is illustrated in Figure 1. 

 

1. Input and Data Capture 

 

The system begins with the acquisition of 

archaeological artifact images through digital cameras, drones, 

or museum repositories. Images are uploaded to the system’s 

web interface or imported from the dataset directory. Each 
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image is automatically validated to ensure format 

compatibility (JPEG/PNG) and adequate resolution for 

analysis. Metadata such as artifact name, location, or 

excavation ID can optionally be recorded for research 

traceability. 

 

2. Preprocessing Module 

 

The preprocessing stage ensures the images are 

standardized and noise-free before analysis. Key operations 

include: 

 

 Resizing: Converts all images to a fixed resolution of 

224×224 pixels. 

 Normalization: Scales pixel intensity values 

between 0 and 1 for stable model convergence. 

 Noise Reduction: Removes shadows, background 

noise, and lighting inconsistencies using Gaussian 

and median filters. 

 Augmentation: Generates additional image 

variations through rotation, flipping, and contrast 

adjustment to enhance dataset diversity. 

 

This stage prepares high-quality input suitable for robust deep 

learning performance. 

 

3. Feature Extraction Layer 

 

At this stage, the system employs Convolutional 

Neural Networks (CNNs) to automatically extract and learn 

hierarchical features from the preprocessed images. 

Convolutional layers capture local features such as edges and 

textures, while deeper layers identify global patterns like 

shapes, carvings, or inscriptions. Pooling operations reduce 

dimensionality while retaining critical information, and the 

resulting feature maps are flattened into feature vectors. These 

vectors serve as the input for the classification stage. 

 

4. Classification Module 

 

The extracted features are passed through a fully 

connected neural network for artifact classification. The 

network applies a Softmax activation function to compute 

the probability distribution across multiple artifact categories. 

The class with the highest probability is selected as the 

predicted output. The model is trained using the Adam 

optimizer with a learning rate of 0.001 and categorical cross-

entropy as the loss function. Early stopping and dropout 

layers prevent overfitting, ensuring strong generalization 

across unseen archaeological images. 

 

5. Result Visualization Layer 

Once classification is complete, the system displays results 

through a web-based visualization interface. The interface 

shows: 

 

 Predicted artifact class (e.g., Pottery, Sculpture, 

Inscription) 

 Confidence score (percentage accuracy) 

 Example reference images (optional) 

 Downloadable classification reports 

 

This intuitive visualization aids archaeologists in 

quickly interpreting recognition results and validating 

findings. 

 

6. Database and Storage Management 

 

All uploaded images, predicted results, and metadata 

are stored in a local or cloud-based database (SQLite or 

MySQL). The database enables efficient retrieval, auditing, 

and retraining of the model with updated datasets. This 

ensures the system continuously learns and adapts to new 

artifact categories, enhancing scalability and long-term 

usability. 

 

7. System Flow Overview 

 

1. User uploads artifact image through web interface. 

2. Preprocessing module cleans and standardizes the 

image. 

3. CNN extracts high-level features automatically. 

4. Classification module predicts the artifact class. 

5. Visualization layer presents the result to the user. 

6. All records are stored in the database for analysis and 

retraining. 

 

This modular design allows seamless integration of 

additional features such as 3D reconstruction, object 

segmentation, or context-aware artifact mapping in future 

versions. The system’s flexible architecture ensures 

compatibility with both research laboratories and real-time 

excavation environments. 

 

IV. RESULTS AND DISCUSSION 

 

The proposed AI-Based Image Recognition System 

for Archaeological Research was implemented using Python 

3.10, TensorFlow, Keras, and OpenCV frameworks. The 

experiments were conducted on a machine equipped with an 

Intel Core i7 processor (3.4 GHz), 16 GB RAM, and an 

NVIDIA GTX 1650 GPU (4 GB). The model was trained on 

a dataset comprising 2,000 archaeological images collected 

from excavation archives and open-source repositories, 
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categorized into five primary classes — Pottery, Tools, 

Sculptures, Inscriptions, and Site Fragments. 

 

1. Experimental Setup 

 

All images were resized to 224×224 pixels and 

normalized to [0,1]. The dataset was split into training 

(70%), validation (15%), and testing (15%) subsets. The 

CNN model was trained for 50 epochs with a batch size of 32 

using the Adam optimizer and categorical cross-entropy 

loss function. Data augmentation techniques such as rotation, 

flipping, and brightness variation improved model 

generalization and reduced overfitting. 

 

Model performance was monitored through training 

and validation curves, demonstrating steady improvement in 

accuracy and stability in loss convergence after 40 epochs. 

 

2. Quantitative Results 

 

The trained CNN achieved a classification accuracy 

of 92.4% on the test dataset. Comparative analysis with 

traditional algorithms showed that the CNN consistently 

outperformed models such as Support Vector Machine 

(SVM), K-Nearest Neighbour (KNN), and Decision Tree 

(DT), which achieved accuracies between 82% and 87%. 

