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Abstract : Object Detection using machine learning has achieved very good performance but there are many problems with
images in such as blur or rotating jitter, etc. The aim is to detect objects and real-time objects using You Only Look
Once(YOLO) and YOLOV3(YOLO version 3) approach. Object detection in YOLO is done as a regression problem and
provide the class probabilities of the detected images. The YOLO methodology has many benefits when compared to other
object detection strategies. The biggest advantage of using YOLO is its super speed — it is incredibly fast and can process
45 frames per second. YOLOV3 is a real-time object detection algorithm that identifies specific objects in videos, live feeds
or image. We have used this method for detecting various types of objects and created a web application that fetch objects
from files and also through web cam to detect using flask framework.

IndexTerms - Detection, YOLO, YOLOvV3, Deep learning, Convolution Neural Network, Bounding boxes.

I. INTRODUCTION

Object detection is a computer technique that allows us to identify and locate objects in an image or video. Specifically, object
detection draws bounding boxes around these detected objects, which allows us to locate where said objects are in. Object detection
algorithm is divided into traditional machine learning approaches where computer vision techniques are used to look at various
features of an image, such as the color, histogram or edges, to identify groups of pixels that may belong to an object. These features
are then fed into a regression model that predicts the location of the object along with its label. In this, our main objective is to
detect multiple objects from an image and objects in live streams. There are several different techniques for object detection, they
can be divided into two categories, first is the algorithms based on classifications. The second category is the algorithms based on
regressions. YOLO methods comes under second category.

The YOLO algorithm first separates an image into grid. Each grid cell predicts some number of boundary boxes around objects that
score highly with the aforementioned predefined classes. In simple words, we predict the classes and boundary boxes of the whole
image at a single run of the algorithm and then it is going to detect multiple image objects using a single neural network. The
YOLO algorithm is faster when compared to other algorithms. The main disadvantage of YOLO is low recall and more localization
error.

1. EXSISTINGSYSTEM

Object Detection and Classification using YOLOV3 paper written by Dr. S. V Viraktamath. The prior work is to detect objects
using deep learning techniques such as the Faster Regional Convolution Neural Network(F-RCNN), the You Only Look Once
(YOLO), the Single Shot Detector (SSD). To improve precision of object detection they have used YOLO method in this paper [1].
YOLO based Detection and Classification of Objects in video records paper written by Arka Prava Jana. In this paper, they have
generalized the error while detecting objects in video records and used YOLOvV2 to detect real-time objects and improve the
computation and processing speed [2].

You Only Look Once: Unified, Real-Time Object Detection, paper by Joseph Redmon. Their work is on detecting objects using
a regression algorithm. To get higher accuracy and predictions they have proposed YOLO model in this paper [3]. YOLO-LITE: A
Real-Time Object Detection Algorithm Optimized for Non-GPU Computers paper written by Rachel Huang. This paper mainly
focuses on YOLO-LITE, a real-time object detection model to run on portable devices such as a laptop or cellphone lacking a
Graphics Processing Unit (GPU) [4]. Object Detection in Shelf Images with YOLO by Ceren Gulra Melek. In this paper, their aim
to detect objects in shelf images which solves many problems such as monitoring the number of products on the shelves,
completing the missing products and matching the planogram continuously [5].
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In existing YOLO model it detects the object with the help of convolution neural network and bounding boxes. The image or
the dataset is first bounded around the box and it is detected by the datasets provided in the digital format. The dataset consists of
different images in which the object has to be detected. In context to the speed and accuracy are not up to mark and also the object
detected is only from the dataset which is provided by the user. The dataset can have as many images that the user wants to have.
And object detected from the dataset may end with less accuracy and also the execution speed of the model is also slow. However,
the model yields with the good accuracy and detects the object with constant speed. The image detected can have more than one
object in it. The model can detect multiple objects at same time and also with good accuracy. The model developed detects the
objects based on the dataset provided by the user with consistency. The issues with the developed model are that speed of the
model is low, accuracy of the developed model is less and also the model developed cannot detect the objects with the help of the
webcam.

I1l. PROPOSED SYSTEM

To address the above issues, a new efficient algorithm named YOLOV3 is designed to develop the existing model. The newly
proposed model yields with high accuracy, the proposed model speed is increased and also the model can detect the object shown
in webcam. The model can directly detect the object via webcam itself and also it can detect the object in the images as well. This
makes the model more users friendly and also it is more efficient. Also, the model developed can perform the tasks of detecting the
object within fraction of seconds with high accuracy. The proposed model can have various dataset provided by the user and also
can detect the objects based on the dataset provided. With the help of the developed model the user can experience an user-friendly
model and it also helps the user to detect the object with least amount of time with high accuracy than the one which has no
webcam function in the developed model.

IV. SYSTEM DESIGN AND METHODOLOGY
4.1. HARDWARE COMPONENTS

1) PROCESSOR: Intel(R) Core(TM) i7-8565U CPU @ 1.80GHz 1.99 GHz
2) RAM : 8.00 GB

4.2. SOFTWARE COMPONENTS

1) OPERATING SYSTEM : Windows XP/10
2) CODING LANGUAGE : Python
3) TOOLS : Flask framework, Python

The aim is to detect objects and real-time objects using You Only Look Once (YOLO) and YOLOV3(YOLO version 3)
approach. In this paper, we are creating a web application where the objects are fetched and detected through web using flask
framework. Flask is an API of Python that allows us to build up web applications. YOLO algorithm uses a completely different
approach. The algorithm applies a single neural network to the entire full image. Then this network divides that image into regions
which provides the bounding boxes and also predicts probabilities for each region. These generated bounding boxes are weighted
by the predicted probabilities.

