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Abstract: The transformer is a type of neural network that was first used in the field of natural language processing. It is based on the self-

attention mechanism. The transformer is really good at representing things so researchers are trying to use it for computer vision tasks. 

In visual benchmarks models that use the transformer do as well as or better than other types of networks like convolutional and recurrent 

neural networks. The transformer does well and does not need special vision rules so it is getting a lot of attention from the computer vision 

community. We look at the transformer models for vision in this paper. We put them into categories like the backbone network, high and mid 

level vision, low level vision and video processing. We also look at ways to make the transformer more efficient so it can be used on devices.We 

take a look at the self-attention mechanism, in computer vision because it is a big part of the transformer. At the end of this paper we talk about 

the challenges. Give some ideas for where to go next with vision transformers. The transformer is a deal and people are still figuring out how to 

use it for computer vision. The transformer is going to keep getting better and better. 

 

IndexTerms - Vision Transformer, Visual Recognition, Deep Learning, Image Classification, Object Detection. 

 

I. INTRODUCTION 

            Deep neural networks are the structure in todays artificial intelligence systems. Artificial intelligence systems like these 

need types of networks for different tasks. For example the multi-layer perceptron is a type of network. Neural networks like this 

are made up of layers and nonlinear activations stacked together. Convolutional neural networks are used for processing images. 

These convolutional neural networks use layers. Pooling layers. Recurrent neural networks are used for processing data or time 

series data.The Transformer is a type of network. The Transformer uses the self-attention mechanism to extract features. The 

Transformer has potential for use in intelligence applications. The Transformer was first used for natural language processing tasks. 

The Transformer achieved improvements. 

           The Transformer was first used for machine translation and English constituency parsing tasks. Then a new language 

representation model called BERT was introduced. BERT pre-trains a Transformer on text. The BERT system considers the context 

of each word. The BERT system achieved performance on natural language processing tasks. A big model called GPT-3 was trained 

on a lot of text data. The GPT-3 model performed well on natural language tasks without needing any training. 

          The BERT system and the GPT-3 model are examples of Transformer-based models that have achieved successes in natural 

language processing. People were inspired by how the Transformer models worked for natural language processing so they tried 

using the Transformer models for computer vision tasks. 

           In computer vision convolutional neural networks are considered the component. Now the Transformer is showing that it is 

an alternative to convolutional neural networks. A sequence Transformer was trained to predict pixels. It achieved results to 

convolutional neural networks on image classification tasks. Another vision Transformer model is ViT. ViT applies a Transformer 

directly to sequences of image patches to classify the image. ViT has achieved state-of-the-art performance on image recognition 

benchmarks. 

          The Transformer has been used to address vision problems. These include object detection, semantic segmentation, image 

processing and video understanding. Due to its performance many researchers are proposing Transformer-based models for 

improving visual tasks. 

           Because of the increase in the number of Transformer-based vision models it is becoming difficult to keep up with the 

progress. A survey of the existing works would be beneficial for the community. In this paper we provide an overview of the 

advances in vision Transformers. We discuss the directions for improvement. 

           We categorize the Transformer models by their application scenarios. The main categories include backbone network, high-

level vision, mid-level vision, low-level vision and video processing. High-level vision deals with the interpretation and use of 

whats seen in the image. Mid-level vision deals with how this informations organized into objects and surfaces. We treat high-level 

vision and mid-level vision as a category. A few examples of Transformer models that address these tasks include DETR for object 

detection and Max-Deep Lab for segmentation. 
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            Low-level image processing deals with extracting descriptions from images. Typical applications of low-level image 

processing include super-resolution, image denoising and style transfer. Video processing is a part of computer vision. The 

Transformer is well suited for use on video tasks. It is beginning to perform on par with networks and recurrent neural networks. 

          We survey the works associated with Transformer-based models to track the progress in this field. The development timeline 

of the vision Transformer will undoubtedly have milestones in the future. The rest of the paper is organized as follows. We discuss 

the formulation of the standard Transformer and the self-attention mechanism. Then we summarize the vision Transformer models 

on backbone high-level vision, mid-level vision, low-level vision and video tasks. 

