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ABSTRACT 

 
 

CCTV systems are becoming more common these days because they can control what 

is going on at the place where they will install. In terms of safety and protection, tracking 

the behavior of staff and visitors at our place is necessary.CCTV services play a vital role 

in all forms of security problems. Installing a dependable CCTV camera is a practical 

move, and a surveillance package provides you with a proactive security advantage. If 

you own a company or just want to protect your family.Routine inspections and repairs 

must well maintain. Traditional CCTV devices can only constantly record the world; they 

cannot perform smart functions such as motion detection. 
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CHAPTER 1 

                                         INTRODUCTION 

 

1.1 INTRODUCTION OT THE PROJECT 

              Nowadays CCTV systems are emerging because CCTV systems can 
keep track of what is happening at the premises. The traditional CCTV systems 
are only capable to record the world continuously, It cannot able to perform 
smart functionalities like detecting motion, etc. Here the Smart CCTV comes into 
the picture. It can able to detect a motion, Detect a noise, and several other 
smart functionalities. These functionalities are achieved by AI and machine 
learning methods.Smart CCTV enables remote monitoring of a home or 
property, connecting to a device even when away from the premises.In this 
project, we can able to detect the motion By deploying the AI methods into the 
CCTV systems, it can able to perform more than our traditional CCTV systems. 
Our motive is to design a CCTV system that can act smarter. 

 

      By using the Machine Learning methods, we deployed several modules to 
make the CCTV system smarter. The modules are the CCTV system should 
take a snap whenever motion or noise arises in the screen. We also design the 
model to monitor a particular portion of the screen and other basic functions.The 
project Smart CCTV camera surveillance system is to enhance the CCTV 
camera-based security systems, which presently exist in different places. We 
design the Project Security System by using CCTV Camera using wireless 
technology. Using a surveillance system for image detection is becoming more 
important. We often use an embedded surveillance system for image processing 
of the surveillance system and also for traffic monitoring, but this configuration 
requires a high-performance core, which works against some advantages of 
embedded systems, such as low power consumption and low cost. 

 

1.2  AIM OF THE PROJECT 

 

    CCTV systems are becoming more common these days because they can 
control what is going on at the place where they will install. In terms of safety 
and protection, tracking the behavior of staff and visitors at our place is 
necessary.CCTV services play a vital role in all forms of security problems. 
Installing a dependable CCTV camera is a practical move, and a surveillance 
package provides you with a proactive security advantage. If you own a 
company or just want to protect your family.Routine inspections and repairs 
must well maintain. Traditional CCTV devices can only constantly record the 
world; they cannot perform smart functions such as motion detection. 
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1.3  SCOPE OF THE PROJECT 
 

              OpenCV was started at Intel in 1999 by Gary Bradsky and the first 
release came out in 2000. VadimPisarevsky joined Gary Bradsky to manage 
Intel’s Russian software OpenCV team. In 2005, OpenCV was used on Stanley, 
the vehicle who won 2005 DARPA Grand Challenge. Later its active 
development continued under the support of Willow Garage, with Gary Bradsky 
and VadimPisarevsky leading the project. Right now, OpenCV supports a lot of 
algorithms related to Computer Vision and Machine Learning and it is expanding 
day-by-day. Currently OpenCV supports a wide variety of programming 
languages like C++, Python, Javaetc and is available on different platforms 
including Windows, Linux, OS X, Android, iOS etc. Also, interfaces based on 
CUDA and OpenCLare also under active development for high-speed GPU 
operations. OpenCV-Python is the Python API of OpenCV. It combines the best 
qualities of OpenCV C++ API and Python language.OpenCV is a huge open-
source library for computer vision, machine learning, and image processing. 
OpenCV supports a wide variety of programming languages like Python, C++, 
Java, etc. It can process images and videos to identify objects, faces, or even 
the handwriting of a human. When it is integrated with various libraries, such 
as Numpy which is a highly optimized library for numerical operations, then the 
number of weapons increases in your Arsenal i.e whatever operations one can 
do in Numpy can be combined with OpenCV. 

 

 

  

https://www.geeksforgeeks.org/python-numpy/
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CHAPTER 2 

LITERATURE SURVEY 

 

 

 2.1  A COMPREHENSIVE SURVEY ON POSE-INVARIANT FACE 
RECOGNITION(2015) 
    The capacity to recognize faces under varied poses is a fundamental human ability that 
presents a unique challenge for computer vision systems. Compared to frontal face 
recognition, which has been intensively studied and has gradually matured in the past few 
decades, pose-invariant face recognition (PIFR) remains a largely unsolved problem. 
However, PIFR is crucial to realizing the full potential of face recognition for real-world 
applications, since face recognition is intrinsically a passive biometric technology for 
recognizing uncooperative subjects. In this paper, we discuss the inherent difficulties in 
PIFR and present a comprehensive review of established techniques. Existing PIFR 
methods can be grouped into four categories, i.e., pose-robust feature extraction 
approaches, multi-view subspace learning approaches, face synthesis approaches, and 
hybrid approaches. The motivations, strategies, pros/cons, and performance of 
representative approaches are described and compared. Moreover, promising directions 
for future research are discussed. 
 

2.2  IMAGE NET CLASSIFICATION WITH DEEP CONVOLUTIONAL NEURAL 

NETWORKS(2012) 

     Deep  convolution neural network of 1.2 million image splits in the Image Net LSVRC-
2010 competition in 1000 different categories.  In the experimental data, we found 37.5% 
of the top-1 and top-5 error ratings and 17.0% which is much better than the previous 
case. The neural network, comprising 60 million parameters and 650,000 neurons, 
consists of five specific layers, some of which are followed by integration layers, and three 
fully connected layers with a final 1000 soft max. To make training faster, we have used 
non-complementary neurons and GPU efficient use of convolution function. To reduce 
overcrowding in fully integrated layers we have used a newly developed “dropout” 
approach that has proven to be very effective. We also included variants of this type in the 
ILSVRC-2012 competition and found a high error error rate of 15.3%, compared to 26.2% 
achieved with the best entry. 
 

2.3 LEARNING COMPACT BINARY FACE DESCRIPTOR FOR FACE 

RECOGNITION(2015) 

  Python is a general purpose programming language started by Guido van Rossum, 
which became very popular in short time mainly because of its simplicity and code 
readability. It enables the programmer to express his ideas in fewer lines of code without 
reducing any readability. Compared to other languages like C/C++, Python is slower. But 
another important feature of Python is that it can be easily extended with C/C++. This 
feature helps us to write computationally intensive codes in C/C++ and create a Python 
wrapper for it so that we can use these wrappers as Python modules.. This is how Open 
CV-Python works, it is a Python wrapper around original C++ implementation. Open CV is 
a huge open-source library for computer vision, machine learning, and image 
processing. Open CV supports a wide variety of programming languages 
.like Python,C++,Java,etc.
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CHAPTER 3 

IMAGE PROCESSING IN PYTHON WITH OPENCV 

3.1 IMAGE  PROCESSING 

     Image Processing is most commonly termed as 'Digital Image Processing' and the 
domain in which it is frequently used is 'Computer Vision'. Don't be confused - we are 
going to talk about both of these terms and how they connect. Both Image Processing 
algorithms and Computer Vision (CV) algorithms take an image as input; however, in 
image processing, the output is also an image, whereas in computer vision the output 
can be some features/information about the image. 

    The data that we collect or generate is mostly raw data, i.e. it is not fit to be used in 
applications directly due to a number of possible reasons. Therefore, we need to analyze 
it first, perform the necessary pre-processing, and then use it. 

    For instance, let's assume that we were trying to build a cat classifier. Our program 
would take an image as input and then tell us whether the image contains a cat or not. 
The first step for building this classifier would be to collect hundreds of cat pictures. One 
common issue is that all the pictures we have scraped would not be of the same 
size/dimensions, so before feeding them to the model for training, we would need to 
resize/pre-process them all to a standard size.This is just one of many reasons why 
image processing is essential to any computer vision application. 

 
          3.1.1 USES 

 

    The data that we collect or generate is mostly raw data, i.e. it is not fit to be used in 
applications directly due to a number of possible reasons. Therefore, we need to analyze 
it first, perform the necessary pre-processing, and then use it. 

For instance, let's assume that we were trying to build a cat classifier. Our program would 
take an image as input and then tell us whether the image contains a cat or not. The first 
step for building this classifier would be to collect hundreds of cat pictures. One common 
issue is that all the pictures we have scraped would not be of the same size/dimensions, 
so before feeding them to the model for training, we would need to resize/pre-process 
them all to a standard size. 

This is just one of many reasons why image processing is essential to any computer 
vision application. 

