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ABSTRACT

Object detection is employed in practically every real-world application, including autonomous
traversal, visual systems, and face identification. Real-time object detection is a vast, colourful, and
intricate domain of computer vision. Object detection is critical in the realm of computer vision.
There have been several improved object detection algorithms published in literature; nonetheless,
the majority of them are aimed to enhance detection accuracy. As a result, the necessity to reduce
computational complexity is frequently overlooked. These upgraded object detectors require a high-
end GPU to attain real-time performance. In this article, we offer a lightweight object detection
model built on Mobilenet-v2. The real-time object detector developed here can be used in embedded
systems with limited processing resources. This is a critical design component of current
autonomous driving assistance systems (ADAS). The suggested lightweight object detector offers a
wide range of applications.Object detection is employed in practically every real-world application,
including autonomous traversal, visual systems, and face identification. Real-time object detection is
a colorful, and intricate domain of computer vision. Object detection is critical in the realm of
computer vision. There have been several improved object detection algorithms published in
literature; nonetheless, the majority of them are aimed to enhance detection accuracy. As a result, the
necessity to reduce computational complexity is frequently overlooked. These upgraded object
detectors require a high-end GPU to attain real- time performance. In this article, we offer a
lightweight object detection model built on Mobilenet- v2. The real-time object detector developed
here can be used in embedded systems with limited processing resources. This is a critical design
component of current autonomous driving assistance systems (ADAS). The suggested lightweight
object detector offers a wide range of applications.
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INTRODUCTION

Object detection is one of the critical regions of studies in computer vision and prescient today. This is
an image classification technigue that aims to detect one or more types of elements in an image and
use a bounding box to determine their presence. The formatter must build these components while
taking into account the following requirements. Object detection is the process of identifying each
object in a photograph or image using computer/software. Object recognition is one of the most
pressing issues in wireless network computer vision. It is often used in wireless networks and serves
as the muse for complex imaginative and prescient obligations which includes goal monitoring and
scene interpretation. The aim of object detection is to identify whether there are any objects in the
image that belong to the defined category. If it exists, the next job is to determine its category and
location. Traditional object detection algorithms are mostly focused on detecting a few types of
objects, such as pedestrian detection and infrared target detection. Object identification algorithms
have made significant progress as a result of recent advances in deep learning technology,
particularly the introduction of deep convolution neural network (CNN) technology. Three primary
approaches extensively used in this sector are You Only Look Once (YOLO), single shot multi-box
detector (SSD), and faster region CNN (F- RCNN).This study adds to the current literature by
enhancing the accuracy of the SSD method for recognizing tiny items. The SSD algorithm detects
large things effectively but is less reliable when recognizing tiny objects. As a result, we alter the SSD
method to obtain acceptable detection accuracy for tiny items. The photos or sceneries were captured
using web cams, and we conducted tests using common objects in context (COCO) datasets. We
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collect object detection (OD) datasets from our facility for use in our image processing lab. We create
a network using several libraries including TensorFlow-GPU 1.5. TensorFlow directory, SSD Mobile
net FPN Feature Extractor, object detection API of TensorFlow, and Jupiter notebook are used for the
experimental setup. This overall arrangement allows us to provide superior real-time object detection.
However, Mobile Net with the powerful SSD framework has been a warm research factor in latest
times, because purposeful barriers of running robust neural nets on low- stop gadgets like molecular
phones/laptops to moreover amplify the horde of achievable effects with admire to real- time
applications. A few years ago, the creation of the software and hardware image processing systems
was mainly limited to the development of the user interface, which most of the programmers of each
firm were engaged in. The situation has been significantly changed with the advent of the Windows
operating system when the majority of the developers switched to solving the problems of image
processing itself. However, this has not yet led to the cardinal progress in solving typical tasks of
recognizing faces, car numbers, road signs, analyzing remote and medical images, etc. Each of these
"eternal “problems is solved by trial and error by the efforts of numerous groups of the engineers and
scientists. As modern technical solutions are turn out to be excessively expensive, the task of
automating the creation of the software tools for solving intellectual problems is formulated and
intensively solved abroad. In the field of image processing, the required tool kit should be supporting
the analysis and recognition of images of previously unknown content and ensure the effective
development of applications by ordinary programmers. Just as the Windows toolkit supports the
creation of interfaces for solving various applied problems. Object recognition is to describe a
collection of related computer vision tasks that involve activities like identifying objects in digital
photographs. Image classification involves activities such as predicting the class of one object in an
image. Object localization is referring to identifying the location of one or more objects in an image
and drawing an abounding box around their extent. Object Detection does the work of combines these
two tasks and localizes and classifies one or more objects in an image. When a user or practitioner
refers to the term “object recognition®, they often mean “object detection. It may be challenging for
beginners to distinguish between different related computer vision tasks.

