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ABSTRACT 

 

The continual motorization of traffic has led to an increase in road accidents across the 

globe. The government is trying hard to make people follow driving rules to reduce 

accidents and fatal deaths, especially in India. In our country, the motorcycle is the most 

used vehicle. As a recommendation, a system for automatically detecting helmet wear is 

mandatory for road safety, where a significant number of people resulted in the death of 

not wearing a helmet. This project's main aim is to automatically detect bike-riders 

without helmets using CCTV videos. As a result, a machine learning-based algorithm is 

used to generate a unique object detection model that can specify motorcycle riders. The 

first step is to use the background subtraction technique to identify the bike riders. Then 

it detects whether the rider is wearing a helmet or not. If the person who is riding the 

motor-cycle without the helmet is detected then the number plate is extracted from the 

video frame. Then with the help of an Optical character recognizer, the number plate is 

recognized. 
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CHAPTER 1 

INTRODUCTION 

 
According to the statistics given by the transport ministry about 4 people die every hour in India 

because they do not wear a helmet. The number of two-wheeler users who died in road accidents 

was 48,746. Incidentally, 73.8 percent of them did not wear a helmet. 

 

 
Fig 1.Road Accidents 

 
 

 
This project tries to mitigate the aforementioned problems by giving a feasible solution using the 

detection of continuous traffic video feed. Every vehicle on the street gets evaluated and a database 

of offenders will be generated real time. Hence every rider who is not wearing a helmet will be 

prosecuted and this generates a lot of awareness in the public which results in wearing a helmet 

while riding bikes, this method results in a decrease of bike accidents. 

 
Object Detection is a common Computer Vision problem which deals with identifying and locating 

objects of certain classes in the image. Interpreting the object localisation can be done in various 

ways, including creating a bounding box around the object or marking every pixel in the image which 
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contains the object (called segmentation). 

 
 

 
Object detection was studied even before the breakout popularity of CNNs in Computer Vision. 

While CNNs are capable of automatically extracting more complex and better features, taking a 

glance at the conventional methods can at worst be a small detour and at best an inspiration. Object 

detection before Deep Learning was a several step process, starting with edge detection and feature 

extraction using techniques like SIFT, HOG etc. These images were then compared with existing 

object templates, usually at multi scale levels, to detect and localize objects present in the image. 

 
Image classification involves assigning a class label to an image, whereas object localization 

involves drawing a bounding box around one or more objects in an image. Object detection is more 

challenging and combines these two tasks and draws a bounding box around each object of interest 

in the image and assigns them a class label. Together, all of these problems are referred to as object 

recognition. 

 
 
 

Objective 

 
 
The following are the objectives of this project: 

• The objective of this project is to develop an application for enforcing helmet wearing using 

CCTV cameras. 

• The developed application aims to help law enforcement by police, and eventually resulting in 

changing risk behaviours and consequently reducing the number of accidents and its severity 

 
 Background and Literature Survey 

 
 

According to the Research paper in 2016 titled Automatic Detection of Bike-riders without Helmet 

using Surveillance Videos in Real-time. The Author from IIT Hyderabad developed the project using 

the algorithms like object classification, feature extraction and SVM classifier for the result. 

 
Chiverton proposed the use of a circular arc to identify helmets in a video feed, it has very low 

accuracy. On the other hand, given the number of vehicles on the speed at a given instant, the 
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computation that is required is very heavy and consumes lots of resources. This method will 

determine any circular object around the bike rider as a helmet. 

 
 
 

 
Based on the positioning of these corner center peaks in the heatmaps, resulting bounding boxes 

are predicted. Since a different heatmap can be created for every class, this method also combines 

detection and classification. While heatmap-based object detection is currently leading new 

research, it is still not as fast as conventional one-shot object detection algorithms. This is due to the 

fact that these algorithms require more complex backbone architectures (CNNs) to get respectable 

accuracy. 

 
Heatmap-based object detection can be, in some sense, considered an extension of one- shot 

based Object Detection. While one-shot based object detection algorithms try to directly regress the 

bounding box coordinates (or offsets), heatmap-based object detection provides probability 

distribution of bounding box corners/center. 

 
Silva proposed a system in which he tracks the vehicles using Kalman filter. An important advantage 

of this Kalman tracking system is the ability to continue to track objects even if they are lightly 

occluded but when there were more than two or three motorcyclists appear in a same frame, Kalman 

filter fails because Kalman filter mostly works well for linear state transitions (i.e tracking single 

objects/one object at a time). But to track multiple objects, we need non-linear functions to track 

them. 
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CHAPTER 2 

AIM AND SCOPE OF PRESENT INVESTIGATION 

 
PROPOSED SYSTEM 

The following block diagram (figure 2.1) shows the system architecture of this project. 