 

3.2 Prerequisites 

      

Before going any further, let's discuss what you need to know in order to follow this 
tutorial with ease. Firstly, you should have some basic programming knowledge in any 
language. Secondly, you should know what machine learning is and the basics of how it 
works, as we will be using some machine learning algorithms for image processing in this 
article. As a bonus, it would help if you have had any exposure to, or basic knowledge of, 
Open CV before going on with this tutorial. But this is not required. 
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One thing you should definitely know in order to follow this tutorial is how exactly an 
image is represented in memory. Each image is represented by a set of pixels i.e. a 
matrix of pixel values. For a grayscale image, the pixel values range from 0 to 255 and 
they represent the intensity of that pixel. For instance, if you have an image of 20 x 20 
dimensions, it would be represented by a matrix of 20x20 (a total of 400-pixel values). 

If you are dealing with a colored image, you should know that it would have three 
channels - Red, Green, and Blue (RGB). Therefore, there would be three such matrices 
for a single image. 

 

3.2.1 Installation 

 

Note: Since we are going to use OpenCV via Python, it is an implicit requirement that you 
already have Python (version 3) already installed on your workstation. 

 

       Windows 

$ pip install opencv-python 

       MacOS 

$ brew install opencv3 --with-contrib --with-python3 

       Linux 

$ sudo apt-get install libopencv-dev python-opencv 

 

To check if your installation was successful or not, run the following command in either a 
Python shell or your command prompt: 

import cv2 

 

 

     

3.3   Image Thresholding 

 

     The concept of thresholding is quite simple. As discussed above in the image 
representation, pixel values can be any value between 0 to 255. Let's say we wish to 
convert an image into a binary image i.e. assign a pixel either a value of 0 or 1. To do 
this, we can perform thresholding. For instance, if the Threshold (T) value is 125, then all 
pixels with values greater than 125 would be assigned a value of 1, and all pixels with 
values lesser than or equal to that would be assigned a value of 0. 
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3.4  Object detection in video with deep learning and OpenCV: 

 

    To build our deep learning-based real-time object detector with Open CV we’ll need to  

(1) access our webcam/video stream in an efficient manner and 

 (2) apply object detection to each frame. 

 

To get the system set up, we simply install Open CV using the relevant instructions for 
the system .Compared to last week, we don’t need the image argument since we’re 
working with streams and videos — other than that the following arguments remain the 
same: 

➢ --prototxt 

 : The path to the Caffe prototxt file. 

➢ --model 

 : The path to the pre-trained model. 

➢ --confidence 

      : The minimum probability threshold to filter weak detections. The default is 20%. 

 
3.4.1 Object detection 

      

      Object Detection is a computer technology related to computer vision, image 
processing, and deep learning that deals with detecting instances of objects in images 
and videos. We will do object detection in this article using something known as haar 
cascades.Haar Cascade classifiers are an effective way for object detection. This method 
was proposed by Paul Viola and Michael Jones in their paper Rapid Object Detection 
using a Boosted Cascade of Simple Features. Haar Cascade is a machine learning-
based approach where a lot of positive and negative images are used to train the 
classifier 

 
➢ Positive images – These images contain the images which we want our classifier to 

identify. 

➢ Negative Images – Images of everything else, which do not contain the object we want 
to detect. 

     We then initialize a class list and a color set, and then we initialize class labels and 
corresponding random colors. Next, let’s initialize our video stream (this can be from a 
video file or a camera).The video stream and Fps classes are part of imultis 
package.Now loop over each and every frame first we read a frame from the 
stream,followed by resizing it then we set the blob as the input  to our neural network and 
feed the input through the net which give as detections.At this point, we have detected 
objects in the input frame. It is now time to look at confidence values and determine if we 
should draw a box + label surrounding the object We starting by looping over our 

https://pyimagesearch.com/opencv-tutorials-resources-guides/
https://www.researchgate.net/publication/3940582_Rapid_Object_Detection_using_a_Boosted_Cascade_of_Simple_Features
https://www.researchgate.net/publication/3940582_Rapid_Object_Detection_using_a_Boosted_Cascade_of_Simple_Features
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detections keeping in mind that multiple objects can be detected in a single image. We 
also apply a check to the confidence (i.e., probability) associated with each detection. If 
the confidence is high enough (i.e. above the threshold), then we’ll display  

 

Source code: 

# import the necessary packages 

from imutils.video import VideoStream 

from imutils.video import FPS 

import numpy as np 

         import argparse 

import imutils 

import time 

import cv2 

 

the prediction in the terminal as well as draw the prediction on the image withtext and a 
colored bounding box Looping through our detections, first we extract the confidence 
value if the confidence is above our minimum threshold we extract the class label 
index and compute the bounding box coordinates around the detected object Then, we 
extract the (x, y)-coordinates of the box which we will will use shortly for drawing a 
rectangle and displaying text We built a text label containing the class name and the 
confidence also draw a colored rectangle around the object using our class color and 
previously extracted (x, y)-coordinates In general, we want the label to be displayed 
above the rectangle, but if there isn’t room, we’ll display it just below the top of the 
rectangle Finally, we overlay the colored text onto the frame using the y-value that we 
just calculated .The remaining steps in the frame capture loop involve  

(1) displaying the frame, (2) checking for a quit key, and (3) updating our frames per 
second counter 

 

Source code: 

# construct the argument parse and parse the arguments 

ap = argparse.ArgumentParser() 

ap.add_argument("-p", "--prototxt", required=True, 

 help="path to Caffe 'deploy' prototxt file") 

ap.add_argument("-m", "--model", required=True, 

 help="path to Caffe pre-trained model") 

ap.add_argument("-c", "--confidence", type=float, default=0.2, 

 help="minimum probability to filter weak detections") 

args = vars(ap.parse_args())
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3.4.2  Feature Extraction 

 

    Haar feature-based cascade classifiers is a machine learning based approach where a 
cascade function is trained from a lot of positive and negative images. It is then used to 
detect objects in other images. 

The nice thing about haar feature-based cascade classifiers is that you can make a 
classifier of any object you want, OpenCV already provided some classifier parameters to 
you, so you don't have to collect any data to train on it.Neural Network (CNN) places a 
green pixel map from the front-facing camera to the driving instructions. This powerful 
end-to-end approach means that with low-level training from people, the system learns to 
direct, with or without a linear curve, on both local and highways. The plan can also apply  

 

to areas with vague hints such as parking lots or unpaved roadsThe system is trained 
to automatically learn the internal representation of the necessary processing steps, such 
as finding useful road features, with a personal directional angle only as a training signal. 
We do not need to explicitly train it to find,for example. 

End-of-life learning leads to better performance and smaller programs. Better 
performance results because the internal components do it themselves to increase the 
performance of the entire system, instead of improving the intermediate options chosen 
by man, e. g., route discovery. Such methods are logically preferred to translate people 
easily which does not automatically verify the operation of the system. Smaller networks 
are possible because the system learns to solve a problem with a small number of 
processing steps. 

 

 

3.4.3 Open cv  

 

 

 

Fig. 1.Opencv Architecture 

 

Fig. 1.Opencv Architecture 

 

      OpenCV is a huge open-source library for computer vision, machine learning, 
and image processing. OpenCV supports a wide variety of programming languages 
like Python, C++, Java, etc. It can process images and videos to identify objects, faces, 
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or even the handwriting of a human.There are many different edge detection filters, such 
as Sobel, Scharr, Laplacian filters, or Canny-edge detector. We will use a Laplacian edge 
filter since it produces edges that look most similar to hand sketches compared to Sobel 
or Scharr, and that are quite consistent compared to a Canny-edge detector, which 
produces very clean line drawings but is affected more by random noise in the camera 
frames and the line drawings therefore often change drastically between frames. A strong 
bilateral filter smoothes flat regions while keeping edges sharp, and is therefore great as 
an automatic cartoonifier or painting filter, except that it is extremely slow (that is, 
measured in seconds or even minutes rather than milliseconds!). 

 

      We will therefore use some tricks to obtain a nice cartoonifier that still runs at an 
acceptable speed. The most important trick we can use is to perform bilateral filtering at a 
lower resolution. It will have a similar effect as at full resolution, but will run much faster. 
Let's reduce the total number of pixels by a factor of four (for example, half width and half 
height. We have four parameters that control the bilateral filter: color strength, positional 
strength, size, and repetition count. We need a temp Mat since bilateralFilter() can't  

 

 

overwrite its input (referred to as "in-place processing"), but we can apply one filter 
storing a temp Mat and another filter storing back to the input. We will perform this on a 
grayscale image with some noise reduction, so the previous code for converting the 
original image to grayscale and applying a 7 x 7 Median filter should be used by again. 

      

 The system is trained to automatically learn the internal representation of the necessary 
processing steps, such as finding useful road features, with a personal directional angle 
only as a training signal. We do not need to explicitly train it to find, for example, a 
roadmap. 