 

Table 1. Performance Comparison of Algorithms 

Algorithm 
Accuracy 

(%) 
Precision Recall 

F1-

Score 

SVM 84.2 0.83 0.82 0.83 

KNN 86.5 0.85 0.86 0.85 

Decision Tree 82.9 0.81 0.82 0.81 

CNN 

(Proposed) 
92.4 0.91 0.92 0.91 

 

The results demonstrate the CNN model’s superior 

capability in identifying intricate patterns, textures, and partial 

damages that are common in archaeological images. 

 

3. Qualitative Analysis 

 

Visual inspections confirmed that the CNN 

successfully recognized artifacts with minimal error, even 

under varied lighting, erosion, or partial occlusion conditions. 

The model learned to identify distinctive shapes and carvings 

characteristic of each artifact class. Example output 

visualizations are shown in Figure 2, where predicted labels 

and confidence scores are displayed alongside uploaded 

images. 

The real-time Flask-based web interface provided 

instant predictions (average inference time: 0.8 seconds per 

image), making the system suitable for on-field deployment. 

Archaeologists can directly upload photos during excavations 

and receive immediate classification feedback, improving 

operational efficiency and decision-making. 

 

4. Discussion of Findings 

 

The experimental findings indicate that the 

integration of deep learning and computer vision 

significantly enhances archaeological research accuracy and 

speed. Unlike manual classification, which requires expert 

involvement and time-consuming verification, the AI-based 

model automates the entire process with consistent reliability. 

The CNN’s deep feature extraction capability allows it to 

distinguish subtle differences in artifact design, even across 

degraded or incomplete samples. Furthermore, the system’s 

modular design supports continuous retraining, ensuring 

adaptability to new datasets and archaeological contexts. 

 

The results also highlight the potential for digital 

heritage preservation. By digitizing artifact identification, 

the system minimizes the need for physical handling, thereby 

reducing the risk of damage while providing a sustainable, 

accessible platform for cultural documentation. 

 

5. System Performance Overview 

 

Key performance outcomes of the system include: 

 

 Overall Accuracy: 92.4% 

 Precision: 0.91 

 Recall: 0.92 

 Average Processing Time: 0.8 seconds per image 

 Storage Efficiency: 1 TB SSD supports 50,000+ 

images 

 User Feedback: Positive evaluation for usability and 

visual clarity 

 

These metrics confirm that the developed system 

achieves both technical efficiency and practical applicability 

for archaeological research environments. 
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Fig.2Process flow 

 

 
 

 

 
 

V. CONCLUSION 

 

This study successfully demonstrates the 

development and implementation of an AI-driven image 

recognition system tailored for archaeological research and 

cultural heritage analysis. The proposed framework automates 

the process of artifact identification and classification using 

Convolutional Neural Networks (CNNs), effectively 

addressing the limitations of traditional manual approaches. 

By integrating advanced image preprocessing, deep feature 

extraction, and real-time inference, the system achieves a 

classification accuracy of 92.4%, outperforming 

conventional machine learning algorithms such as SVM, 

KNN, and Decision Tree. 

 

The results confirm that deep learning models 

possess superior capability in recognizing complex 

archaeological patterns, surface textures, and partially 

damaged structures. Moreover, the deployment of a Flask-

based web application provides archaeologists and 

researchers with an intuitive, real-time interface for field use. 

This not only enhances research productivity but also supports 

non-invasive heritage documentation, preserving the 

integrity of fragile artifacts. 

 

The integration of AI and computer vision in 

archaeology marks a transformative step toward the 

digitalization of cultural heritage studies. By reducing 

dependency on human expertise for repetitive tasks, the 

system enables experts to focus on interpretive and analytical 

aspects, thereby improving both speed and accuracy in 

archaeological research. Overall, the proposed model serves as 

a scalable foundation for future developments in digital 

archaeology and intelligent cultural preservation systems. 
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VI. FUTURE WORK 

 

Future extensions of this research can further enhance 

system performance and versatility. The inclusion of 3D 

image reconstruction and LiDAR-based terrain mapping 

could enable the identification of buried or fragmented 

artifacts with higher precision. Incorporating transfer 

learning from large-scale vision models such as ResNet or 

Vision Transformers (ViT) may improve classification 

accuracy on smaller archaeological datasets. 

 

Additionally, the integration of Augmented Reality 

(AR) for interactive visualization and cloud-based databases 

for multi-institutional collaboration can strengthen data 

accessibility and knowledge sharing across archaeological 

research communities. These advancements will contribute to 

a comprehensive, intelligent framework that bridges AI, 

archaeology, and digital heritage preservation. 
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