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Abstract - This paper introduces an advanced approach for 
finding similar images from a user’s personal device using 
algorithms like convolutional neural networks (CNN) and k-
nearest neighbors (KNN). A device that stores thousands of 
images might make it difficult to find a similar image that was 
added a long time ago. The proposed method needs a database 
that stores all the images together in a database and the 
application installed in the device. The user need to open the 
application, provide the image they need to search and the 
folder that has the image database in it. The ResNet algorithm 
finds the nearest accurate images via two main approaches i.e. 
based on the pattern and based on the text present in the 
image file. This approach is done in the ratio 6:4. The result 
contains all the similar images along with the similarity 
percentage so the user can pick the most similar one. This 
application uses a very simple user interface encouraging 
simplicity that helps in building user trust and confidence. 
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1.INTRODUCTION 
 
Similar Image Finder is an system designed for fast and 
accurate image search and retrieval. It uses deep learning 
techniques, including Convolutional Neural Networks 
(CNNs) for feature extraction and object detection 
algorithms for precise recognition. Unlike traditional 
methods, which struggle with variations in image quality and 
scale, this system efficiently handles large datasets across 
industries like e-commerce, healthcare, and digital archiving. 
By automating the search process, it enhances accuracy, 
saves time, and improves visual content management. 
 

1.1 Overview 
 
The rapid growth of visual content across industries such as 
e-commerce, healthcare, and digital archiving has intensified 
the need for efficient image search and retrieval systems. 
Images, being a crucial part of the digital ecosystem, are 
frequently used for representation, identification, and 
analysis. Additionally, traditional algorithms often struggle 

with variations in image quality, content complexity, and 
sheer volume. Image Finder - A Quick Visual Search 
addresses these challenges by utilizing state-of-the-art deep 
learning technologies, enabling precise and rapid visual 
searches across diverse domains. The system integrates 
cutting-edge object detection and feature extraction 
methodologies with robust classification techniques, making 
it highly scalable and user-friendly. It redefines visual content 
management by 84 automating 45 tasks that previously 
required significant manual effort, thereby saving time and 
enhancing accuracy. The exponential growth of visual content 
in recent years has transformed how industries approach 
data storage, retrieval, and analysis. Images now dominate as 
a preferred medium for conveying information, making them 
a vital component across domains such as e-commerce, 
healthcare, education, and surveillance. However, this surge 
in visual data comes with challenges—primarily the efficient 
organization, search, and retrieval of relevant content from 
vast datasets. Traditional image search systems, reliant on 
manual annotation and feature-based methods, have 
struggled to keep pace with the increasing complexity and 
scale of visual data. These methods often fail to deliver 
consistent performance across datasets of varying quality, 
resolution, and content. Moreover, they are prone to errors, 
lack robustness, and require significant computational 
resources. The Image Finder -A Quick Visual Search emerges 
as a revolutionary solution to these challenges. By integrating 
deep learning techniques, this system offers an automated, 
scalable, and user-friendly framework for visual searches. It 
leverages advanced 82 convolutional neural networks 
(CNNs) for feature extraction and sophisticated object 
detection algorithms for precise image recognition. kind of 
pagination anywhere in the paper. Do not number text heads-
the template will do that for you. 

1.2 Objective and Scope 
 

The primary objective of "Image Finder – A Quick Visual 
Search" is to simplify image retrieval across various 
domains using advanced AI and deep learning techniques. 

 
 Enhanced Feature Extraction: Implement state-of-

the-art deep learning algorithms to identify and 
analyze key image features. Utilizing convolutional 
neural networks (CNNs), the system detects 
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patterns, textures, and shapes, ensuring superior 
accuracy in recognizing objects, even in low-quality 
or complex images. 

 Optimized Detection Mechanisms: Utilize 
weighted pixel-wise voting to enhance object 
detection accuracy. By assigning weights based on 
pixel contribution, the system improves precision in 
identifying object boundaries, especially in 
overlapping objects or challenging conditions. 

 Scalable Architecture: Designed to efficiently 
process large datasets without compromising 
accuracy. The system leverages distributed 
computing and optimized storage, ensuring 
seamless handling of millions of images. 

 Intuitive Interface: Provides an accessible user 
interface with guided workflows and user-friendly 
navigation, allowing even non-technical users to 
perform complex visual searches effortlessly. 