        End-of-life learning leads to better performance and smaller programs. Better 
performance results because the internal components do it themselves to increase the 
performance of the entire system, instead of improving the intermediate options chosen 
by man, e. g., route discovery. Such methods are logically preferred to translate people 
easily which does not automatically verify the operation of the system. Smaller networks 
are possible because the system learns to solve a problem with a small number of 
processing steps. 

 
  3.4.4  Setting up with openCV 
 

      Mastering OpenCV 4 with Python will give you the knowledge to build projects 
involving Open Source Computer Vision Library (OpenCV) and Python. These 
two technologies (the first one is a programming language, while the second one is a 
computer vision and machine learning library) will be introduced. Also, you will learn why 
the combination of OpenCV and Python has the potential to build every kind of computer 
application. Finally, an introduction about the main concepts related to the content of this 
book will be provided.  
 
In this chapter, you will be given step-by-step instructions to install everything you need to 
start programming with Python and OpenCV. This first chapter is quite long, but do not 
worry, because it is divided into easily assimilated sections, starting with general 
terminology and concepts, which assumes that the reader is new to this information. At the 
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end of this chapter, you will be able to build your first project involving Python and 
OpenCV.  
 
 
 
 
3.4.5 Image Basis in OpenCV 
 
        Images are a key component in a computer vision project because they provide, in 
many cases, the input to work with. Therefore, understanding main image concepts is the 
basic knowledge you need to start coding your computer vision projects. Also, some of the 
OpenCV library peculiarities, such as the coordinate system or the BGR order (rather than 
RGB), will be introduced. 
In this chapter, you will learn how to start writing your first scripts, which will introduce you 
to the OpenCV library. At the end of this chapter, you will have enough knowledge to start 
programming your first computer vision project in OpenCV and Python. 

 
 
3.4.6 Handling Files and Images 
  
         In any kind of project, coping with files and images is a key aspect. In this sense, 
many projects should work with files as forms of data input. Additionally, the project can 
generate some data after any kind of processing has been done, which can be outputted 
in the form of files or images. In computer vision, this information flow (input-processing-
output) takes special relevance due to the inherent characteristics of these types of 
projects (for example, images to be processed and models that are generated by machine 
learning algorithms). 
 
 
In this chapter, we are going to see how we can handle both files and images. You will 
learn how to cope with files and images, which are necessary for building computer vision 
applications. 
 
 
3.4.7 Constructing Basics shapes in OpenCV 
 
        One basic functionality offered by OpenCV is drawing basic shapes. OpenCV 
provides functions to draw lines, circles, rectangles, ellipses, and so on. When building a 
computer vision project, you usually want to modify the image by drawing some shapes. 
For example, if you develop a face detection algorithm, you should draw a rectangle 
highlighting the detected faces in the computed image. Additionally, if you develop a face 
recognition algorithm, you should draw a rectangle highlighting the detected faces and 
also write some text showing the identity of the detected faces. And finally, it is a common 
approach to write some debugging information. You could show, for example, the number 
of detected faces (in order to see the performance of your face detection algorithm) or the 
processing time. In this chapter, you are going to see how to draw basic and more 
advanced shapes using the OpenCV library.  
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3.4.8 Image Processing Techniques 
 
        Image processing techniques are the core of your computer vision projects. They can 
be seen as useful key tools, which you can use to complete various tasks. In other words, 
image processing techniques are like building blocks that should be kept in mind when 
processing your images. Therefore, a basic understanding of image processing is required 
if you are to work with computer vision projects. 
In this chapter, you will learn most of the common image processing techniques you need. 
These will be complemented by the other image processing techniques covered in the 
next three chapters of this book (histograms, thresholding techniques, contour detection, 
and filtering). 
 

   3.4.9 Haar-Feature based Cascade classifier for object detection 
The object detector described below has been initially proposed by Paul Viola  and 
improved by Rainer Lienhart First, a classifier  is trained with a few hundred sample views 
of a particular object (i.e., a face or a car), called positive examples, that are scaled to the 
same size (say, 20x20), and negative examples - arbitrary images of the same size.After a 
classifier is trained, it can be applied to a region of interest (of the same size as used 
during the training) in an input image. The classifier outputs a "1" if the region is likely to 
show the object (i.e., face/car), and "0" otherwise. To search for the object in the whole  
 
 
image one can move the search window across the image and check every location using 
the classifier. The classifier is designed so that it can be easily "resized" in order to be able 
to find the objects of interest at different sizes, which is more efficient than resizing the 
image itself. So, to find an object of an unknown size in the image the scan procedure 
should be done several times at different scales.The word "cascade" in the classifier name 
means that the resultant classifier consists of several simpler classifiers (stages) that are 
applied subsequently to a region of interest until at some stage the candidate is rejected or 
all the stages are passed. The word "boosted" means that the classifiers at every stage of 
the cascade are complex themselves and they are built out of basic classifiers using one 
of four different boosting techniques (weighted voting). Currently Discrete Adaboost, Real 
Adaboost, Gentle Adaboost and Logitboost are supported. The basic classifiers are 
decision-tree classifiers with at least 2 leaves. Haar-like features are the input to the basic 
classifiers, and are calculated as described below. The current algorithm uses the 
following Haar-like features: 
 

 
 

 
The feature used in a particular classifier is specified by its shape (1a, 2b etc.), position 
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within the region of interest and the scale (this scale is not the same as the scale used at 
the detection stage, though these two scales are multiplied). For example, in the case of 
the third line feature (2c) the response is calculated as the difference between the sum of 
image pixels under the rectangle covering the whole feature (including the two white 
stripes and the black stripe in the middle) and the sum of the image pixels under the black 
stripe multiplied by 3 in order to compensate for the differences in the size of areas. The 
sums of pixel values over a rectangular regions are calculated rapidly using integral 
images (see below and the integral description). There is a separate application called 
opencv_traincascade that can train a cascade of boosted classifiers from a set of samples. 
 

         Groups the object candidate rectangles. 
 
           Parameters: 
 
 

➢ rectList Input/output vector of rectangles. Output vector includes 
retained and grouped rectangles. (The Python list is not 
modified in place.) 

➢ groupThreshold Minimum possible number of rectangles minus 1. The 
threshold is used in a group of rectangles to retain it. 

➢ eps Relative difference between sides of the rectangles to merge 
them into a group.  

The function is a wrapper for the generic function partition . It clusters all the input 
rectangles using the rectangle equivalence criteria that combines rectangles with similar 
sizes and similar locations. The similarity is defined by eps. When eps=0 , no clustering is 
done at all. If eps→+inf , all the rectangles are put in one cluster. Then, the small clusters 
containing less than or equal to groupThreshold rectangles are rejected. In each other 
cluster, the average rectangle is computed and put into the output rectangle list. 

 
 
 

         3.5 Deep Learning with OpenCV 
      

     In the past few years, artificial intelligence (AI) has been a subject of intense media 
hype. Machine learning, deep learning, and AI come up in countless articles, often outside 
of technology-minded publications. We’re promised a future of intelligent chatbots, self-
driving cars, and virtual assistants—a future sometimes painted in a grim light and other  
times as utopian, where human jobs will be scarce and most economic activity will be 
handled by robots or AI agents. For a future or current practitioner of machine learning, it’s 
important to be able to recognize the signal in the noise so that you can tell world-
changing developments from overhyped press releases. Our future is at stake, and it’s a 
future in which you have an active role to play: after reading this book, you’ll be one of 
those who develop the AI agents 
 

 
       In the first part, we’ll discuss the OpenCV 3.3 release and the overhauled Dnn 
Module. We’ll then write a Python script that will use OpenCV and GoogleLeNet (pre-
trained on ImageNet) to classify images.Finally, we’ll explore the results of our 
classifications. 
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 3.5.1  Deep Learning inside OpenCV 3.3 

 
     The dnn module of OpenCV has been part of the Opencv_contrib repository since 
version v3.1. Now in OpenCV 3.3, it is included in the major repository.Deep Learning is a 
fast-growing domain of Machine Learning, and if you’re working in computer vision/image 
processing already (or getting up to speed), it’s a crucial area to explore. 
With OpenCV 3.3, we can use pre-trained networks with popular deep learning 
frameworks. That they are pre-trained implies that we don’t need to spend many hours 
training the network — rather we can complete a forward pass and use the output to 
decide within our application. 
 
    OpenCV does not (and does not intend to be) to be a tool for training networks — there 
are already great frameworks available for that purpose. Since a network (such as a CNN) 
can a classifier, it makes logical sense that OpenCV has a Deep Learning module that we 
can leverage easily within the OpenCV ecosystem. 
 