LITERATURE SURVEY

Celiet. Al presents an object detector based on small sample learning. The proposed model makes use
of object semantic relevance to improve the accuracy of weak feature objects in complex scenarios.
Tanget. Al concentrates on the framework design and model working principles, as well as the
model's real-time performance andetection accuracy. Christian szegedy and colleagues provide a
simple but effective formulation of object detection as a regression problem on object bounding box
masks. It describes a multiscale inference process that, when used by a few network applications,
produces high- resolution object detections at a cheap cost. Xiaogangwanget offers an overview of
deep learning with an emphasis on applications in object identification, detection, and segmentation,
which are fundamental difficulties for computer vision with various applications to photos and videos.
A novel object detection technique is introduced, and objects are further differentiated by mean shift
(MS) segmentation. There is vision with the assistance of depth information produced from stereo
fixed number of sliding window templates. It is also possible to use supervised learning to solve the
trouble through manner of approach of imposing it with Decision trees or, SVM in deep learning, as
stated in Malay Shahet. ZhongQiuZhaoet provides a complete overview of deep learning-based object
identification frameworks that address various sub-issues such as confusion and low resolution due to
varying degrees of RCNN changes. Sandeep Kumaret works with the easynet model, which allows
fordetecting predictions with a single network. At testing time, the easynet version examines the
complete image, so predictions are knowledgeable through global context.In various fields, there is a
necessity to detect the target object and also track them effectively whilehandling occlusions and other
included complexities. Many researchers (Almeida and Gutting 2004,Hsiao-Ping Tsai 2011, Nicolas
Papadakis and Aure lie Bugeau 2010 ) attempted for various approaches in object tracking. The nature
of the techniques largely depends on the application domain. Some of the research works which made
the evolution to proposed work in the field of object tracking are depicted as follows.

OBJECT DETECTION
Object detection is an important task, yet challenging vision task. It is a critical part of many
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applications such as image search, image auto-annotation and scene understanding, object tracking.
Moving object tracking of video image sequences was one of the most important subjects in computer
vision. It had already been applied in many computer vision fields, such as smart video surveillance
(Arun Hamper 2005), artificial intelligence, military guidance, safety detection and robot navigation,
medical and biological application. In recent years, a number of

success fulsingle-object tracking system appeared, but in the presence of several objects, object
detection becomes difficult and when objects are fully or partially occluded, they are obtruded from
the human vision which further increases the problem of detection. Decreasing illumination and
acquisition angle. The proposed MLP based object tracking system is made robust by an optimum
selection of unique features and also by implementing the Ad boost strong classification method

Background Subtraction

The background subtraction method by Harpreet et al (1999), was able to cope with local illumination
changes, such as shadows and highlights, even globe illumination changes. In this method, the
background model was statistically modelled on each pixel. Computational color mode, include the
brightness distortion and the chromaticity distortion which was used to distinguish shading
background from the ordinary background or moving foreground objects. The background and
foreground subtraction method used the following approach. A pixel was modelled by a 4- tuple[Ei,
si, ai, bi], where Ei- a vector with expected colour value, si - a vecto with the standrad deviation of
colour value, ai - the variation of the brightness distortion and bi was the variation of the chromaticity
distortion of the ith pixel. In the next step, the difference between the background image and the
current image was evaluated. Each pixel was finally classified into four categories: original
background, shaded background or shadow, highlighted background and moving foreground object.
Liyuan Li et al (2003), contributed a method for detecting foreground objects in non- stationary
complex environments containing moving background objects. A Bayes decision rule was used for
classification of background and foreground changes based on inter-frame colour co-occurrence
statistics. An approach to store and fast retrieve colour cooccurrence statistics was also established. In
this method, foreground objects were detected in two steps. First, both the foreground and The back
ground changes are extracted using background subtraction and temporal differencing. The frequent
background changes were then recognized using the Bayes decision rule based on thelearned color co-
occurrence statistics. Both short-term and long term strategies to learn the frequent back ground
changes were used. An algorithm focused on obtaining the stationary foreground said by Alvaro
Bayona et al (2010), which was useful for applications like the detection of abandoned/stolen objects
and parked vehicles. This algorithm mainly used two steps. Firstly, a sub-sampling scheme based on
background subtraction techniques was