 

    We also describe Transformer methods. In the section we give our conclusion. Discuss several research directions and 

challenges. Due to the page limit we describe the methods of the Transformer in natural language processing in the material. We 

also review the self-attention mechanism for computer vision in the material. In this survey we mainly include the works since there 

are preprinted works, on arXiv. 

 

II. LITERATURE SURVEY 

 

A. The Perceptron, a machine that can see and recognize things Project Para 

Point cloud based place recognition is very important for robotics. In this paper we talk about a way to do point cloud place 

recognition. We use a method called aggregation. This method uses information about the structure of things to help recognize 

places. First we combine two types of features: learned features and handcrafted features. Then we use these combined features 

to extract and aggregate features. We do this by looking at how dense things are where they are in space. We call this the 

Weighted Aggregation with Density Estimation module. We use this module times to group things together. Finally we test 

our method on two datasets: Oxford Robotcar and KITTI. Our method is better than methods by 7% to 8% on average. 

B. The principles of neurodynamics, perceptrons and the theory of brain mechanisms are topics. 

Part I of this study is about the background and basics of perceptrons. In Chapter 2 we look at ways to make brain models. 

Chapter 3 is about what makes a model of the brain. Chapter 4 has definitions and notation that we use later. Part II is three-

layer series-coupled perceptrons. Part III is about -layer and cross-coupled perceptrons. Part IV is more speculative models and 

problems that we need to study more. 

C. Gradient-based learning is a way to recognize documents. 

Multilayer neural networks that use back-propagation are an example of this. Given the network architecture gradient-based 

learning can classify high-dimensional patterns like handwritten characters.This paper looks at methods for recognizing 

handwritten characters. We compare them on a task of recognizing handwritten digits. Convolutional neural networks are good 

at dealing with the variability of 2D shapes.Real-life document recognition systems have modules, including field extraction 

and language modeling. A new way of learning called graph transformer networks allows these systems to be trained globally 

using gradient-based methods. 

D. ImageNet classification with convolutional neural networks is a challenging task.  

We trained a deep convolutional neural network to classify 1.2 million high-resolution images into 1000 different classes. Our 

network has 60 million parameters and 650,000 neurons.We used -saturating neurons and a fast GPU implementation to make 

training faster. We also used a regularization method called dropout to prevent overfitting. Our network achieved top-1. Top-

5 error rates of 37.5% and 17.0% on the test data. This is better than the state-of-the-art. 

E. Neural machine translation is a way to do machine translation. 

Unlike statistical machine translation neural machine   translation uses a single neural network that can be tuned to 
maximize translation performance.The models we propose use an encoder-decoder architecture. The encoder encodes 
a source sentence into a fixed-length vector. The decoder generates a translation from this vector.We think that using a 
fixed-length vector is a limitation so we propose an approach that allows the model to automatically search for parts of 
the source sentence that are relevant to predicting a target word. 

 

F. A decomposable attention model is a neural architecture for natural language inference. 

We have come up with a neural architecture for natural language inference. This natural language inference approach 
uses attention to break down the problem into problems that can be solved one, by one which makes it very easy to 
work on these smaller problems at the same time. When we used this on the Stanford Natural Language Inference 
dataset we got the results so far with a lot fewer parameters than other people had used before and we did not need to 
know the order of the words. Natural language inference is what we are trying to improve. We also tried adding attention 
within sentences that considers a bit of word order and this made our natural language inference results even better. 
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G. BERT: Pre-training of bidirectional transformers for language understanding 

Bert is a way to help computers understand language. It is called BERT, which means Bidirectional Encoder Representations 

from Transformers. This BERT thing is different from language models. BERT looks at both the words that come before and 

after a word to understand what it means. We can use BERT to make models that are really good at things like answering 

questions and understanding language. We do not have to change a lot to make these models. BERT is an idea but it works 

really well. BERT is really good at a lot of language tasks. It got the results ever on eleven tasks. For example it got 80.5 

percent on the GLUE test, which's 7.7 percent better than before. It also got 86.7 percent on the MultiNLI test, which's 4.6 

percent better. BERT is also good at answering questions. It got 93.2 percent on the SQuAD v1.1 test and 83.1 percent on the 

SQuAD v2.0 test. BERT is really good at understanding language. The BERT model can be used to make a lot of models that 

are good, at language tasks. 

