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Abstract: In most physical retail settings, customers rely mainly on product labels or search on their phones to understand 
product details, which can interrupt the overall shopping flow. This project explores a simple approach to improving that 
experience by combining computer vision, augmented reality, and a basic conversational system. A lightweight YOLOv8 model is 
used to recognize selected retail products through a mobile camera. When a product is identified, key information such as price, 
features, and ingredients is shown directly on the screen as an overlay. The system also includes a small question–answer 
feature where users can ask about the detected product and receive responses from a locally running language model. 
Everything is designed to run in a browser, so there is no need for installation. To make the system feel complete, a basic cart 
and payment simulation is also included. During testing, the model was able to detect the selected products with good consistency 
and respond within a short time under normal conditions. While the system is limited to a small set of products, it shows how 
combining these technologies can make everyday shopping a bit more interactive and easier to navigate. 
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I.   INTRODUCTION 

These days, technology is improving a lot, especially in online shopping. When we shop online, it is very easy to see product 
details, compare items, and understand what we are buying. But when we go to a physical store, things are still mostly the same. We 
pick a product, read the label, and try to understand it. If something is not clear, we either ignore it or search on our phone. 
Because of this, there is a difference between online and offline shopping. In stores, we can see the product directly, which is good, 
but we don’t get extra information. Sometimes it takes time to understand a product, especially if it is new or if there are many 
similar items. 
In many shops, the extra information is given through things like QR codes, stickers, or printed offer boards. But these need to be 
updated regularly. Whenever the offers change or when the paper gets damaged, they need to be replaced again. This creates extra 
work and sometimes outdated information may still be there. 
So in this project, a simple idea is used to make shopping a bit easier. The system uses the camera to detect products and show some 
basic details on the screen itself. This way, the user doesn’t have to search separately. Along with that, a small question–answer 
option is added, where the user can ask something about the product and get a reply. 
The system architecture is simple. because It works in a web browser, we don't need to install anything. It combines product 
detection, a basic overlay display, and a simple response from llm. A small cart feature is also added just to show how the full 
shopping experience . 
This is not a fully developed product. It is mainly developed to show how these technologies can be used together in a simple way 
to improve the shopping experience. 
 

II.   RELATED WORK 
In this section, some existing ideas related to this project are discussed. This mainly includes augmented reality, object detection, 
and basic AI-based response systems, since these are the main parts used here. 
 
A. Augmented Reality 
Augmented reality has been used in different areas for some time now. In retail, it is slowly coming up, but still not very common in 
normal stores. Most people still follow the usual way of shopping, like picking a product and reading what is written on it. AR is 
mostly seen in some apps or larger brand systems, but not in everyday use. 
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Some research works mention that AR can improve user experience. For example, Javornik (2016) explained that AR can make 
shopping more interactive. Instead of just seeing the product, users can also get extra information in a better way. Poushneh and 
Vasquez-Parraga (2017) also mentioned that when users get more information easily, it helps them make decisions faster. Hilken et 
al. (2017) discussed that AR can connect online and offline shopping experiences to some extent. 
Even though these works show good results, in real shops AR is still not used much. One reason is that many systems need separate 
apps or setup. This makes it less practical for normal use. So there is still a need for something simple that can work without much 
setup. 
 
B. Object Detection Using Computer Vision 
Object detection is another important part of this project. It is used to identify products through the camera. In simple terms, the 
system checks an image and tries to say what object is present. 
There are different models for this, like YOLO, SSD, and Faster R-CNN. Some models are accurate but slow, and some are fast but 
not very accurate. For this type of system, speed matters more because it should work in near real time. 
YOLO, introduced by Redmon et al. (2016), is commonly used because it detects objects in a single step. This makes it faster 
compared to older methods. Because of this, it is used in many real-time applications. 
In retail, computer vision is already used in some systems like product tracking or automation. But most of those systems are not 
simple and need more setup. In this project, the idea is not to build something complex, but just to use detection in a basic way to 
recognize products and show details. 
 