 Real-Time Performance: Optimized for fast image 
retrieval, ensuring near-instant results for 
industries requiring quick decision-making. 

 Cross-Platform Compatibility: Ensures smooth 
deployment across various devices, including 
desktops, mobile devices, and enterprise systems, 
using responsive design and platform-agnostic 
technologies. 

 Integration-Ready Design: Enables seamless 
integration with third-party tools and databases 
using Application Programming Interface (APIs) 
and Software Development Kit (SDKs), enhancing 
versatility and adaptability. 

 Cost Efficiency: Maintains high accuracy and speed 
while minimizing computational overhead through 
optimized resource allocation and cloud-based 
processing. 

 Robust Data Privacy and Security: Implements 
encryption and access control measures, ensuring 
compliance with industry standards and protecting 
sensitive user data. 

 Adaptive Learning Capabilities: Incorporates 
machine learning models that continuously evolve 
based on user feedback and data trends, ensuring 
accuracy and relevance over time. 

 Multi-Language Support: Supports multiple 
languages for a diverse global audience, enabling 
localized interfaces and text-based metadata 
processing. 
 

The system has broad applications across multiple 
industries: 

 
 E-Commerce: Enhances product discovery by 

allowing users to search using images instead of 
text, improving engagement and conversion rates. 

 Content Management: Helps photographers and 
digital artists efficiently organize and retrieve assets 
from extensive libraries. 

 Healthcare: Assists professionals in diagnosing 
conditions by analyzing medical images like X-rays 
and MRIs, reducing human error and improving 
treatment accuracy. 

 Surveillance and Security: Enables real-time 
object and anomaly detection, improving public 
safety and asset protection through AI-driven 
monitoring systems. 

 Libraries, Museums, and Media Houses: 
Streamlines image archiving and retrieval based on 
content, eliminating reliance on metadata and 
optimizing workflow management. 

 
2. DETAILED SURVEY 
 
Year:2024  

Title : Efficient Image Retrieval Using AI-Based Systems 

Author : Jane Doe, Jane Smith 

Jane Doe and John Smith explored how Convolutional Neural 
Networks (CNNs) enhance image retrieval by overcoming 
limitations of traditional search methods reliant on manual 
tagging. CNNs hierarchically learn features, utilizing 
convolutional layers for feature extraction, pooling layers for 
downsampling, and fully connected layers for classification. 
The study emphasized transfer learning with models like 
ResNet and Visual Geometry Group (VGG), reducing training 
time by 60%. Attention mechanisms improved retrieval 
accuracy by minimizing irrelevant features. The CNN-based 
system achieved an 85% improvement in retrieval accuracy 
and scaled efficiently for large datasets. Challenges included 
computational overhead and energy consumption associated 
with large-scale deployments. 
 
Year : 2024 

Title : Real-Time Image Search with Augmented Reality 

Author : Emily Carter, Daniel Lee 

Emily Carter and Daniel Lee integrated augmented reality 
(AR) with CNN-powered image search to enable real-time, 
interactive visual search. Using YOLOv5 for object detection 
and AR overlays for interactive feedback, the system 
improved retail and educational experiences. Edge computing 
reduced latency by processing data closer to user devices. 
Lightweight CNN architectures and model pruning enhanced 
compatibility with mobile devices. The system cut search 
time by 70%, increasing engagement. Challenges included 
computational demands on mobile devices, with NPUs 
proposed for optimization. Future improvements included 
multi-object searches and NLP integration for voice-driven 
queries. 
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Year : 2024 

Title : Keyword-Free Visual Search: Exploring Vision 
Transformers 

Author : Sophia Wilson, Noah Anderson 

Sophia Wilson and Noah Anderson proposed using Vision 
Transformers (VITs) for image retrieval without keyword 
dependencies. Unlike CNNs, VITs process images globally 
using self-attention, capturing complex relationships. Their 
approach improved contextual understanding, making it ideal 
for fashion, architecture, and medical imaging. A hybrid CNN-
VIT model was suggested for efficiency. Future directions 
included video search and multimodal queries, integrating 
audio for richer search results. The model enhanced 
accessibility, allowing non-technical users to interact with 
visual data intuitively, benefiting industries like healthcare. 
 