Popular network architectures compatible with OpenCV 3.3 include: 
 
➢ GoogleLeNet (used in this blog post) 
➢ AlexNet 
➢ SqueezeNet 
➢ VGGNet (and associated flavors) 
➢ ResNet 

 
The release notes for this module are available on the OpenCV repository page. 
Aleksandr Rybnikov, the main contributor for this module, has ambitious plans for this 
module so be sure to stay on the lookout and read his release notes (in Russian, so make 
sure you have Google Translation enabled in your browser if Russian is not your native 
language).It’s my opinion that there dnn the module will have a big impact on the OpenCV 
community, so let’s get the word out. 
 
3.5.2 Configure your machine with OpenCV 3.3 
 
      Installing OpenCV 3.3 is on par with installing other versions. The same install tutorials 
can be utilized — just make sure you download and use the correct release. 
 
Simply follow these instructions for macOS or Ubuntu while making sure to use the 
OpenCV and opencv_contrib releases for OpenCV 3.3. If you opt for the MacOS + 
homebrew install instructions, be sure to use the --HEAD switch (among the others 
mentioned) to get the bleeding edge version of OpenCV.If you’re using virtual 
environments (highly recommended), you can easily install OpenCV 3.3 alongside a 
previous version. Just create a brand new virtual environment (and name it appropriately) 
as you follow the tutorial corresponding to your system. 
 
3.5.3 OpenCV deep learning functions and frameworks 
 
      OpenCV 3.3 supports the Caffe, TensorFlow, and Torch/approach frameworks. 
Keras is currently not supported (since Keras is a wrapper around backends such as 
TensorFlow and Theano), although I imagine it’s only a matter of time until Keras is 
directly supported given the popularity of the deep learning library 

https://github.com/opencv/opencv/wiki/Deep-Learning-in-OpenCV
https://habrahabr.ru/company/intel/blog/333612/
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Using OpenCV 3.3 we can load images from disk using the following functions inside  
Dnn: 
 

➢  cv2.dnn.blobFromImage 

➢  cv2.dnn.blobFromImages 

 

We can directly import models from various frameworks via the “create” methods: 
 

➢ cv2.dnn.createCaffeImporter 

➢ cv2.dnn.createTensorFlowImporter 

➢ cv2.dnn.createTorchImporter 

 

Once we have loaded a model from disk, the `.forward` method is used to forward-
propagate our image and obtain the actual classification. 

 
3.5.4 Classifying images using deep learning and OpenCV 
 
     In this, we’ll be creating a Python script that can be used to classify input images using 

OpenCV and GoogLeNet (pre-trained on ImageNet) using the Caffe framework. The 
GoogLeNet architecture (now known as “Inception” after the novel micro-architecture) was 
introduced by Szegedy et al. in their 2014 paper, Going deeper with convolutions.It also 
supported other architectures with OpenCV 3.3 including AlexNet, ResNet, and 
SqueezeNet — we’ll be examining these architectures for deep learning with OpenCV in a 
future blog post.In the meantime, let’s learn how we can load a pre-trained Caffe model 
and use it to classify an image using OpenCV. To begin, open up a new file, name 
it deep_learning_with_opencv.py We can create an argument parser followed by 
establishing four required command line arguments  

 

 

➢ --image 
: The path to the input image. 

➢ --prototxt 
: The path to the Caffe “deploy” prototxt file. 

➢ --model 
: The pre-trained Caffe model (i.e,. the network weights themselves). 

➢ --labels 
: The path to ImageNet labels (i.e., “syn-sets”). 
 
Now that we’ve established our arguments, we parse them and store them in a 
variable, args, for easy access later. we load the image from disk via cv2.imread. As you 
can see, we have a unique identifier followed by a space, some class labels, and a new-
line. Parsing this file line-by-line is straightforward and efficient using Python.First, we load 
the class label rows from disk into a list. To do this we strip whitespace from the beginning 
and end of each line while using the new-line (‘\n ‘) as the row delimiter. Second, we use 
list comprehension to extract the relevant class labels from rows by looking for the space (‘ 
‘) after the ID, followed by delimiting class labels with a comma (‘, ‘).  
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Since we’ve opted to use Caffe, we utilize cv2.dnn.readNetFromCaffe to load our Caffe 
model definition prototxtand pre-trained model  from disk .If you are familiar with Caffe, 
you’ll recognize the prototxt file as a plain text configuration which follows a JSON-like 
structurerecommend that open bvlc_googlenet.prototxt from the “Downloads” section in a 
text editor to inspect it. 
 
It is important to note at this step that we aren’t training a CNN — rather, we are making 
use of a pre-trained network. Therefore we are just passing the blob through the 
network (i.e., forward propagation) to obtain the result (no back-propagation).First, we 
specify blob as ourinputSecond, we make a start timestamp, followed by passing our input 
image through the network and storing the predictions. Finally, we set an endtimestamp so 
we can calculate the difference and print the elapsed time. Using NumPy, we can easily 
sort and extract the top five predictions The idea for this loop is to 
 

(1) draw the top prediction label on the image itself and 
 

(2) print the associated class label probabilities to the terminal. Lastly, we display the image to 
the screen and wait for the user to press a key before exiting  

 
 
 3.5.5 Deep learning and OpenCV classification results 
 
            Now that we have implemented our Python script to utilize deep learning with 
OpenCV, let’s go ahead and apply it to a few example images.Make sure you use 
the “Downloads” section of this blog post to download the source code + pre-trained 
GoogLeNet architecture + example images.In the above example, we have Jemma, the 
family beagle. Using OpenCV and GoogLeNet we have correctly classified this image 
as “beagle”.Furthermore, inspecting the top-5 results we can see that the other top  
 

 
predictions are also relevant, all of them of which are dogs that have similar physical 
appearances as beagles.Taking a look at the timing we also see that the forward pass 
took < 1 second, even though we are using our CPU.Keep in mind that the forward pass is 
substantially faster than the backward pass as we do not need to compute the gradient 
and backpropagate through the network. 
 
 

          3.6 Machine Learning in Python 
 

         Machine learning is an application of artificial intelligence that provides computers 
(and other systems with the certain capability of computation) with the capability to 
automatically make predictions or decisions fromexperience without being explicitly 
programmed to carry out the task. The concept of machine learning has been around for a 
long time, but it has been gaining momentum over the last several years mainly due to 
three key factors: 
 

➢ There is enormously increased data. 
➢ There are significantly improved algorithms. 
➢ There is substantially more powerful computer hardware. Virtual personal assistants (for 

example, smart speakers or mobile apps), predictions while commuting (traffic predictions 
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or navigation services), video systems (surveillance camera systems or license plate 
recognition systems), and e-commerce applications (recommendation systems or 
automatic price-comparison applications) are only a few examples of machine learning 
applications... 

 
To Install the required Python machine learning libraries Before we can get started with 
this, you first need to make sure your system is configured for machine learning. code 
requires the following libraries: 
 

➢ NumPy: For numerical processing with Python. 
➢ PIL: A simple image processing library. 
➢ scikit-learn: Contains the machine learning algorithms we’ll cover today (we’ll need 

version 0.20+ which is why you see the --upgrade the flag below). 
➢ Keras and TensorFlow: For deep learning. The CPU version of TensorFlow is fine, for 

today’s example. 
➢ OpenCV: While we aren’t using OpenCV for this blog post, imutils depend upon it (next 

bullet). Because of this, you can simply use pip to install OpenCV, just remember you 
won’t have the full install of OpenCV and you can’t customize it. 

➢ imutils:  package of image processing/computer vision convenience functions 
 
 

3.7 Learning Representation from data 
 

     To define deep learning and understand the difference between deep learning and 
other machine-learning approaches, first we need some idea of what machine--learning 
algorithms do. I just stated that machine learning discovers rules to execute a data-
processing task, given examples of what’s expected. So, to do machine learning, we need 
three things 
 

 
➢ Input data points— For instance, if the task is speech recognition, these data 

points could be sound files of people speaking. If the task is image tagging, they 
could be pictures. 

➢ Examples of the expected output— In a speech-recognition task, these could be 
human-generated transcripts of sound files. In an image task, expected outputs 
could be tags such as “dog,” “cat,” and so on. 

➢ A way to measure whether the algorithm is doing a good job— This is necessary 
in order to determine the distance between the algorithm’s current output and its 
expected output. The measurement is used as a feedback signal to adjust the 
way the algorithm works. This adjustment step is what we call learning. 
 

A machine-learning model transforms its input data into meaningful outputs, a process that 
is “learned” from exposure to known examples of inputs and outputs. Therefore, the 
central problem in machine learning and deep learning is to meaningfully transform data: 
in other words, to learn useful representations of the input data at hand—representations 
that get us closer to the expected output. Before we go any further: what’s a 
representation? At its core, it’s a different way to look at data—to represent or encode 
data. For instance, a color image can be encoded in the RGB format (red-green-blue) or in 
the HSV format (hue-saturation-value): these are two different representations of the same 
data. Some tasks that may be difficult with one representation can become easy with 
another. For example, the task “select all red pixels in the image” is simpler in the RGB 
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format, whereas “make the image less saturated” is simpler in the HSV format. Machine-
learning models are all about finding appropriate representations for their input data—
transformations of the data that make it more amenable to the task at hand, such as a 
classification task. 
 