 

III. SYSTEM ARCHITECTURE 

 
 

Fig:1 System Architecture of Vision Transformer (ViT) 

 

                 The picture shows how a Vision Transformer (ViT) model works for recognizing things in images. First the image is broken 

down into pieces called patches. These patches are then made flat. Sent through a special layer that turns them into a list of patch 

embeddings. The Vision Transformer (ViT) model also adds some information to these embeddings so it can remember where each 

patch is in the image. It adds a token that represents the whole image too. 

             These embeddings are then sent to a part of the Vision Transformer (ViT) model called the Transformer Encoder. This encoder 

has layers stacked on top of each other. Each layer looks at how all the patchesre related to each other which helps the Vision 

Transformer (ViT) model understand the image better. After that it uses some steps to make sure it learns from the patches. The Vision 

Transformer (ViT) model keeps looking at the patches over to learn more about the image. 

            Finally the Vision Transformer (ViT) model uses the information it learned to figure out what is in the image, like a bird or a 

car. It does this by using a part called the MLP head. This architecture is special because it uses a way of looking at the image instead 

of the usual way that convolutional operations work. The Vision Transformer (ViT) model looks at the image and how all the parts are 

related, which helps it recognize things more accurately. 

IV. METHODOLOGY 

TABLE I: Summary of Methodology Components and Functional Description 

No. Module Functional Description 

1 Model Loading Module Loads Vision Transformer (ViT) and YOLO models for image classification and detection 

2 Image Upload Module Allows the user to upload an input image for processing 

3 Image Classification using VIT Classifies the uploaded image into categories using Vision Transformer 

4 Object Detection using YOLO Detects and identifies objects present in the image using YOLO 

5 Accuracy Calculation Module Calculates model accuracy based on prediction results 

6 Comparison Graph Module Displays a graph comparing model performance 

7 User Interface Module Provides interface for user interaction and system control 

8 Result Display Module Displays classification and detection results to the user 

 
              Table 1 describes our proposed Vision Transformer system. This system has parts, for classifying images and 
detecting objects. It begins with two modules: one loads the model and the other uploads images. Then it uses VIT to classify 
images and YOLO to detect objects.The system also has a module that calculates how accurate it is and another module 
that shows the results in a graph. The User Interface helps users interact with the system. The Result Display Module then 
clearly shows what the system found. 
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A. Model Loading Module  

                 The Vision Transformer-based image classification and object detection system starts by loading the machine learning 

models that it needs. The Vision Transformer model and the YOLO model are loaded into the computers memory. These models 

have already been trained on a lot of data so they know a lot about objects and what images look like. 

              The Vision Transformer model is mainly used to classify images in detail. The YOLO model is used to find objects. When 

the models are loaded some important settings are also set up like the size of the images and what the models are looking for. This 

step is very important because if the models are not loaded correctly the Vision Transformer-based image classification and object 

detection system cannot do its job. 

B.  Image Upload Module  

               In this part the user gives the Vision Transformer-based image classification and object detection system an image to work 

with. The user can choose an image from their computer. Upload it to the Vision Transformer-based image classification and object 

detection system. The image is then shown on the screen. 

              This step makes sure that the user can see the image before the Vision Transformer-based image classification and object 

detection system starts working on it. The image is also made to fit the needs of the Vision Transformer model and the YOLO 

model. This is important so that the Vision Transformer-based image classification and object detection system can do a job. 

C. Image Classification using VIT  

       After the image is uploaded it is sent to the Vision Transformer model to be classified. The Vision Transformer model looks at 

the image in parts and uses a special way of paying attention to understand what is in the image. 

     The Vision Transformer model is very good at classifying images in detail. For example it can say that an object is not a dog but 

a Labrador or a German Shepherd. The Vision Transformer model looks at the image makes a guess and figures out how sure it is. 

     The Vision Transformer-based image classification and object detection system then calculates how accurate the guess is. The 

result is shown on the image with the name of what the Vision Transformer model thinks it is. This part of the Vision Transformer-

based image classification and object detection system is very important because it helps us understand what is in the image.  