implemented to obtain stationary foreground regions. This detects foreground changes at different
time instants in the same pixel locations. This was done by using a Gaussian distribution function.
Secondly, some modifications were introduced on this base algorithm such as thresh holding the
previously computed subtraction. The main purpose of this algorithm was reducing the amount of
stationary foreground detected. Template Matching Template Matching is the technique of finding
small parts of an image which match a template image. It slides the template from the top left to the
bottom right of the image and compares for the best match with the template. The template dimension
should be equal to the reference image or smaller than the reference image. It recognizes the segment
with the highest correlation as the target. Given an image S and an image T, where the dimension of
S was both larger than T, output whether Contains a subset image | where | and T are suitably similar
in pattern and if such I exists, output the location of 1 in S as in Hager and Bellhumear (1998).
Schweitzer et al (2011), derived an algorithm which used both upper and lowers bound to detect ‘k’
best matches. Euclidean distanceand Walsh transform kernels are used to calculate match measure.
The positive things included the usage of priority queue improved quality of decision as to which
bound-improved and when good matches exist inherent cost was dominant and it improved
performance. But there were constraints like the absence of good matches that lead to queue cost and
the arithmetic operation cost was higher. The proposed methods dint use queue thereby avoiding the
queue cost rather used template matching. Visual tracking methods can be roughly categorized in two
ways namely, the feature- based and region-based method as proposed by Ken Ito and Shigeyuki
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Sakane (2001). The feature- based approach
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EXISTING SYSTEM

Prior work was offered to accelerate the spatial pyramid pooling networks approach. This helped
speed up feature extraction, but it was effectively a forward pass caching approach. Fast RCNN is a
spatially-localized and oriented method to classify and localize objects in images. It works at an
unprecedented speed, with high accuracy, and is powered by TensorFlow. The model is provided as a
single model rather than a pipeline for immediate training and output of regions and classifications.
The architecture takes an image as input, processing it to generate a collection of range
recommendations. This collection will be processed by a deep convolutional neural network with
more than 1 billion parameters and 100 million neurons, in order to give you the most up-to-date
styles. This procedure will be performed on top of a pre-trained CNN model. The Rol Pooling layer,
close to the belief of the deep CNN, retrieves traits unique to a particular input candidate region. The
CNN model is first trained with a pre-trained network, which we provided. The CNN output is then
processed via means of a fully linked layer, and then the version splits into outputs, one for class label
prediction through a softmax layer and some other with a linear output for the bounding box. After
each region of interest has been extracted and detected, the next step is to perform a comparison
between each of these regions. Fast RCNN is significantly faster than RCNN in trainingand test
sessions. When looking at the performance of Fast R-CNN during testing, incorporating region
suggestions greatly slows down the algorithm. Previously, all object detection techniques hired areas
to discover the object within the picture. The network does now no longer study the complete picture.
Instead, regions of the photo with a excessive probability of containing the object are used. YOLO, or
You Only Look Once, is an object identifying method that differs notably from the region-primarily
based totally algorithms mentioned above. In YOLO, a single neural network predicts the bounding
containers in addition to their class probabilities.

Res Net:

To train the network model in a more effective manner, we herein adopt the same strategyas that used
for DSSD (the performance of the residual network is better than that of the VGG network). The goal
is to improve accuracy. However, the first implemented for the modification was the replacement of
the VGG network which is used in the original SSD with ResNet. We will also add a series of
convolution feature layers at the end of the underlying network. These feature layers will gradually be
reduced in size that allowed prediction of the detection results on multiple VGG-16layer, it is
experimentally known that it replaces the SSD’s underlying convolution network with aresidual
network, and it does not improve its accuracy but rather decreases it

R-C NN:

To circumvent the problem of selecting a algorithm and it was called Fast R-CNN. The approach is

similar to the R-CNN algorithm. But, instead of feeding the region proposals to the CNN, we feed
the input image to the CNN to generate a convolutional feature map. From the convolutional feature
map, we can identify the region of the proposals and warp them into the squares and by using an Rol
pooling layer we reshape them into the fixed size so that it can be fed into a fully connected layer.
From the Rol feature vector, we can use a SoftMax layer to predict the class of the proposed region
and also the offset values for the bounding box. The reason “Fast R-CNN” is faster than R- CNN is
because you don’t have to feed 2000 region proposals to the convolutional neural network every
time. Instead, the convolution operation is always done only once per image and a feature map is
generated from it
huge number of regions, Ross Girshick et al.proposed a method where we use the selective search for
extract just2000 region from the image and he called them region proposals. Therefore, instead of
trying to classify the huge number of regions, you can just work with 2000 regions. These 2000 region
proposals are generated by using the selective search algorithm which is written below.

Fast R-CNN:

The same author of the previous paper(R-
CNN) solved some of the drawbacks of R- CNN to build a faster object detection
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algorithm and it was called Fast R-CNN. The approach is similar to the R-CNN algorithm. But,
instead of feeding the region proposals to the CNN, we feed the input image to the CNN to generate a
convolutional feature map. From the convolutional feature map, we can identify the region of the
proposals and warp them into the squares and by using an Rol pooling layer we reshape them into the
fixed size so that it can be fed into a fully

connected layer. From the Rol feature vector, we can use a SoftMax layer to predict the class of the
proposed region and also the offset values for the bounding box. The reason “Fast R-CNN” is faster
than R- CNN is because you don’t have to feed 2000 region proposals to the convolutional neural
network every time. Instead, the convolution operation is always done only once per image and a
feature map is generated from it
YOLO-YOU LOOK ONLY ONCE:AIl the previous object detection
algorithms have used regions to localize the object within the image. The network does not look at the
complete image. Instead, parts of the image which has high probabilities of containing the object.
YOLO or You Only Look Once is an object detection algorithm much is different from the region
based algorithms which seen above. In YOLO a single convolutional network predicts the bounding
boxes and the class probabilities for these boxes. YOLO works by taking an image and split it into an
SxS grid, within each of the grid we is orders of
magnitude faster(45 frames per second) than any other object detection algorithms. The limitation of
YOLO algorithm is that it struggles with the small objectswithin the image, for example, it might have
difficulties in identifying a flock of birds. This is due to the spatial constraints of the algorithm
DISADVANTAGES OF EXISTING SYSTEM:

e |t still takes a huge amount of time to train the network as you would have to classify 2000

region proposals per image.
take abounding boxes. For each of the
bounding box, the network gives an output a class probability and offset values for the bounding box.
The bounding boxes have the class probability above a threshold value is selected and used to locate
the object within the image. YOLO
e |t cannot be implemented real time as it takes around 47 seconds for each test image.
o The selective search algorithm is a fixed algorithm. Therefore, no learning is happening at that
stage. This could lead to the generation of bad candidate region proposals.
e Struggles to detect close objects because each grid can propose only 2 bounding to decide
that what technologies are suitable
e One drawback of Faster R-CNN is that the RPN is trained where all anchors in the mini-
batch, of size 256, are extracted from a single image. Because all samples from a single image
may be correlated (i.e. their features are similar), the network may take a lot of time until
reaching convergence Struggles to detect small objects
FEASIBILITY STUDY:
The main objective of feasibility study is to test the Technical and
Operational for adding new modules and debuging

old running system. We have
- !
~ Operational feasibility
Economid feasibility

Technical Feasibility:
The first step s that the organization has to develop and considering the existing system. Here
in this application n used this technology is PYTHON. These are all open- source software.
Operational Feasibility:
Not only must an application make technical sense, it must also operationally sense. V
often you will lead to improve the existing operation, maintenance and support
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Infrastructure to support the new application that you intended to develop. We can 29 say
after studying the proposed system that the project looks operationally Feasible,as there is
a measure of how will a proposed system solve the problem and it satisfy the
requirements. our project does not need extra training. As the application has been built
constructing on the easy way to use the GUI.

Economic Feasibility:

This study is carried out to check the economic impact that the system will have on the organization.
The amount of fund that the company can pour in to research and development of the system is
limited.