4.3. WORK FLOW OF YOLOvV3

YOLO is a convolution neural network. It consists of a total of 24 convolutional layers and followed by 2 fully connected
layers. Each layer has its own importance and the layers are separated by their functionality. The First 20 convolutional layers
followed by an average pooling layer and a fully connected layer is pre-trained on the ImageNet dataset which is a 1000-class
classification dataset. The pretraining for classification is performed on the dataset with the image resolution of 224 x 224x3. The
layers comprise 3x3 convolutional layers and1x1 reduction layers. For object detection, in the end, the last 4 convolutional layers
followed by 2 fully connected layers are added to train the network. Object detection requires more precise detail hence the
resolution of the dataset is increased to 448 x 448. Then the final layer predicts the class probabilities and bounding boxes. All the
other convolutional layers use leaky ReLU activation whereas the final layer uses a linear activation. The input is of 448 x 448
image and the output is the class prediction of the detected object enclosed in the bounding box.
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Fig 1. Working flow of YOLOv3.

The web interface of the proposed home automationsystem is used to operate and monitor the state of various appliances and user
commands that can be easily modified to support additional hardware interface modules.

V. IMPLEMENTATION

First, it divides the image into a 13x13 grid of cells. The size of these 169 cells vary depending on the size of the input. For a
416%416 input size that we used in our experiments, the cell size was 32x32. Each cell is then responsible for predicting a
number of boxes in the image. For each bounding box, the network also predicts the confidence that the bounding box actually
encloses an object, and the probability of the enclosed object being a particular class. Most of these bounding boxes are
eliminated because their confidence is low or because they are enclosing the same object as another bounding box with very
high confidence score. This technique is called non-maximum suppression. The YOLOV3 is faster and more accurate than their
previous work YOLOV2. YOLOvV3 handles multiple scales better. They have also improved the network by making it bigger
and taking it towards residual networks by adding shortcut connections.

Is there an object?

Bounding box

Class labels

Fig 2. Work of YOLO
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5.1. PREDICTION OF BOUNDINGBOX

our system predicts bounding boxes using dimension clusters as anchor boxes. The network predicts 4 coordinates for each
bounding box, tx, ty, tw, th. If the cell is offset from the top left corner of the image by (cx, cy) and the bounding box prior has
width and height pw, ph, then the predictions correspond to: bx = o(tx) + cx by = o(ty) + cy bw = pwe tw bh = phe th. During
training we use sum of squared error loss. If the ground truth for some coordinate prediction is t~ * our gradient is the ground
truth value minus our prediction: t* * — t* . This ground truth value can be easily computed by inverting the equations above.
YOLOV3 predicts an objectness score for each bounding box using logistic regression. This should be 1 if the bounding box
prior overlaps a ground truth object by more than any other bounding box prior.

Bounding Box 2

I\ S ""' B

Bounding Box 1

Fig 2.1.Bounding boxes

5.2. PREDICTION OF CLASSES

Each box predicts the classes the bounding box may contain using multilabel classification. We use independent logistic
classifiers. During training we use binary cross-entropy loss for the class predictions. This formulation helps when we move to
more complex domains like the Open Images Dataset. In this dataset there are many overlapping labels. A multilabel approach
better models the data.

YOLOV3 predicts boxes at 3 different scales. Our system extracts features from those scales using a similar concept to feature
pyramid networks. From our base feature extractor it add several convolutional layers. The last of these predicts a 3-d tensor
encoding bounding box, object, and class predictions. We predict 3 boxes at each scale so the tensor isN x N x [3 = (4 + 1 +
80)] for the 4 bounding box offsets, 1 object prediction, and 80 class predictions. Next it takes the feature map from 2 layers
previous and up-sample it by 2x. It also take a feature map from earlier in the network and merge it with our up-sampled
features using concatenation. This method allows us to get more meaningful semantic information from the up-sampled
features and finer-grained information from the earlier feature map. We then add a few more convolutional layers to process
this combined feature map, and eventually predict a similar tensor, although now twice the size. We perform the same design
one more time to predict boxes for the final scale.

VI. Results
We explore the best approach to accomplish the image to detect the object. We use python in the back-end and HTML and CSS

for front-end. The model developed can detect the objects from the image as well as directly via webcam with high accuracy and
fast. The detected image may contain multiple objects in it.
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Fig 3. Object detected from image

The above figure describes the object detected with the help of dataset of the object in the digital format. Firstly the image is
chosen from the dataset provided by the user with the help of the image from the dataset the object present inside the image is
detected with the help of YOLOV3 algorithm.

OPTIONS

Camera preview: " On/Off ] Flip horizontal: [* ) Run detection model: s N/OFf J

Fig 4. Object detected from webcam

The above figure describes the object detected with the help of the webcam as a tool to detect. Here the object detected is directly
via webcam and also it detects multiple objects with the help of webcam. Here in this model webcam acts as a tool to detect the
objects.

VII. CONCLUSION

In this paper, we have used YOLO algorithm for object detection also flask framework because of its advantages. The YOLO
algorithm can be implemented in different fields to solve many real-time problems such as monitoring traffic rules, security etc.
Here, we proposed a user-friendly application to detect the objects in the image as well as with the help of webcam. The result of
the model are in term of the speed of the model and also with the accuracy of the model. Our proposed model has high accuracy
and also the speed of the model increased. Hence, the model developed is of high efficiency. By concluding we can say that our
developed YOLO object detection model yields high accuracy with increase in speed and also can detect the objects not only with
the datasets provided but also with webcam through flask framework
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