C. AI-Based Response Systems 
AI-based response systems are also used in many places like websites and apps. These systems help users by answering questions. 
Earlier, they were very limited and worked only for fixed questions. If the input changed slightly, they would not give proper 
answers. 
Now, newer systems are better and can handle different types of questions. They are commonly used in online shopping for support 
and product queries. But in physical stores, this type of system is not widely used. 
In this project, the response system is kept very simple. It only answers questions related to the detected product. It is not designed 
as a full chatbot, just a small feature to help the user. 
So overall, these technologies already exist, but they are mostly used separately. This project is trying to combine them in a simple 
way so that they can be used together in a real-world shopping experience. 
 

III.   METHODOLOGY 
In this section, the working of the system is explained in a simple way.The system is built using a few main parts like product 
detection, display, and a simple response system. All these parts are connected so that the user can detect a product and see 
information directly. 
 
A. Dataset Description 
For this project, a small dataset was created using a few retail products. It mainly includes items like shampoo, biscuits, oats, and 
noodles. The images were taken from different angles and in different lighting conditions so that the model can learn how the 
products look in various situations. 
The dataset is not very large, but it was enough for this setup. Each image was manually labeled to mark the product clearly. This 
helps the model understand where the object is present. 
Some sample training images are shown in Fig. 1. These images show how the products were captured during the dataset 
preparation. 
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Fig. 1RetailTraining Images 

 
Some sample images from the dataset are shown in Fig. 2. These images include different views of the products and also some real 
store conditions where multiple items are present. Bounding boxes are used to mark the products clearly. This helps the model learn 
how the objects look in different situations. 
 
B. System Flow and User Interaction 
This system starts with the camera. When the system is opened in the browser, it accesses the mobile camera and keeps capturing 
the scene continuously. These frames are then sent to the backend at regular intervals. 
On the backend side, a YOLOv8n model is used for product detection. This model is trained using a small dataset containing a few 
selected retail products. When an image is received, the model checks it and tries to find if any known product is present. If a 
product is detected with enough confidence, the system takes that result and moves to the next step. 
After detection, the system needs to show some details about the product. For this, product information is stored in a simple JSON 
file. Each product has details like name, price, and some basic information. When a product is detected, it is matched with this data, 
and the corresponding details are retrieved. 
These details are then sent to the frontend. On the user side, the information is displayed directly on the screen as an overlay. A 
bounding box is also shown around the detected product so that the user can clearly see what is being identified. This gives a basic 
augmented view, even though it is not a full 3D AR system. 
Along with this, a small question–answer feature is included. When the user enters a query, it is sent to the backend. A locally 
running language model (LLaMA 3.1 through Ollama) is used to generate a response. The system is kept controlled so that it mainly 
answers questions related to the detected product. 
A simple cart feature is also added. When a product is detected, the user can add it to the cart. The cart keeps track of items, 
quantity, and total price. There is also a basic payment option, but it is only for demonstration and does not involve real transactions. 
All these parts work in a continuous loop. The camera captures images, detection happens, details are shown, and the user can 
interact at the same time. The system is designed to be simple so that it can run completely in a browser without requiring 
installation. 
Overall, the methodology is not very complex, but it shows how different components like detection, data handling, and user 
interaction can be combined into one working system. 
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The overall working of the system is shown in Fig. 2. 

 
Fig. 2 System Workflow 

 
The workflow in Fig. 1 shows how the system works step by step. First the camera opens and it keeps capturing images 
continuously. These images are then sent to the backend side after a small delay. 
In the backend, the model checks the image and tries to detect if any product is there. If a product is detected, then the system will 
take that result and search for the product details. 
Those details are already stored, so it just picks the correct one and sends it back. Then on the screen, the product is highlighted and 
some basic details like price are shown. 
After this, the user can do some actions. The user can ask about the product or add it to the cart. If a question is given, the system 
generates a reply based on that product. 
This process keeps running again and again while the camera is active. So it looks continuous from the user side. 
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IV.   RESULTS AND ANALYSIS 
After completing the implementation, the system was tested using the trained product classes. The main goal during testing was just 
to see if the system can detect the products properly and show the correct details on the screen. 
In most cases, the detection worked fine when the product was clearly visible in front of the camera. The system was able to identify 
the product and show basic information without much delay. The overall flow from detection to display was working as expected 
 