 

 
 

                                                                      Fig 3.7    Some sample data 
 

As you can see, we have a few white points and a few black points. Let’s say we want to develop 
an algorithm that can take the coordinates (x, y) of a point and output whether that point is likely to 
be black or to be white.  

 
➢ The inputs are the coordinates of our points. 
➢ The expected outputs are the colors of our points. 
➢ A way to measure whether our algorithm is doing a good job could be, for instance, the 

percentage of points that are being correctly classified. 
 
 
 
 

What we need here is a new representation of our data that cleanly separates the white 
points from the black points. One transformation we could use, among many other 
possibilities, would be a coordinate change, In this new coordinate system, the 
coordinates of our points can be said to be a new representation of our data. And it’s a 
good one! With this representation, the black/white classification problem can be 
expressed as a simple rule: “Black points are such that x > 0,” or “White points are such 
that x < 0.” This new representation basically solves the classification problem.In this case, 
we defined the coordinate change by hand. But if instead we tried systematically searching 
for different possible coordinate changes, and used as feedback the percentage of points 
being correctly classified, then we would be doing machine learning. Learning, in the 
context of machine learning, describes an automatic search process for better 
representations. 
 
All machine-learning algorithms consist of automatically finding such transformations that 
turn data into more-useful representations for a given task. These operations can be 
coordinate changes, as you just saw, or linear projections (which may destroy 
information), translations, nonlinear operations (such as “select all points such that x > 0”), 
and so on. Machine-learning algorithms aren’t usually creative in finding these 
transformations; they’re merely searching through a predefined set of operations, called a 
hypothesis space.So that’s what machine learning is, technically: searching for useful 
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representations of some input data, within a predefined space of possibilities, using 
guidance from a feedback signal. This simple idea allows for solving a remarkably broad 
range of intellectual tasks, from speech recognition to autonomous car driving.Now that 
you understand what we mean by learning, let’s take a look at what makes deep learning 
special 
 
3.8  The “Deep” In Deep Learning 
 
      Deep learning is a specific subfield of machine learning: a new take on learning 
representations from data that puts an emphasis on learning successive layers of 
increasingly meaningful representations. The deep in deep learning isn’t a reference to 
any kind of deeper understanding achieved by the approach; rather, it stands for this idea 
of successive layers of representations. How many layers contribute to a model of the data 
is called the depth of the model. Other appropriate names for the field could have been 
layered representations learning and hierarchical representations learning. Modern deep 
learning often involves tens or even hundreds of successive layers of representations—
and they’re all learned automatically from exposure to training data. Meanwhile, other 
approaches to machine learning tend to focus on learning only one or two layers of 
representations of the data; hence, they’re sometimes called shallow learning. 
 
In deep learning, these layered representations are (almost always) learned via models 
called neural networks, structured in literal layers stacked on top of each other. The term 
neural network is a reference to neurobiology, but although some of the central concepts 
in deep learning were developed in part by drawing inspiration from our understanding of 
the brain, deep-learning models are not models of the brain. There’s no evidence that the 
brain implements anything like the learning mechanisms used in modern deep-learning 
models. You may come across pop-science articles proclaiming that deep learning works 
like the brain or was modeled after the brain, but that isn’t the case. It would be confusing 
 
 
 and counterproductive for newcomers to the field to think of deep learning as being in any 
way related to neurobiology; you don’t need that shroud of “just like our minds” mystique 
and mystery, and you may as well forget anything you may have read about hypothetical 
links between deep learning and biology. For our purposes, deep learning is a 
mathematical framework for learning representations from data 
 
 
 
3.9 Probabilistic model 
 
Probabilistic modeling is the application of the principles of statistics to data analysis. It 
was one of the earliest forms of machine learning, and it’s still widely used to this day. One 
of the best-known algorithms in this category is the Naive Bayes algorithm. 
 
Naive Bayes is a type of machine-learning classifier based on applying Bayes’ theorem 
while assuming that the features in the input data are all independent (a strong, or “naive” 
assumption, which is where the name comes from). This form of data analy-sis predates 
computers and was applied by hand decades before its first computer implementation 
(most likely dating back to the 1950s). Bayes’ theorem and the foundations of statistics 
date back to the eighteenth century, and these are all you need to start using Naive Bayes 
classifiers. 
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A closely related model is the logistic regression (logreg for short), which is sometimes 
considered to be the “hello world” of modern machine learning. Don’t be misled by its 
name—logreg is a classification algorithm rather than a regression algorithm. Much like 
Naive Bayes, logreg predates computing by a long time, yet it’s still useful to this day, 
thanks to its simple and versatile nature. It’s often the first thing a data scientist will try on 
a dataset to get a feel for the classification task at hand. 
 
3.10 Kernel Methods 
 
As neural networks started to gain some respect among researchers in the 1990s, thanks 
to this first success, a new approach to machine learning rose to fame and quickly sent 
neural nets back to oblivion: kernel methods. Kernel methods are a group of classification 
algorithms, the best known of which is the support vector machine (SVM). The modern 
formulation of an SVM was developed by Vladimir Vapnik and Corinna Cortes in the early 
1990s at Bell Labs and published in 1995, although an older linear formulation was 
published by Vapnik and Alexey Chervonenkis as early as 1963.Vladimir Vapnik and 
Corinna Cortes, “Support-Vector Networks,” Machine Learning 20, no. 3 (1995): 273–
297.Vladimir Vapnik and Alexey Chervonenkis, “A Note on One Class of Perceptrons,” 
Automation and Remote Control 25 (1964). 
 
SVMs aim at solving classification problems by finding good decision boundaries  between 
two sets of points belonging to two different categories. A decision boundary can be 
thought of as a line or surface separating your training data into two spaces corresponding 
to two categories. To classify new data points, you just need to check which side of the 
decision boundary they fall on. 

 
 

3.11 Datasets 
   
     To help you gain experience performing machine learning in Python, we’ll be working 
with two separate datasets.The first one, the Iris dataset, is the machine learning 
practitioner’s equivalent of “Hello, World!” (likely one of the first pieces of software you 
wrote when learning how to program).The second dataset, 3-scenes, is an example image  
dataset I put together — this dataset will help you gain experience working with image 
data, and most importantly, learn what techniques work best for numerical/categorical 
datasets vs. image datasets.Let’s go ahead and get a more intimate look at these 
datasets. 
 

        3.12 The Iris dataset 
     
     The Iris dataset is arguably one of the most simplistic machine learning datasets — it is 
often used to help teach programmers and engineers the fundamentals of machine 
learning and pattern recognition. 
We call this dataset the “Iris dataset” because it captures attributes of three Iris flower 
species: 
 

1. Iris Setosa 
2. Iris Versicolor 
3. Iris Virginica 

 



20  

Each species of flower is quantified via four numerical attributes, all measured in 
centimeters: 
 

1. Sepal length 
2. Sepal width 
3. Petal length 
4. Petal width 

 
 
Our goal is to train a machine learning model to correctly predict the flower species from 
the measured attributes.It’s important to note that one of the classes is linearly separable 
from the other two — the latter are not linearly separable from each other.In order to 
correctly classify these the flower species, we will need a non-linear model.It’s extremely 
common to need a non-linear model when performing machine learning with Python in the 
real world — the rest of this tutorial will help you gain this experience and be more 
prepared to conduct machine learning on your own datasets. 
 
 
3.13 The 3-scenes image dataset 
 
   The second dataset we’ll be using to train machine learning models is called the 3-
scenes dataset and includes 948 total images of 3 scenes: 
 
 
 

➢ Coast (360 of images) 
➢ Forest (328 of images) 
➢ Highway (260 of images) 

The 3-scenes dataset was created by sampling the 8-scenes dataset from Oliva and 
Torralba’s 2001 paper, Modeling the shape of the scene: a holistic representation of the 
spatial envelope. 
 