1. PROPOSED SYSTEM
The proposed system uses the Mobilenet SSD

architecture to quickly and efficiently identify objects in real time. A Python script is written using
OpenCV 3.4 that uses a deep neural network to discover objects. The system works as follows: The
input is real-time video from a camera or webcam with asimplifiedMobileNet architecture that
builds a lightweight deep neural network with depth-separable convolution. The input video is split
into frames before being sent to the MobileNet layer. Each feature value is calculated as the
difference between the amount of pixel intensity in the bright areas and the amount of pixel
intensity in the dark areas. These components are computed using all of the image's available sizes
and areas. Images can contain both irrelevant and related elements that can be used to identify
items. The task of the MobileNet layer is to convert the pixels of the input image into highlights that
characterize the image content. The bounding boxes and related class(label) of objects are then
determined using the MobileNet-SSD model. The only remaining step is to display or view the
output.The proposed system uses the Mobile Net SSD architecture to quickly and efficiently
identify objects in real time. A Python script is written using OpenCV 3.4 that uses a deep neural
network to discover objects. The system works as The input is real-time video from a camera or
webcam with a simplified Mobile Net architecture that builds a lightweight deep neural network
with depth- separable convolution. These components are computed using all of the image's
available sizes and areas. Images can contain both irrelevant and related elements that can be used
to identify items. The bounding boxes and related class(label) of objects are then determined using
the Mobile Net- SSD model. The only remaining step is to display or view the output.
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SSD (Single Shot Multibox Detector)

The researchers from Google published an SSD architecture in 2016. It presents an object
detection model employing a single deep neural network combining regional proposals and
feature extraction. A set of default boxes over various aspect ratios and scales is used and
applied to the feature maps. The feature maps are computed by passing an image through
an image classification network,thusthe feature extractionfor the bounding boxes are
extracted in a very single step. Scores are generated for every object category in every of
the default bounding boxes. To better fit the bottom truth boxes, adjustment
offsetsare calculated for every box.Different feature maps within the convolutional
network correspond with different receptive fields and are utilized to naturally handle
objects at different scales. As all the computation is enclosed in a single network and fairly
high computational speeds are achieved (for example, for 300 x 300 input 59 FPS). For the
usage, we are going to investigate the various samp configuration files for SSD. Several
parameters are important when leveraging the SSD architecture and we will re-evaluate
them one by one.First, variousclassificationnetworkshave different strengths and
weaknesses (see this blog post for an overview). The Inceptionv3 network as an example is
trained to detect objects well at different scales, while on the contrary, the ResNet
architecture ensure that the network doesn't do unnecessary calculations. We will be able
to tweak these within the ‘ssd _anchor generator’ section. Note that adding more scales and
aspect ratios will

Setting the aspect ratios and scales will result in better performance, but typically with
diminishing returns.Thirdly, when training the model, it's important to set the image size
and data augmentation options within the ‘data augmentation options’ and
‘image resizer’ sections. Larger image sizes will perform better as small objects are often
hard to detect, but they'll have a significant computational cost. Data augmentation is very
important within the context of SSD to be able to detect objects at different scales (even at
scales that could not be present in the training data). Finally, tweaking the ‘train_config’,
setting the learning rates and batch sizes is very important to reduce overfitting, and can
highly rely on the size of the dataset

ADVANTAGES OF PROPOSED SYSTEM:

SSD algorithm works well in detecting large objects SSD attains a better balance between
swiftness and precision. SSD also uses anchor boxes at a variety of aspect ratio
comparable to Faster-RCNN and learns the off-set to a certain extent than learning the
box. SSD is way quicker compared with other approaches. SSD not only uses one grid,
but a combination of different sizes to better detect objects at any size. SSD, a single-shot
detector for multiple classes that’s quicker than the previous progressive for single-shot
detectors (YOLO), and considerably a lot of correct, really as correct as slower techniques
that perform express region proposals and pooling (includingquicker R-CNN). Module
description: system: DATASET CREATION : Gathering the public dataset. A dataset
contains related data values that are collected or measured aspart of a cohort study.
Datasets are keyed by both subject and time. DATA PRE-PROCESSING: Data
preprocessing is a process of preparing the raw data and making it suitable for a
machinelearning model. It is the first and crucial step while creating a machine learning
model. MODULE CREATION: Model created by using the algorithm of SSD (Single
Shot Detector) PREDICTION: Prediction in machine learning refers to an information
output that comes from running an algorithmon data to forecast the likelihood of a certain
outcome. USER: UPLOAD PITURE: Upload the picture for identifying the objects in it.
VIEW RESULT: View the objects names that APPOACHES OF OBJECT DETECTION:
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The proposed poject presents the object detectionclassified the algorithems SSD(Single
Shot Detector),YOLO(You Only Look Once) and RCNN(Region Convocational Nural
Network) SSD (Single Shot Detector): The researchers from Google published an SSD
architecture in 2016. It presents an object detection model employing a single deep neural
network combining regional proposals and featureextraction. A set of default boxes over
various aspect ratios and scales is used and applied to the feature maps. The feature maps
are computed by passing an image through an image classification network, thus the
feature extraction for the bounding boxes are extracted in a very single step. Scores are
generated for every object category in ever of the default bounding boxes. To better fit the
bottom truth boxes, adjustment offsets are calculated for every box. YOLO(You Only
Look Once): All the previous object detection algorithms have used regions to localize
the object withinthe image. The network does not look at the complete image. Instead,
parts of the image which has high probabilities of containing the object. YOLO or You
Only Look Once is an object detection algorithm much is different from the region based
algorithms which seen above. In YOLO a single convolutional network predicts the
bounding boxes and the class probabilities forthese boxes. RCNN(Region Convocational
Nural Network): To circumvent the problem of selecting a huge number of regions, Ross
Girshick et al. proposed a method where we use the selective search for extract just 2000
regions from the imageand he called them region proposals. Therefore, instead of trying
to classify the number of regions, you can just work with 2000 regions. These 2000
region proposals are generated by usingthe

SOFTWARE REQUIREMENTS

The functional requirements or the overall description documents include the product
perspective and features, operating system and operating environment, graphics
requirements, design constraints and user documentation.The appropriation of
requirements and implementation constraints gives the general overview of the project in
regards to what the areas of strength and deficit are and how to tackle them.

e Operating system: Windows 7/8/10
e Coding language: Python3.6+.
e |DE: Visual Studio Code

HARDWARE REQUIREMENTS

Minimum hardware requirements are very dependent on the particular software being
developed by a given Enthought Python / Canopy / VS Code user. Applications that need
to store large arrays/objects in memory will require more RAM, whereas applications that
need to perform numerous calculations or tasks more quickly will require a faster
processor. « System: Intel Core i3 . « Hard Disk: 160 GB. « RAM: 8GB

GOALS:
The Primary goals in the design of the UML are as follows:

1. Provide users a ready-to-use, expressive visual modeling Language so that theycan
develop andexchange meaningful models.
Provide extendibility and specialization mechanisms to extend the core concepts.

Be independent of particular programming languages and development process.
Provide a formal basis for understanding the modeling language.

Encourage the growth of OO tools market.

o o M 0N

Support higher level development concepts such as collaborations, frame
works,patterns and components.
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7. Integrate best practices.
RESULT: This object detection algorithm achieves good results with any fps low quality
camera and can detect objects in real time with decent accuracy. In our experiment we
gave different images as input and the model has identified thenwith a good accuracy.
And then we used the webcam to detect objects in the real-time which also produced the
desired results.

ol am et AL ol _»

Fig-3:0bjects (animals)detected in images

Fig-4: objects detected using webcam
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Fig-5:0bjects detected using webcam
CONCLUSION

In this study, we developed a deep learning model for step-by-step identification of the
position of objects in an image. The framework, like other best-in-class frameworks,
could recognise the item with a good accuracy. In this manner, we employ an object
detection module capable of recognising what's within the real-time video stream. It uses
MobileNetand SSD frameworks to run modules to provide fast and productive object
detection techniques based on deep learning. In the future, we can hold to enhance our
detection model , which includes lowering reminiscence use and growing performance, in
addition to including new classes ofobjects. We proposed a deep learning model to
identify progressively the place of the object in pictures. The framework could distinguish
the item with a normal accuracy like other best in class frameworks. In this way, we
utilize an object detection module that can recognize what is in thereal time video stream.
To carry out the module, we join the MobileNet and the SSD framework for a quick and
productive deep learning-based strategy for object detection. In future work, we will keep
on enhancing our detection network model, including lessening memory utilization and
speeding up and additionally we will add more classes
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