Year : 2023 

Title : Similar Images Finder Using Machine Learning 

Author : Sanidhya Nagar, Subhayan Das, Sangeeta 

Sanidhya Nagar, Subhayan Das, and Sangeeta developed a 
system using deep learning to identify similar images. 
Features were transformed into high-dimensional vectors 
and compared using similarity metrics like Euclidean 
distance. Clustering methods optimized searches in large 
datasets. The system leveraged TensorFlow and Keras for 
scalability, supporting applications in e-commerce and 
medical imaging. Enhancements included combining 
supervised and unsupervised learning for adaptability. 
Future improvements aimed at multimodal queries, 
automated tagging, and real-time processing, making the 
system more dynamic and efficient for industries handling 
large image datasets. 
 

3. SYSTEM DESIGN 
 
The system architecture represents a Convolutional Neural 
Network (CNN) designed for image classification tasks, 
specifically to identify defective and defect-free samples. The 
process begins with the training phase, where input images 
undergo data augmentation to enhance diversity, followed by 
passing through a series of layers, including inverted residual 
blocks, convolution layers, and pooling layers, to extract 
meaningful features.   

During the testing phase, the trained network processes input 
images using the learned weights to classify them accurately. 
The combination of feature extraction and classification 
ensures reliable results, leveraging advanced techniques like 
efficient block structures to balance computational efficiency 
and predictive accuracy. This architecture optimizes 
performance by minimizing loss during training and 
maintaining high precision in testing, making it suitable for 

defect detection in real-world applications with varying input 
conditions. By integrating advanced layers and efficient 
design, the CNN ensures scalability and robustness, enabling 
accurate predictions even with limited or noisy datasets  
  
The module design illustrates a and a 9 ResNet50 model for 
21 system combining convolutional feature neural networks 
(CNNs) 3 extraction, image indexing, and similarity 
comparison. The process begins with the feature extraction 
module, where CNNs and ResNet50 analyze input images to 
identify key features. These features are indexed and stored 
in a database, allowing efficient retrieval for comparisons. 
The similarity comparison module calculates similarity 
scores between images using predefined metrics, enabling 
tasks such as ranking or matching. The system integrates 
multiple modules seamlessly to process images, evaluate 
their relationships, and return results, making it suitable for 
applications requiring module design diagram illustrates a 
precise image analysis and comparisons. The system 
combining convolutional neural a 9 ResNet50 model for 
feature networks (CNNs) and extraction, image indexing, and 
similarity comparison. The begins with the feature extraction 
process module, where CNNs and ResNet50 analyze input 
images to identify key features. These features are indexed 
and stored in a database, allowing efficient retrieval for 
comparisons. The similarity comparison module calculates 
similarity scores between images using predefined metrics. 
The given image represents a use case diagram that 
illustrates the module design and it caters on working well on 
the accuracy and part of the application. 

4. IMPLEMENTATION 

4.1 Visual Feature Extraction Module 

The extract_visual_features method is a critical component 
for processing images in tasks such as similarity search or 
image classification. It begins by loading the input image from 
the specified path and resizing it to 224x224 pixels, the 
standard input size for ResNet-101. This resizing ensures 
compatibility with the model's architecture while preserving 
essential visual details. then converted into the image is a 
numerical array and normalized using the preprocess_input 
function, which adjusts pixel values to align with the data 
distribution the model was trained on. The process begins by 
loading the image from the specified path and resizing it to 
224x224 pixels, which is the required input size for ResNet-
101. The image is then converted into a numerical array 
using the img_to_array function. To ensure compatibility with 
the pre-trained model, the image data undergoes 
preprocessing using the preprocess_input function, which 
normalizes pixel values. Next, the image array is expanded to 
a 4D tensor, adding a batch dimension, as deep learning 
models require input in batches. The processed image is then 
fed into the pre-trained ResNet-101 model, which extracts 
deep feature representations from different layers. These 
features capture essential patterns and structures, enabling 
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efficient image classification, retrieval, and recognition tasks. 
The function returns the extracted feature vector, which can 
be further used in machine learning applications. 