 
 
ARCHITECTURE: 

 
 
 

 
 
 

Fig 2.1System Architecture 

 
 

Working Methodology 

For real-time helmet detection, there is a need for accuracy and speed. Hence a DNN based model 

known as YOLO version3 was chosen. YOLO means You Only Look Once. YOLO V3 is extremely 
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fast and accurate and is a great improvement over the previous versions of YOLO. It is based on 

single network evaluation unlike systems like R-CNN. Here, there are 5 objects to be detected and 

classified i.e., Helmet, No Helmet, Bike, Person on bike, and license plate. So for the object 

detection the collection of images containing each object is used for training the custom model. 

Once the model has been trained, it can be used to detect these five objects. We need to collect a 

huge data set of bike riders with and without helmets. After collecting them we need to annotate 

every image as required. After completion of annotation the images will be fed into the Yolo v3 

model, which is used to train for custom classes. The model is loaded with the weights obtained after 

training. After that an image or video input is provided. In that all five trained classes will be detected 

by the system. We can quickly extract the rider's main class information if the person is not wearing 

a helmet. The number plate can be pulled easily. Once the related person class is detected and the 

helmetless motorcyclist is noticed. This is accomplished by determining whether the no helmet 

class's coordinates are contained within the person class or not. Likewise, the methods for detecting 

the related motorcycle and license plate are the same. Here the Optical Character Recognition 

algorithm receives the trimmed image of the number plate as the input. The OCR identifies content 

in the given input and generates the output in machine-encoded text form of strings. The OCR 

module would generate a list of anticipated license plate numbers as well as a level of confidence. 

The confidence level expresses how confident the system is in detecting the given license plate. The 

license plate with the strongest confidence level is then saved as a textual file for future reference. 

 

Background Modeling 

The first step of the methodology is background modeling and moving object detection. Here 

in this background modeling the moving objects in the surveillance video is detected and other 

unwanted objects will not be considered. 

 
 Classification of Motorcyclists 

To find bounding boxes of different objects, we used Gaussian background subtraction which 

uses a method to model each background pixel. The probable background colors are the ones 

which stay longer and are more static. On these varying pixels, we draw a rectangular bounding box. 

After obtaining all the objects of motorcyclists and non-motorcyclists, a CNN model is built using 

these images to separate the motorcyclists from other moving objects and able to distinguish 

between a motorcyclist and other objects. 
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 Recognition of Motorcyclists without helmet 

Here in this step, from all images of motorcycles we will crop the top 1/4 th region of the biker 

as that is the portion where the biker wears a helmet. Then we check whether the helmet is there or 

not using the object detection and trained model. Then we separate the helmet motorcyclists and 

non-helmet motorcyclists. 

 
 Extraction of Number Plate 

After the classification of helmet and non-helmet, number from the number plate gets 

extracted if the motorcyclist doesn’t wear a helmet through a license plate recognizer API which 

performs accurately. Then using the reference of license number the rule violator gets fine. 

CHAPTER 3 

IMPLEMENTATION 

 
 

IMPLEMENTATION 

 
 
To implement helmet detection in real-life we should have precision and speed. Hence in-order to 

full-fill the requirements the DNN based model known as the YOLO version3 was selected. YOLO is 

defined as You Only Look Once. The V3 version of YOLO is very rapid and specific. The new 

version is highly advanced when compared to the previous versions of YOLO. It is generally based 

on single network evaluation. It is not like the other systems named R-CNN. Here, there are 5 

objects to be detected and classified i.e., Helmet, Bike, No Helmet, Person on the bike, and then the 

license plate. So for object detection, we need to collect a lot of images containing the required 

object and then we can use them for training the custom model. Once the system is trained 

successfully, it is easily able to detect those five objects. Collection of five required objects that are 

bike, helmet, no helmet, biker, and license plate form different custom datasets and used for training. 

 
 
 

This method uses a single neural network that is developed from start to finish, snapping a picture 

as input and precisely calculating bounding boxes and complexity labels within every bounding box. 

This process has a lower predictive performance. ORB is an integration of the rapid key point 

detector and the easy descriptor, with additional developments. It starts by looking for key points, 
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then uses Harris corner to estimate and to figure the top N points among them. It also uses a 

pyramid to produce multi scale-features and it draws the bounding boxes around the identified 

object. 