 
 

3.13.1 Steps to perform machine learning in Python 
 
   Whenever you perform machine learning in Python I recommend starting with a simple 
5-step process: 
 

1. Examine your problem 
2. Prepare your data (raw data, feature extraction, feature engineering, etc.) 
3. Spot-check a set of algorithms 
4. Examine your results 
5. Double-down on the algorithms that worked best 

 
This pipeline will evolve as your machine learning experience grows, but for beginners, 
this is the machine learning process I recommend for getting started.the more you apply 
machine learning in Python, the more experience you will gain.Based on your previous 
experience you may already know an algorithm that works well.From there, you need 
to prepare your data.Typically this step involves loading your data from disk, examining it, 
and deciding if you need to perform feature extraction or feature engineering.Feature 
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extraction is the process of applying an algorithm to quantify your data in some manner. 
For example, when working with images we may wish to compute histograms to 
summarize the distribution of pixel intensities in the image — in this manner, we can 
characterize the color of the image.Feature engineering, on the other hand, is the process 
of transforming your raw input data into a representation that better represents the 
underlying problem.Feature engineering is a more advanced technique and one I 
recommend you explore once you already have some experience with machine learning 
and Python. the following machine learning algorithms in your toolbox: 
 

➢ A linear model (ex. Logistic Regression, Linear SVM), 
➢ A few non-linear models (ex. RBF SVMs, SGD classifiers), 
➢ Some tree and ensemble-based models (ex. Decision Trees, Random Forests). 
➢ A few neural networks, if applicable (Multi-layer Perceptrons, Convolutional Neural 

Networks) 
 
Try to bring a robust set of machine learning models to the problem — your goal here is to 
gain experience on your problem/project by identifying which machine learning algorithms 
performed well on the problem and which ones did not. 

 
 
3.14 machine learning project structure 
 
     The Iris dataset is built into scikit-learn. The 3-scenes dataset, however, is not. I’ve 
included it in the 3scenes/directory and as you can see there are three subdirectories 
(classes) of images. 
 
 
We’ll be reviewing four Python machine learning scripts today: 

➢ classify_iris.py 
 : Loads the Iris dataset and can apply any one of seven machine learning algorithms with 
a simple command line argument switch. 

➢ classify_images.py 
 : Gathers our image dataset (3-scenes) and applies any one of seven Python machine 
learning algorithms 

➢ nn_iris.py 
 : Applies a simple multi-layer neural network to the Iris dataset 

➢ basic_cnn.py 
 : Builds a Convolutional Neural Network (CNN) and trains a model using the 3-scenes 
dataset 
 
3.14.1 Implementing Python machine learning for numerical data 
 
    The first script we are going to implement is classify_iris.py this script will be used to 
spot-check machine learning algorithms on the Iris dataset.Once implemented, we’ll be 
able to use classify_iris.py to run a suite of machine learning algorithms on the Iris dataset, 
look at the results, and decide on which algorithm works best for the project. 
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➢ Our Python machine learning methods from scikit-learn  
➢ A dataset splitting method used to separate our data into training and testing subsets  
➢ The classification report utility from scikit-learn which will print a summarization of our 

machine learning results  
➢ Our Iris dataset, built into scikit-learn A tool for command line argument 

parsing called Argparse 

 

3.14.2  Implementing Python machine learning for images 
 

      classify_images.py , is used to train the same suite of machine learning algorithms 

above, only on the 3-scenes image dataset.It is very similar to our previous Iris dataset 

classification script, so be sure to compare the two as you follow along.Most machine learning 

algorithms perform very poorly on raw pixel data. Instead, we perform feature extraction to 

characterize the contents of the images. 
Here we seek to quantify the color of the image by extracting the mean and standard 
deviation for each color channel in the image.Given three channels of the image (Red, 
Green, and Blue), along with two features for each (mean and standard deviation), we 
have 3 x 2 = 6 total features to quantify the image. We form a feature vector by 
concatenating the values. 

 
 

3.15 Detection and Recognition 

 
Face processing is a hot topic in artificial intelligence because a lot of information can be 
automatically extracted from faces using computer vision algorithms. The face plays an 
important role in visual communication because a great deal of non-verbal information, 
such as identity, intent, and emotion, can be extracted from human faces. Face processing 
is a really interesting topic for computer vision learners because it touches on different 
areas of expertise, such as object detection, image processing, and landmark detection or 
object tracking. 

 
In this chapter, you will be introduced to the main topics related to face processing using 
state-of-the-art algorithms and techniques in order to achieve impressive results. 

 

https://pyimagesearch.com/2018/03/12/python-argparse-command-line-arguments/
https://pyimagesearch.com/2018/03/12/python-argparse-command-line-arguments/
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Fig. 2. Face Detection Algorithm 

 

      Simple colour thresholds dependent on HSV (Hue-Saturation-Brightness) or RGB 
(Red-Green-Blue) values, as well as colour histogram estimation and re-projection, as 
well as advanced Mixture model machine-learning algorithms including CIE Lab colour 
space camera tuning and offline preparation for multiple sample faces, are used to detect 
skin regions. Also the most sophisticated approaches, however, do not always work 
effectively in a variety of camera and lighting conditions, as well as for different skin 
types. We can use a basic skin-detection system because We want our skin detection to 
work without any calibration or planning on a mobile device, and we're just using it as a 
"fun" image filter. However, since the colour response of mobile device camera sensors 
varies significantly, we need something more powerful than basic colour thresholds to 
identify skin for people of any skin colour without calibration. 
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3.12  Face Recognition 

 
            With the development of computer vision, machine learning, and deep learning, 
face recognition has become a hot topic. Face recognition can be applied to a wide range 
of uses, including crime prevention, surveillance, forensic applications, biometrics, and, 
more recently, in social networks. Automatic face recognition has various challenges, such 
as occlusions, appearance variations, expression, aging, and scale variations. Following 
its success with object recognition, CNNs have been widely used for face recognition. 
In this chapter, we will see the functionality that OpenCV offers in connection with face 
recognition, and will also explore some deep learning approaches, which can be easily 
integrated into your computer vision projects to perform state-of-the-art face recognition 
results. 

 

        The AT&T Face collection, also known as the ORL Faces Database, features ten 
separate photographs of each of the 40 subjects. The photographs of those participants 
were captured at different times of the day, with different lighting, facial expressions 
(open vs. closed eyes, smile vs. no smile), and facial characteristics (glasses vs. no 
glasses). The models were photographed in a frontal, erect position against a dark, 
uniform background. 

 

 

 

Fig. 3.Block Diagram of face recognization 

 

       Fisherfaces and Eigenfaces use a more An all-encompassing approach to facial 
recognition. In high-dimensional image space, the data is viewed as a vector. Since high  

 

dimensionality is negative, a lower-dimensional subspace is located where (hopefully) 
valuable knowledge can be retained. Where the variation is caused from an external 
source, the Eigenfaces solution maximises overall scatter, which can cause issues. 
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We used a Fisherfaces process and optimised it with To hold any discriminative results, 
use a Linear Discriminant Analysis. At least in our model's constrained case, the 
Fisherfaces method performed admirably. 

 

      Now, life isn't always fine. You obviously cannot guarantee perfect lighting or ten 
separate images of an individual in your images.So, what if each individual only has one 
image? Our covariance estimates for the subspace, as well as the identification, could be 
terribly incorrect.On the AT&T Facedatabase, the Eigenfaces approach had a 96 percent 
recognition score. How many photographs do you need to provide some precise 
estimates? The Rank-1 identification the Eigenfaces’rates and Fisher faces methods on 
AT&T Facedatabase, a quick image database, are as follows: 

 

    The query module retrieves site information stored in indexes to process all user 
queries. Some famous web pages may be retrieved directly from the page repository if 
their information is not stored in indexes. The rating module mentioned in the following 
subsection will filter the results shown on the user's computer screen. 

 

3.12.1 Face Database 

 

➢ AT&T Facedatabase The AT&T Facedatabase, sometimes also referred to as ORL 
Database of Faces, contains ten different images of each of 40 distinct subjects. 
For some subjects, the images were taken at different times, varying the lighting, 
facial expressions (open / closed eyes, smiling / not smiling) and facial details 
(glasses / no glasses). All the images were taken against a dark homogeneous 
background with the subjects in an upright, frontal position (with tolerance for some 
side movement). 

➢ Yale Facedatabase A, also known as Yalefaces. The AT&T Facedatabase is good 
for initial tests, but it's a fairly easy database. The Eigenfaces method already has a 
97% recognition rate on it, so you won't see any great improvements with other 
algorithms. The Yale Facedatabase A (also known as Yalefaces) is a more 
appropriate dataset for initial experiments, because the recognition problem is 
harder. The database consists of 15 people (14 male, 1 female) each with 11 
grayscale images sized 320×243 pixel. There are changes in the light conditions 
(center light, left light, right light), facial expressions (happy, normal, sad, sleepy, 
surprised, wink) and glasses (glasses, no-glasses). 

➢ The original images are not cropped and aligned. Please look into the Appendix for 
a Python script, that does the job for you. 