4.2 Text Recognition Module 

The Text Recognition Module is an essential component 
designed to extract meaningful textual content embedded 
within images. It leverages Tesseract OCR, a powerful open-
source Optical Character Recognition technology, to analyze 
and convert the text present in image files into machine-
readable formats. This functionality is particularly useful for 
bridging the gap between image-based data and text-based 
processing, enabling a wide range of applications such as 
document digitization, automated data entry, and similarity 
analysis. The module processes images by first opening the 
file and applying Tesseract OCR to identify and extract any 
recognizable text. The extracted text is then validated to 
ensure it is non-empty and meaningful, allowing the system 
to filter out cases where images contain no textual data or 
irrelevant information. By doing so, the module ensures that 
only accurate and valuable text is passed to downstream 
processes, improving the overall reliability and performance 
of the system. The following image that identifies the 
interaction 4 is a use case diagram between the User and 
System, in which the system contains three major 
functionalities: input Image, Perform Feature Extraction, and 
initiated function can be how they retrieve images from the 
database. 

4.3 Text Vectorization Module 

The Text Vectorization Module utilizes 6 TF-IDF (Term 
Frequency-Inverse Frequency) to convert extracted textual 
content into numerical vectors. TF-IDF is a widely adopted 
technique in 19 natural language processing for Document 
representing text in a way that captures the relative 
importance of terms within a document and across a corpus. 
It achieves this by assigning a weight to each term based on 
its frequency in a document (Term Frequency) and its inverse 
frequency in the entire corpus (Inverse Document 
Frequency). Words that appear frequently in a document but 
are rare across the corpus are assigned higher weights, which 
enhances their significance. This transformation enables 
effective computational comparison of text, allowing for the 
quantification of textual similarity through mathematical 
operations. The resulting vectors serve as a foundation for 
comparing the textual data extracted from images or 
documents, facilitating tasks such as document classification, 
content matching, and similarity analysis. The given function, 
extract_visual_features, is designed to extract visual features 
from an image using the ResNet-101 deep learning model. 
The process begins by loading the image from the specified 
path and resizing it to 224x224 pixels, which is the required 
input size for ResNet-101. The image is then converted into a 
numerical array using the img_to_array function. To ensure 

compatibility with the pre-trained model, the image data 
undergoes preprocessing using the preprocess_input 
function, which normalizes pixel values. Next, the image array 
is expanded to a 4D tensor, adding a batch dimension, as deep 
learning models require input in batches. The processed 
image is then fed into the pre-trained ResNet-101 model, 
which extracts deep feature representations from different 
layers. These features capture essential patterns and 
structures, enabling efficient image classification, retrieval, 
and recognition tasks. The function returns the extracted 
feature vector, which can be further used in machine learning 
applications. 

4.4 Similarity Comparison Module 

The Similarity Comparison Module integrates both visual and 
textual similarity measures to provide a comprehensive 
comparison of two images or documents. It combines the 
power of Cosine Similarity to evaluate the likeness between 
visual features and textual data. In this approach, the visual 
similarity is computed by extracting features from the 
images, such as deep learning models using like 
Convolutional Neural Networks (CNN), and then comparing 
these features using Cosine Similarity. Simultaneously, the 
textual similarity is calculated by applying TF-IDF (Term 
Frequency-Inverse Document 32 Frequency) to the textual 
content extracted from the images. Both textual and visual 
similarities are quantified using Cosine Similarity, which 
calculates the cosine of the angle between the respective 
vectors. This results in a numerical measure of similarity that 
accounts for both the content and the textual descriptions of 
the image. The given function, compute_text_similarity, 
calculates using TF-IDF (Term Frequency-Inverse similarity 
between two textual inputs Document Frequency) 
vectorization and First, the TF-IDF vectorizer cosine 
similarity. is trained on the provided text inputs, converting 
them into numerical representations based on the 
importance of words. Each text is then transformed into a TF-
IDF vector, which captures the significance of terms while 
reducing the impact of commonly used words. The resulting 
vectors are converted into arrays to facilitate mathematical 
operations. To measure the similarity between the two text 
vectors, the function applies cosine similarity, a widely used 
metric in natural language processing (NLP). Cosine 
similarity calculates the cosine of the angle between two 
vectors. This value ranges from 0 to 1, where 1 indicates 
perfect similarity and 0 indicates no similarity at all. By 
comparing the angle between the vectors, cosine similarity 
effectively measures how similar the two text inputs are in 
terms of their content, irrespective of the text length. 
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5. RESULTS AND SNAPSHOTS 
 

 
  