 
 

 
Dataset 

 
Collection of five required objects that are bike, helmet, no helmet, biker, and license plate forms 

different custom datasets and used for training. 

 
 
 
 
 

 YOLO 

 
The approach involves a single neural network trained end to end that takes a photograph as input 

and predicts bounding boxes and class labels for each bounding box directly. The technique offers 

lower predictive accuracy (e.g. more localization errors), although operates at 45 frames per second 

and up to 155 frames per second for a speed-optimized version of the model. Conceptually, YOLO 

divides the input image into an SxS grid, and if the center of an object falls into a grid cell, that grid 

cell is responsible for detecting that object. Then, each grid cell predicts B bounding boxes. Each 

bounding box has associated 5 predictions plus C conditional class probabilities: 

Object detection is a computer vision task that involves both localizing one or more objects within an 

image and classifying each object in the image. 

The R-CNN family of techniques we saw in Part 1 primarily use regions to localize the objects within 

the image. The network does not look at the entire image, only at the parts of the images which have 

a higher chance of containing an object. 

 
The YOLO framework (You Only Look Once) on the other hand, deals with object detection in a 

different way. It takes the entire image in a single instance and predicts the bounding box 

coordinates and class probabilities for these boxes. 

 
The biggest advantage of using YOLO is its superb speed – it’s incredibly fast and can process 45 

frames per second. YOLO also understands generalized object representation. 
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This is one of the best algorithms for object detection and has shown a comparatively similar 

performance to the R-CNN algorithms. In the upcoming sections, we will learn about different 

techniques used in YOLO algorithm. The following explanations are inspired by Andrew NG’s course 

on Object Detection which helped me a lot in understanding the working of YOLO. 

 
It is a challenging computer vision task that requires successful object localization in order to locate 

and to draw a bounding box around each object in an image, and object classification to predict the 

correct class of object that was localized. 

https://www.coursera.org/learn/convolutional-neural-networks
https://www.coursera.org/learn/convolutional-neural-networks
https://www.coursera.org/learn/convolutional-neural-networks
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The “You Only Look Once,” or YOLO, family of models are a series of end-to-end deep learning 

models designed for fast object detection, developed by Joseph Redmon, et al. and first described in 

the 2015 paper titled “You Only Look Once: Unified, Real-Time Object Detection.” 

The approach involves a single deep convolutional neural network (originally a version of 

GoogLeNet, later updated and called DarkNet based on VGG) that splits the input into a grid of cells 

and each cell directly predicts a bounding box and object classification. The result is a large number 

of candidate bounding boxes that are consolidated into a final prediction by a post-processing step. 

Now that we have grasp on why YOLO is such a useful framework, let’s jump into how it actually 

works. In this section, I have mentioned the steps followed by YOLO for detecting objects in a given 

image. 

 
Pretty straightforward, isn’t it? Let’s break down each step to get a more granular understanding 

of what we just learned. Image classification and localization are applied on each grid. YOLO then 

predicts the bounding boxes and their corresponding class probabilities for objects (if any are found, 

of course). 

 
We need to pass the labelled data to the model in order to train it. Suppose we have divided the 

image into a grid of size 3 X 3 and there are a total of 3 classes which we want the objects to be 

classified into. Let’s say the classes are Pedestrian, Car, and Motorcycle respectively. I feel 

incredibly lucky to be part of our machine learning community where even the top tech behemoths 

embrace open source technology. Of course it’s important to understand and grasp concepts before 

implementing them, but it’s always helpful when the groundwork has been laid for you by top 

industry data scientists and researchers. 

 
So, for each grid cell, the label y will be an eight dimensional vector. 

https://pjreddie.com/
https://arxiv.org/abs/1506.02640
https://arxiv.org/abs/1506.02640
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• x, y: Centered relative to the grid cell (x ∈ [0..1]) 

• w, h: Width and height 

• IOU: Interaction over union 

• OBJconf: Confidence score (Objectness) 

• C1, C2, ...Cn: Conditional class probabilities 

The confidence score for each box can be defined as: 

OBJconf = Pr(Object) ∗ IOUtruth,prediction 

And the conditional class probability as: 

Ci = Pr(Classi |Object) 

 

 

 
Fig 3.1.2 Training Process 

 
 
 
 
 

HOW TO ENCODE BOUNDING BOXES 

 

As I mentioned earlier, bx, by, bh, and bw are calculated relative to the grid cell we are dealing 

with. Let’s understand this concept with an example. Consider the center-right grid which 

contains a car: 
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So, bx, by, bh, and bw will be calculated relative to this grid only. The y label for this grid will be 

pc = 1 since there is an object in this grid and since it is a car, c2 = 1. Now, let’s see how to 

decide bx, by, bh, and bw. In YOLO, the coordinates assigned to all the grids are bx, by are the x 

and y coordinates of the midpoint of the object with respect to this grid. 