➢ Extended Yale Facedatabase B The Extended Yale Facedatabase B contains 2414 
images of 38 different people in its cropped version. The focus of this database is 
set on extracting features that are robust to illumination, the images have almost no 
variation in emotion/occlusion/ I personally think, that this dataset is too large for the 
experiments I perform in this document. You better use the AT&T Facedatabase for 
intial testing. A first version of the Yale Facedatabase B was used in  to see how 
the Eigenfaces and Fisherfaces method perform under heavy illumination 
changes.  used the same setup to take 16128 images of 28 people. The Extended 
Yale Facedatabase B is the merge of the two databases, which is now known as 
Extended Yalefacedatabase B. 

 
 

http://www.cl.cam.ac.uk/research/dtg/attarchive/facedatabase.html
http://vision.ucsd.edu/content/yale-face-database
https://docs.opencv.org/3.4/da/d60/tutorial_face_main.html#face_appendix
http://vision.ucsd.edu/~leekc/ExtYaleDatabase/ExtYaleB.html
http://www.cl.cam.ac.uk/research/dtg/attarchive/facedatabase.html
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        3.12.2 Eigenfaces in OpenCV 
 

The problem with the image representation we are given is its high dimensionality. Two-
dimensional p×q grayscale images span a m=pq-dimensional vector space, so an image 
with 100×100 pixels lies in a 10,000-dimensional image space already. The question is: 
Are all dimensions equally useful for us? We can only make a decision if there's any 
variance in data, so what we are looking for are the components that account for most of 
the information. The Principal Component Analysis (PCA) was independently proposed 
by Karl Pearson (1901) and Harold Hotelling (1933) to turn a set of possibly correlated 
variables into a smaller set of uncorrelated variables. The idea is, that a high-dimensional 
dataset is often described by correlated variables and therefore only a few meaningful 
dimensions account for most of the information. The PCA method finds the directions with 
the greatest variance in the data, called principal components. 
 
The Eigenfaces method then performs face recognition by: 

➢ Projecting all training samples into the PCA subspace. 
➢ Projecting the query image into the PCA subspace. 
➢ Finding the nearest neighbor between the projected training images and the projected 

query image. 
Still there's one problem left to solve. Imagine we are given 400 images sized 100×100 pixel. 
The Principal Component Analysis solves the covariance matrix S=XXT, 
where size(X)=10000×400 in our example. You would end up with a 10000×10000 matrix, 
roughly 0.8GB. Solving this problem isn't feasible, so we'll need to apply a trick. From your 
linear algebra lessons you know that a M×N matrix with M>N can only have N−1 non-zero 
eigenvalues. The resulting eigenvectors are orthogonal, to get orthonormal eigenvectors 
they need to be normalized to unit length. I don't want to turn this into a publication, so 
please look into  for the derivation and proof of the equations. 

 
 
        3.12.3 Fisherfaces in OpenCV 
 

The Principal Component Analysis (PCA), which is the core of the Eigenfaces method, 
finds a linear combination of features that maximizes the total variance in data. While this 
is clearly a powerful way to represent data, it doesn't consider any classes and so a lot of 
discriminative information may be lost when throwing components away. Imagine a 
situation where the variance in your data is generated by an external source, let it be the 
light. The components identified by a PCA do not necessarily contain any discriminative 
information at all, so the projected samples are smeared together and a classification 
becomes impossible  
The Linear Discriminant Analysis performs a class-specific dimensionality reduction and 
was invented by the great statistician  He successfully used it for classifying flowers in his 
1936 paper The use of multiple measurements in taxonomic problems In order to find the 
combination of features that separates best between classes the Linear Discriminant 
Analysis maximizes the ratio of between-classes to within-classes scatter, instead of 
maximizing the overall scatter. The idea is simple: same classes should cluster tightly 
together, while different classes are as far away as possible from each other in the lower-
dimensional representation. This was also recognized 
by Belhumeur, Hespanha and Kriegman and so they applied a Discriminant Analysis to 
face recognition  . 

 

http://en.wikipedia.org/wiki/Karl_Pearson
http://en.wikipedia.org/wiki/Harold_Hotelling
http://www.cs.columbia.edu/~belhumeur/
http://www.ece.ucsb.edu/~hespanha/
http://cseweb.ucsd.edu/~kriegman/
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    3.13 Fire detection 
 

                      Recent advancements in embedded processing have allowed vision-based 
systems to detect fire using Convolutional Neural Networks during surveillance. In this, 
we have implemented two custom CNN models for a cost-effective fire detection CNN 
architecture for surveillance videos. The first model is a customized basic CNN 
architecture. We will implement and see its output and limitations and create a 
customized InceptionV3 model. To balance the efficiency and accuracy, the model is 
fine-tuned considering the target problem and fire data. We are going to use three 
different datasets for training our models. 

 
3.13.1 Creating the customized CNN architecture 
 
        We are going to use TensorFlow API Keras for building our model. Let’s first create 
our ImageDataGenerator for labeling our data. [1] and [2] datasets are used here. Finally, 
we will have 980 images for training and 239 images for validation. We are going to use 
data augmentation as well. Now, we will create our CNN model. The model contains three 
Conv2D-MaxPooling2D layer pairs followed by 3 Dense layers. To overcome the problem 
of over-fitting, we will also add dropout layers. The last layer is the Softmax layer, which 
will give us the probability distribution for both the classes — Fire and Nonfire. 

 
 
 

 
Fig 3.13.1 training and validation accuracy 
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Fig 3.13.1 training and validation loss 
 
 

        3.13.2  Creating customized InceptionV3 model 
    
         We will use a different dataset this time, the one which contains outdoor and indoor 
fire images. I have trained our previous CNN model in this dataset and the result was that 
it over-fitted, as it could not handle this comparatively larger dataset and learn complex 
features from the images. 
Let’s start with creating the ImageDataGenerator for our customized InceptionV3. The 
dataset contains 3 classes, but for this article, we will only use 2 classes. It contains 1800 
images for training and 200 images for validation. Also, I added 8 images of my living 
room to add some noise to the dataset. 
To make training even more accurate we can use data augmentation techniques. In the 
above code, 2 data augmentation techniques are applied — horizontal flipping and 
zooming. 
 
 
 
 
Let’s import our InceptionV3 model from the Keras API. We will add our layers at the top 
of the InceptionV3 model as shown below. We will add a global spatial average pooling 
layer followed by 2 dense layers and 2 dropout layers to ensure that our model does not 
overfit. At last, we will add a softmax activated dense layer for 2 classes. 
Next, we will first train only the layers that we added and are randomly initialized. We will 
use RMSprop as an optimizer here. 
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Fig 13.13.2 Creating customized InceptionV3 model 

3.13.3  Real-time testing 
      
       Now, our model is ready to be tested with real scenarios. Below is the sample code 
for using OpenCV to access our webcam and predicting whether each frame contains fire 
or not. If a frame contains fire in it, we want to change the color of that frame to B&W. 
Using smart cameras you can identify various suspicious incidents such as collisions, 
 
 
 medical emergencies, and fires. Of such, fire is the most dangerous abnormal 
occurrence, because failure to control it at an early stage can lead to huge disasters, 
leading to human, ecological and economic losses. Inspired by the great potential of 
CNNs, we can detect fire from images or videos at an early stage. This article shows two 
custom models for fire detection. Considering the fair fire detection accuracy of the CNN 
model, it can be of assistance to disaster management teams in managing fire disasters 
on time, thus preventing huge losses. 
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CHAPTER 4 

 

METHODOLOGY 

  

4.1 SYSTEM REQUIREMENTS: 

 

 

 4.1.1 Software Requirements: 

  

Software requirements deals with defining resources requirements and 

prerequisites that needs to be installed on a computer to provide functioning of an 

application the minimal software requirements are as follows, 

 
➢ Front end      : python 

➢ IDE : Python 3.7 

➢ OS :Windows 10,7. 

 

 

 4.1.2 Hardware Requirements: 

  

The most common set of requirements defined by any operating system or 

software application is the physical computer resources, also known as hardware. The 

minimal hardware requirements are as follows. 

➢ Max 5mp camera 

 
 

 4.2  ARCHITECTURE DIAGRAM 

  

An architectural diagram is a diagram of a system that is used to abstract the overall 
outline of the software system and the relationships, constraints, and boundaries 
between components. It is an important tool as it provides an overall view of the physical 
deployment of the software system and its evolution roadmap. 
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 4.2.1 System Architecture: 

 

 

 

Fig 4.2.1 architecture diagram 

 

 

4.3  MODULES DESCRIPTION 

 

 

Monitor : 

 

      As effective as having a manned security guard on-site–when threats are spotted, 
they are dealt with Track every move the potential intruder or criminal makes. You’ll miss 
less and convict more. Peace of mind. An online portal is installed to see what the 
external monitoring station–peace of mind knowing the job took actions is being done 
correctly The operators then use pan and zoom cameras to look at the alarm's cause. 
The operator will take appropriate action if suspicious activity is detected. They will 
contact the emergency services and your site's key holder. 