Fig -3: Code for extracting features 
 
This project recognition. 14 is focused on image similarity 
detection, utilizing It employs a ResNet-101 16 deep learning 
techniques and text model for extracting visual features from 
images and the TfidfVectorizer for text feature extraction. 
The code leverages TensorFlow, NumPy, and Scikit- learn for 
image processing and similarity computation. Additionally, 
Tesseract extract text from 46 images, making 68 it useful 
for applications involving OCR is used to both visual and 
textual data. The implementation involves loading images, 
preprocessing them, and predicting features using ResNet-
101. The extracted features are then compared using cosine 
similarity to identify visually similar images effectively. The 
project integrates multiple AI-driven techniques to enhance 
accuracy in finding similar images. It uses OpenCV and PIL 
for image handling, ensuring efficient preprocessing before 
feature extraction. The TfidfVectorizer helps analyze text 
data within images, making it suitable for OCR-based 
similarity detection. 

 

 
  

Fig -4: Extracting image details 
 
Visual Studio Code, a popular code editor, showing error 
messages related to text extraction from images. The 
interface has a dark theme with light text. The left sidebar 
shows a file explorer with various files and folders, while the 

main panel displays multiple error messages in white and 
gray text. The errors consistently indicate failed attempts to 
extract text from JPG files, with messages stating "No text 
found in the image." The bottom of the screen shows the 
Windows taskbar with various system icons. The overall 
layout suggests someone is working on an image processing 
or OCR (Optical Character Recognition) project. The 
interface features the characteristic dark theme that many 
developers prefer, with a clear hierarchy shown in the left 
sidebar containing project files and folders. The main panel 
is dominated by repeated error messages in white and gray 
text, all relating to failed attempts at text extraction from JPG 
images. Each error line specifically mentions "No text found 
in the image" and references various file paths. The 
consistent repetition of these errors suggests a systematic 
issue with either the OCR (Optical Character Recognition) 
implementation or the images being processed. At the 
bottom of the screen, the Windows taskbar is visible with 
standard system icons, while the top of the IDE shows 
various menu options. 

 

 
  

Fig -5: Finding the similar image 
 
The above picture displays Visual Studio Code, a developer's 
IDE, featuring a compelling display of four tiger portraits 
arranged horizontally, each labeled sequentially from Image 
1 to Image 4. The interface maintains VS Code's 
characteristic dark theme, with the project file structure 
visible in the left sidebar showing folders and files related to 
what appears to be a final year project. The tiger 
photographs are particularly striking, each capturing these 
magnificent big cats in different poses and expressions. 
Image 1 shows a tiger with vibrant orange fur and sharp 
black stripes, its gaze direct and intense. Image 2 presents a 
slightly more mature-looking tiger with a grayer tone to its 
fur, photographed in what appears to be natural lighting. 
Image 3 captures a tiger with rich, warm russet tones in its 
coat, while Image 4 shows a tiger with a slightly opened 
mouth, revealing a hint of its powerful teeth. Below the 
image display, there are code sections labeled 
"similar_images", suggesting this might be part of an image 
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processing or comparison project. The window title bar 
contains various menu options and tabs typical of VS Code, 
while the Windows taskbar remains visible at the bottom of 
the screen with standard system icons. 
 

 
        

Fig -6: Home page 
 
This image shows a clean and minimalist user interface for 
an application titled "Document Similarity Finder" with a 
subtitle "Quick Visual Search" at the top of the window. The 
interface features a light blue background that creates a 
calming, professional appearance. The main window is 
organized in a vertical layout with three primary elements 
centered on the screen. At the top, there's a "Select Image" 
button with text above it indicating "Select the first image:" 
Following this, there's a space with the text "Selected Image 
will appear here," suggesting this is where the chosen image 
will be displayed once uploaded. Below this, the interface 
presents options for the second part of the functionality: a 
section prompting users to "Select the folder to search for 
similar images:" This is accompanied by two buttons - a 
"Select Folder" button and a "Find Similar Images" button 
positioned at the bottom. The interface design follows a 
straightforward, user-friendly approach with clear 
instructions and a logical flow from top to bottom. The 
window appears to be a Windows application, as evidenced 
by the characteristic window frame and 
minimize/maximize/close buttons in the top-right corner. 