A. Detection Performance 
The detection speed was also checked during testing. When a product was shown to the camera, the system took a short time to 
process the image and display the result. It was not fully instant, but still fast enough for this setup. 
After training, the model was giving pretty good results for the dataset we used. The mAP50 was around 0.96, so most of the 
products were getting detected correctly. Precision came around 0.94, which means most of the detections were right. Recall was 
around 0.87, so in some cases the model missed a few products, but overall it was working fine. 
The precision–recall behaviour of the model is shown in Fig. 3. 

 
Fig. 3 Precision–Recall Curve 

 
During testing, products like shampoo, biscuits, oats, and noodles were detected without much issue. The system was able to handle 
different angles and positions of the products. 
In some cases, the detection was not that accurate. When the lighting was low or the image was slightly blurred, the model either 
gave wrong results or missed the product. It didn’t happen too often, but we did notice it during testing. 
 
The confusion matrix for the model is shown in Fig. 4. 

 
Fig. 4 Confusion Matrix 
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B. Model Comparison 
For comparison, different pretrained models like YOLOv8, SSD, and EfficientDet were tested on the same dataset. 
A comparison was also done using other models like SSD and EfficientDet to understand the performance difference. SSD was very 
fast during testing, but it was not able to detect products properly in many cases. EfficientDet was able to detect some products, but 
the results were not very consistent. 
Compared to these models, YOLO gave more stable results for this setup. Even though it was slightly slower than SSD, the 
detections were more reliable. Because of this, YOLO was considered more suitable for this system. 
 

The comparison between models is shown in Fig. 5. 

 
Fig. 5 Model Comparison 

 
Table 1 Comparison of Detection Models 

Model Speed Detection Reliability Overall 

YOLOv8 Slow High Good Best 

SSD Fast None Poor Worst 
EfficientDet Medium Medium High Average 

 
C. Training Performance 
The training performance of the model is shown in Fig. 6. 

 
Fig. 6 Training Performance 

 
From the training graphs, it can be seen that the loss decreases over time and the performance improves gradually. The model 
becomes more stable after a few epochs, and the metrics also show consistent improvement. 
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Overall, the system is working fine for this setup. The detection is reasonably accurate, and the full flow from detection to showing 
the information is working properly. There are some issues in certain conditions, but for this basic implementation, the results are 
fine. 
 

V.   CONCLUSION 
In this project, a simple system was developed to improve the in-store shopping experience using object detection and a basic 
augmented display. The system is able to detect selected retail products using a YOLOv8 model and show relevant details directly 
on the screen. and also a small feature is added where users can ask questions about the detected product and get a response. 
The system was tested with a small dataset, and the results were quite good for the selected products. The detection worked well in 
normal conditions, and the full flow from capturing the image to showing the information was smooth. A basic cart feature was also 
added to show how the system can be extended later. 
There are still a few limitations. For example, in low lighting or when the image is not clear, the detection sometimes doesn’t work 
properly. Also, right now the system supports only a limited number of products. 
Overall, this work shows that combining object detection with simple user interaction can make shopping a bit easier and more 
interactive. It is not a full commercial system, but it still gives a good idea of how these technologies can be used together in real-
world use. 
 

VI.   FUTURE ENHANCEMENT 
There are a few areas where this system can be improved. One of the main things is increasing the number of products in the 
dataset, so that it can handle more items. Right now, it supports only a limited set. 
Another area to improve is detection under different conditions. In some condition like low lighting or when the image is not very 
clear, the performance can reduce a bit. This can be improved by using more training data or by improving the model. 
The system can also be extended by adding a proper payment feature instead of the current demo version. This would make it more 
useful in a real-world setup. 
Along with this, the user interface can be improved to make it more easier to use. and Features like better product suggestions or 
recommendations can also be added. 
Overall, the system can be developed further into a more complete solution with some additional improvements. 
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