 

In-out : 

 

     Alarm inputs are for sensors like motion detectors and magnets even allow the lens to 
be zoomed closer or farther. It takes the snap whoever enters which is detected by In/Out 
module and saves it into our local PC 
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Recording : 

 

     The record module is used to record the video, and it will save the recorded video on 
a local PC.It will record and able to store the particular data until it restore for the new 
recording 

 

Fire detection : 

 

       The feature detects the fire and alerts the user by a sound alarm in the next few 
minutes.it detects the fire occurrence, one or more detectors will operate. This action 
closes the circuit which the fire control panel recognizes as an emergency condition. The 
panel will then activate one or more signaling circuits to sound building alarms and 
summon emergency help. The panel may also signal another alarm panel so that it can 
be monitored from a remote point. 

 

 

 Rectangle:  

 

       It is the feature used to detect the motion in a particular portion of the area. The user 
can choose the portion if there is any motion in that portion of it gives the signal to the 
admin. And also it detects and captures the motion and saves the image on the local PC. 

 



33  

4.4 ANALYSING  AND  ACCESSING DATA 

 
1. Training theModel 

 
 

 

Fig. 5. Training the Model (At beginning) 
 

 

Fig. 6. Training the Model (At end) 

In fig. 5, It starts training the model and we can see the training accuracy value. The loss 
values in higher in the beginning of training the model, which means the accuracy is lesser. 

In fig. 6, the loss value is reduced which means the accuracy in increased after 
repeating the process. 

The process is repeated till 30 epoch and finally the model gets trained and the model is 
stored at the following directory.After training we can visualize the graph using 
tensorboardFig.7 . 
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2. GraphVisualization 

 

Fig. 7.Tensorboard:TensorFlow’s visualization toolkit 

 

     So in order to get good recognition rates you'll need at least 8(+-1) images for each 
person and the Fisherfaces method doesn't really help here. The above experiment is a 10-
fold cross validated result carried out with the facerec framework at: 
https://github.com/bytefish/facerec. This is not a publication, so I won't back these figures 
with a deep mathematical analysis. Please have a look into [141] for a detailed analysis of 
both methods, when it comes to small training datasets. 

 

3. Running the model through dataset 

The trained network is used to generate  steering commands from a single front-
facingcamera. 

 

Fig. 8. Running the model through data set 
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4. Running the model through live web camfeed 

 

 

 
 

 

 

 

 

 

 

 
 Fig. 9. Running the model through live web cam feed 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



36  

  CHAPTER 5 

RESULT AND DISCUSSION 

 

RESULT  

 
     The project is done with the GUI interface for the user so that the user can interact with 
the application easier. The model is getting trained with an open cv module in machine 
learning and deploy into the model By using the Machine Learning methods we deployed 
several modules to make the CCTV system smarter. The modules are the CCTV system 
should take a snap whenever motion arises on screen. We also design the model to 
monitor a particular portion of the screen and other basic functions. 
 

DISCUSSION 

 
     Smart CCTV systems have the potential to play a substantial role in the management 
of urban Space through intelligence-led policing. In applying. We must devote this smart 
technology to attention to associated risks, such as the potential for false alarms and 
privacy breaches.Smart CCTV itself has the potential to help generate this evidence base 
of urban human behavior through a systematic program of research preceding the rollout 
of the technology.Smart CCTV shows a substantial increase in the power and sensitivity of 
traditional CCTV technology and the potential to transform both the management and 
design of urban space.This power needs to be guided by a technological vision of city-
wide data management within a sophisticated legal framework cognisant of the culturally 
specificnature



37  

CHAPTER 6                   

CONCLUSIONS AND FUTURE WORK 

 

      CONCLUSION 

        Smart cameras are increasingly becoming a household essential. More than capturing 
images and recording footage, these devices come with additional features like face tag, 
motion detection, GPS, communication, real-time viewing, and cloud storage to ensure that 
you get the most out of your security system. Face recognition is an effortless task for 
humans. Experiments have shown that even one to three-day-old babies can distinguish 
between known faces. The query module process all queries made by users by retrieving 
web information stored in indexes  

We have carried a series of experiments out on the proposed smart home. These 
experiments show how to detect fire and motion. Also, how to detect any intruder 

 

 
         FUTURE WORK 

 
       There are a variety of enhancements that could be made to this system to achieve 
greater accuracy in sensing and detection. There are a lot of other sensors that can 
increase the security and control of the home, like a pressure sensor that can be put 
outside the home to detect that someone will enter the home. Changing the way of 
automated notifications by using the GSM module to make this system more professional. 
 
If we placed many cameras in a different location each of the cameras in the certain limits 
mapped in the system, the user will know the exact location from where the images were 
taken.with the up-gradation of the existing CCTV network with the new software, we intend 
to monitor mask   
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APPENDIX 
 
                   A.SOUCE CODE 
 

import tkinter as tk 
import tkinter.font as font 
from motion import in_out 
from motion import noise 
from motion import fire 
 
from rect_noise import rect_noise 
from record import record 
from PIL import Image, ImageTk 
 
window = tk.Tk() 
window.title("Smart cctv") 
window.iconphoto(False, tk.PhotoImage(file='mn.png')) 
window.geometry('1080x760') 
 
 
frame1 = tk.Frame(window) 
 
label_title = tk.Label(frame1, text="Smart cctv Camera") 
label_font = font.Font(size=35, weight='bold',family='Helvetica') 
label_title['font'] = label_font 
label_title.grid(pady=(10,10), column=2) 
 
 
icon = Image.open('icons/spy.png') 
icon = icon.resize((150,150), Image.ANTIALIAS) 
icon = ImageTk.PhotoImage(icon) 
label_icon = tk.Label(frame1, image=icon) 
label_icon.grid(row=1, pady=(5,10), column=2) 
 
btn1_image = Image.open('icons/lamp.png') 
btn1_image = btn1_image.resize((50,50), Image.ANTIALIAS) 
btn1_image = ImageTk.PhotoImage(btn1_image) 
 
btn2_image = Image.open('icons/rectangle-of-cutted-line-geometrical-shape.png') 
btn2_image = btn2_image.resize((50,50), Image.ANTIALIAS) 
btn2_image = ImageTk.PhotoImage(btn2_image) 
 
btn5_image = Image.open('icons/exit.png') 
btn5_image = btn5_image.resize((50,50), Image.ANTIALIAS) 
btn5_image = ImageTk.PhotoImage(btn5_image) 
 
btn3_image = Image.open('icons/security-camera.png') 
btn3_image = btn3_image.resize((50,50), Image.ANTIALIAS) 
btn3_image = ImageTk.PhotoImage(btn3_image) 
 
btn6_image = Image.open('icons/incognito.png') 
btn6_image = btn6_image.resize((50,50), Image.ANTIALIAS) 
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btn6_image = ImageTk.PhotoImage(btn6_image) 
 
btn4_image = Image.open('icons/recording.png') 
btn4_image = btn4_image.resize((50,50), Image.ANTIALIAS) 
btn4_image = ImageTk.PhotoImage(btn4_image) 
 
# --------------- Button -------------------# 
btn_font = font.Font(size=25) 
btn1 = tk.Button(frame1, text='Monitor', height=90, width=180, fg='green', command=noise, 
image=btn1_image, compound='left') 
btn1['font'] = btn_font 
btn1.grid(row=3, pady=(20,10)) 
 
btn2 = tk.Button(frame1, text='Rectangle', height=90, width=180, fg='orange', 
command=rect_noise, compound='left', image=btn2_image) 
btn2['font'] = btn_font 
btn2.grid(row=3, pady=(20,10), column=3, padx=(20,5)) 
 
btn_font = font.Font(size=25) 
btn3 = tk.Button(frame1, text='Fire Detection', height=90, width=180, fg='green', 
command=fire, image=btn3_image, compound='left') 
btn3['font'] = btn_font 
btn3.grid(row=5, pady=(20,10)) 
 
btn4 = tk.Button(frame1, text='Record', height=90, width=180, fg='orange', 
command=record, image=btn4_image, compound='left') 
btn4['font'] = btn_font 
btn4.grid(row=5, pady=(20,10), column=3) 
 
 
btn6 = tk.Button(frame1, text='In Out', height=90, width=180, fg='green', command=in_out, 
image=btn6_image, compound='left') 
btn6['font'] = btn_font 
btn6.grid(row=4, pady=(20,10), column=2) 
 
btn5 = tk.Button(frame1, height=90, width=180, fg='red', command=window.quit, 
image=btn5_image) 
btn5['font'] = btn_font 
btn5.grid(row=6, pady=(20,10), column=2) 
 
frame1.pack() 
window.mainloop()
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SCREENSHOTS 
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C.BASE PAPER AND PLAGIARISM REPORT 
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