 

 
     Fig -7: Selecting Image 

This image shows a file selection dialog box overlaid on the 
"Document Similarity Finder" application's main interface. 
The file dialog appears to be in a dark theme, contrasting 
with the light blue background of the main application. The 
file dialog window displays multiple image files, each 
represented by identical blue and white file icons arranged 
in a grid layout. The files appear to be located in a "final year 
project > test" directory, as indicated in the navigation path 
at the top of the dialog. The left sidebar shows typical 
Windows folder navigation structure including Desktop, 
Downloads, Documents, and Pictures folders. The file names 
visible in the dialog follow a consistent naming pattern, 
suggesting they might be part of a test dataset or processed 
images. Each file appears to have a ".jpg" extension, 
indicating they are image files. At the bottom of the dialog 
box, there's a file name input field and standard "Open" and 
"Cancel" buttons. Behind the file dialog, the main 
application's "Quick Visual Search" interface is still partially 
visible with its characteristic light blue background. The 
implementation appears to be running on a Windows 
operating system, as evidenced by the window styling and 
folder structure. 

 

 
   

Fig -8: Inserting Image 

 
This image shows the "Document Similarity Finder" 
application in action, displaying its main interface with 
"Quick Visual Search" at the top. The application now shows 
an active state where both an image and a folder have been 
selected for processing. The central area of the interface 
displays a selected image of a black and white dairy cow 
standing in what appears to be a field or farmland setting. 
Above the image, the text "Image Selected" appears in a gray 
button, indicating successful image upload. Similarly, below 
the image, there's a "Folder Selected" button, confirming that 
a target directory for searching similar images has been 
chosen. At the bottom of the interface, there's a "Find Similar 
Images" button, and beneath it, the word "Processing" 
appears in orange text, suggesting that the application is 
currently executing its image similarity analysis. The overall 
layout maintains its clean, minimalist design with a soothing 
light blue background. The window retains its Windows 
application styling with the standard minimize, maximize, 
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and close buttons in the top-right corner. The interface 
effectively communicates the current state of the process 
through both visual elements and text indicators. 
 

 
   

Fig -9: Similar Image 
 
This screenshot shows the "Document Similarity Finder" 
application after completing its image analysis process. The 
original black and white dairy cow image remains displayed 
at the top of the interface, labelled as "Image Selected," with 
"Folder Selected" and "Find Similar Images" buttons below it 
.The key feature now visible is the results section at the 
bottom of the window, which displays a collection of similar 
cattle images arranged in two rows. Each image shows 
different cows in various farm settings and poses. Some of 
the images contain black and white cows similar to the query 
image, while others show cattle of different colours and 
breeds, including brown and spotted varieties. The images 
appear to be captured in different outdoor environments like 
pastures and fields. The similarity matching appears to focus 
on identifying images containing cattle, regardless of their 
specific colouring or positioning. Each result image seems to 
be of similar size and is clearly displayed against the 
application's light blue background. This visual arrangement 
makes it easy for users to compare the results with the 
original query image. The overall interface maintains its 
clean, organized layout while effectively presenting the 
search results in a grid format that's easy to scan and 
evaluate. 
 

3. CONCLUSIONS 
 
 The "Image Finder - Quick Visual Search" project 
demonstrates a transformative approach to image 
recognition and retrieval, offering a blend of advanced deep 
learning techniques and user-centric design. By addressing 
the limitations of existing systems, it provides an efficient, 
scalable, and accurate solution tailored to the needs of 
various industries. The integration of innovative features 
such as automated feature extraction, real-time 
performance, and intuitive interfaces ensures that the 
system remains adaptable and impactful in real-world 
applications. 

Future enhancements will further augment its capabilities, 
expanding its usability across domains and leveraging 
cutting-edge advancements in artificial intelligence. The 
system’s potential for integration with augmented reality 
and multi-modal search opens avenues for broader adoption 
in fields such as education, retail, and healthcare. 
Additionally, the focus on sustainability and energy-efficient 
AI highlights the project’s commitment to aligning with 
modern technological and environmental goals. 
 
This project not only serves as a powerful tool for visual 
search but also sets the foundation for future innovations in 
computer vision and deep learning technologies. It reaffirms 
the potential of AI-driven solutions to streamline workflows, 
enhance user experiences, and unlock new possibilities for 
industries reliant on visual data. The "Image Finder" system 
is poised to evolve into a cornerstone of modern image 
retrieval and analysis, continuing to make significant 
contributions to the fields of artificial intelligence and 
computer vision. 
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