D. Object Detection using YOLO  

       This part of the Vision Transformer-based image classification and object detection system uses the YOLO model to find 

objects in the image. The YOLO model is very fast. Can look at the whole image at once. 

 

        The YOLO model finds objects in the image. Draws boxes around them. Each box has the name of what the YOLO model 

thinks the object is and how sure it is. For example if there is a dog and a car in the image the YOLO model will find both. Highlight 

them. 

          The YOLO model is very good at finding objects. It does not classify them in detail like the Vision Transformer model. This 

makes it very useful for finding objects in time. The results are shown in a way that's easy to understand. 

 

E.  Accuracy Calculation Module  

          After the Vision Transformer model and the YOLO model are done the Vision Transformer-based image classification and 

object detection system calculates how well they did. In this part the accuracy of both models is calculated. 

       For the Vision Transformer model accuracy is calculated by looking at how sure it was. For the YOLO model accuracy is 

calculated by looking at how it found objects. These numbers are then averaged to get a score. 

       This part is important because it helps us compare how well the Vision Transformer model and the YOLO model did. By 

looking at the accuracy users can see which model is better in situations. 

F. Result Display Module 

     The final part of the Vision Transformer-based image classification and object detection system shows the user the results. It 

displays the image with what the Vision Transformer model thinks it is and what objects the YOLO model found. 

     The result is shown in a way that's easy to understand. This part is very important because it helps the user see what the Vision 

Transformer-based image classification and object detection system did. 

V. EXPERIMENTAL RESULTS AND EVALUATION 

A. Dataset Description 

          We worked with a set of images that had labels on them to do some experiments with classification and object detection. 

The Vision Transformer model uses a set of images called ImageNet that has more than 1 million pictures in 1000 different 

groups. The YOLO model was trained on the COCO set which has 80 kinds of things like animals and cars and things we see 

every day. 

          The images we used to test our work had lots of real life pictures like dogs and cats and other things. We used these 

pictures to see how well both models worked. Since we used sets of images that were already prepared we did not have to make 

sure the images were balanced. The models were already good at handling different kinds of images.  
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B. Experimental Setup 

           The images used in this project are given to the system by the user when it is running and these images are worked on 

using two models: the Vision Transformer model and the YOLO model.First the images need to be prepared before they can 

be used. This means they have to be made smaller to 384 by 384 pixels for the Vision Transformer model and they have to be 

changed into the format. 

            The YOLO model on the hand uses OpenCV to work on the images directly. The system does things in an order. It 

loads the Vision Transformer and YOLO models that have already been trained. Then it uploads the image that the user wants 

to use. The Vision Transformer model is used to figure out what is in the image. The YOLO model is used to find objects in 

the image. The system then calculates how well both models are doing. 

           Finally it shows a graph that compares how well the Vision Transformer model and the YOLO model are doing. We 

tried out the system on a computer, with an Intel i3 processor 4GB of memory and a Windows operating system. We did not 

use any graphics card and the system still worked well. This shows that the system can work properly on computers that are 

not very powerful and it does not need any special hardware. The Vision Transformer model and the YOLO model are used 

together in the system to make sure it works well. 

 

C. System Interface 

 

 
 

 

Figure 2. Screenshot of Vision Transformer system.  It shows what the main screen looks like. The Vision Transformer 

system has a lot of options. These options are Load Vision Transformer Model, Upload Image Classify Image using 

Vision Transformer Classify Image using YOLO and Comparison Graph. The Vision Transformer system also has some 

features that are highlighted. 

 

        Figure 2 is the screen of the Vision Transformer application. This screen has a lot of options. You can Load Vision 

Transformer Model. You can Upload Image. The Vision Transformer application also lets you Classify Image using VIT 

and Classify Image using YOLO. There is a Comparison Graph option.. If you are done you can Exit.  

          The screen also shows a diagram of the Vision Transformer model. This helps people understand how the Vision 

Transformer model works with images. The Vision Transformer application is easy to use. People can use the Vision 

Transformer application to classify images and detect objects easily. The Vision Transformer application is very user-

friendly. 

 
 

Figure 2. This is a picture of the Vision Transformer system. It shows how to load a model upload an image and use 

Vision Transformer and YOLO for classification. You can also see options, for comparison graphs. 

 

           We are testing a system that uses deep learning models to look at pictures and find things in them. This system takes 

pictures from the user. Looks at them using two models: the Vision Transformer and the YOLO model. The system has an 

interface where users can load models upload pictures look at what is in the pictures using Vision Transformer find things 

in the pictures using YOLO and look at comparison graphs. 
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            The Vision Transformer model is used to say what is in the picture by looking at what the picture's about while the 

YOLO model is used to find things in the picture and draw boxes around them. The system also shows how things it can 

find in the picture and shows what kinds of things the model can look for. The interface has all the options you need to do 

these things 

            The system works on a computer without a graphics card, which shows that it can work well on computers that are 

not very powerful. The results show that the Vision Transformer is very good at saying what is in the picture while YOLO 

is very good at finding things in the picture accurately. This shows that using both models makes the system work better. 

             In brief this project is about a system that can look at pictures and find things in them using computer techniques. 

It uses Vision Transformer to say what is in the picture and YOLO to find things in the picture. The system is easy to use 

and gives answers, which makes it useful for real things like looking at pictures and making smart machines. 

            The system uses Vision Transformer and YOLO models to make it work. Vision Transformer and YOLO models 

are very important for the system. The system is, about using Vision Transformer and YOLO models to look at pictures. 

 

 

Figure 3. This is a graph that compares how accurate the VIT model and the YOLO model are. It also shows the picture 

that was used as input, for the VIT model and the YOLO model. 

         We are trying out a system that sees how well two deep learning models work: the Vision Transformer and 

the YOLO model. This system takes a picture. Uses both models to look at it. The Vision Transformer says what 

is in the picture and the YOLO model finds the things in the picture. 

         The results we get include a bar graph that compares how well both models do their job. The graph shows 

that YOLO is better at finding things than the Vision Transformer. The Vision Transformer is better at saying 

exactly what the things are. We also get to see the picture that the system is looking at. 

        This comparison graph helps us understand how both models work on the picture. It shows us what each 

model is good at: YOLO is good at finding things and the Vision Transformer is good at saying what the things 

are. 

        So this system looks at two models. Compares them using a graph, which makes it easier to see how well they 

work and what they are good at when it comes to looking at pictures and finding things in them. The Vision 

Transformer and the YOLO model are both useful, in ways. 

 

VI. FUTURE SCOPE AND CONCLUSION 

           The Vision Transformer has shown a lot of potential in computer vision tasks. However there are areas where the Vision 

Transformer can be improved. One important area to focus on is making the Vision Transformer more efficient. The Vision 

Transformer requires a lot of power and large datasets to work properly. 

            Future research can focus on creating an more optimized Vision Transformer that can run smoothly on devices like 

mobile phones and embedded systems. 

            Another area for improvement is combining the Vision Transformer with Convolutional Neural Networks. This 

combination can help improve feature extraction and reduce the amount of computations needed. The system can also be 

improved to support real-time video processing and tracking objects at the same time. This will make the Vision Transformer 

more suitable for applications like surveillance and autonomous systems. 

           More research is needed to improve the accuracy of the Vision Transformer. This can be done by tuning the model using 

transfer learning and using larger and more diverse datasets. Adding modalities like text and audio can also improve the 

performance of the system in complex real-world applications. The future of the Vision Transformer is promising and ongoing 

advancements will make it more practical and efficient for a wide range of applications. 

           In this paper we talked about the Vision Transformer and its application in image classification along with YOLO for 

object detection. Our study shows that the Vision Transformer is an alternative to traditional convolutional neural networks in 

computer vision tasks. The Vision Transformer can classify images into categories and YOLO can detect objects quickly and 

accurately. 
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          Our experimental results show that both models work efficiently and complement each other. YOLO is better at detecting 

objects while the Vision Transformer is better at classifying objects into grained categories. The comparison graph clearly 

shows the strengths and weaknesses of both approaches. The system is designed to be user-friendly. Can work smoothly even 

on devices with limited resources without needing a GPU. 

          Overall our proposed system shows that combining the Vision Transformer and YOLO improves performance and 

provides results for real-world applications. This work highlights the growing importance of transformer-based models in 

computer vision. Opens up new possibilities for future research and development, in intelligent image processing systems.   
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