In this case, it will be (around) bx = 0.4 and by = 0.3 bh is the ratio of the height of the bounding 

box (red box in the above example) to the height of the corresponding grid cell, which in our 

case is around 0.9. So, bh = 0.9. bw is the ratio of the width of the bounding box to the width of 

the grid cell. So, bw = 0.5 (approximately). The y label for this grid will be 

 
Notice here that bx and by will always range between 0 and 1 as the midpoint will always lie 

within the grid. Whereas bh and bw can be more than 1 in case the dimensions of the bounding 

box are more than the dimension of the grid. 

 
In the next section, we will look at more ideas that can potentially help us in making this 

algorithm’s performance even better. 

Here’s some food for thought – how can we decide whether the predicted bounding box is giving 

us a good outcome (or a bad one)? This is where Intersection over Union comes into the picture. 

It calculates the intersection over union of the actual bounding box and the predicted bonding 

box. Consider the actual and predicted bounding boxes for a car as shown below: 

 
Here, the red box is the actual bounding box and the blue box is the predicted one. How can we 

decide whether it is a good prediction or not? IoU, or Intersection over Union, will calculate the 

area of the intersection over union of these two boxes. That area will be: 

 

IoU = Area of the intersection / Area of the union, i.e. IoU 

 

= Area of yellow box / Area of green box 
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If IoU is greater than 0.5, we can say that the prediction is good enough. 0.5 is an arbitrary 

threshold we have taken here, but it can be changed according to your specific problem. 

Intuitively, the more you increase the threshold, the better the predictions become. 

 

There is one more technique that can improve the output of YOLO significantly – Non-Max 

Suppression. 

 
One of the most common problems with object detection algorithms is that rather than detecting 

an object just once, they might detect it multiple times. Consider the below image: 

 
 
 

 

 

Yolo Final Detection 

 
 
Here, the cars are identified more than once. The Non-Max Suppression technique cleans up 

this up so that we get only a single detection per object. Let’s see how this approach works. 

 
1. It first looks at the probabilities associated with each detection and takes the largest one. 

In the above image, 0.9 is the highest probability, so the box with 0.9 probability will be selected 

first: 

 
2. Now, it looks at all the other boxes in the image. The boxes which have high IoU with the 
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current box are suppressed. So, the boxes with 0.6 and 0.7 probabilities will be suppressed in 

our example: 

 
3. It first looks at the probabilities associated with each detection and takes the largest one. 

In the above image, 0.9 is the highest probability, so the box with 0.9 probability will be selected 

first: 

 
4. Now, it looks at all the other boxes in the image. The boxes which have high IoU with the 

current box are suppressed. So, the boxes with 0.6 and 0.7 probabilities will be suppressed in 

our example: 

 
5. After the boxes have been suppressed, it selects the next box from all the boxes with the 

highest probability, which is 0.8 in our case: 

 

 
This is what Non-Max Suppression is all about. We are taking the boxes with maximum 

probability and suppressing the close-by boxes with non-max probabilities. Let’s quickly 

summarize the points which we’ve seen in this section about the Non-Max suppression 

algorithm: 

 
1. Discard all the boxes having probabilities less than or equal to a predefined threshold 

(say, 0.5) 

2. For the remaining boxes: 

3. Repeat step 2 until all the boxes are either taken as the output prediction or discarded 
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 TESTING 

 

The new image will be divided into the same number of grids which we have chosen during the 

training period. For each grid, the model will predict an output of shape 3 X 3 X 16 (assuming 

this is the shape of the target during training time). The 16 values in this prediction will be in the 

same format as that of the training label. The first 8 values will correspond to anchor box 1, 

where the first value will be the probability of an object in that grid. Values 2-5 will be the 

bounding box coordinates for that object, and the last three values will tell us which class the 

object belongs to. The next 8 values will be for anchor box 2 and in the same format, i.e., first 

the probability, then the bounding box coordinates, and finally the classes. 

 
 
Finally, the Non-Max Suppression technique will be applied on the predicted boxes to obtain a single 

prediction per object. 

 
That brings us to the end of the theoretical aspect of understanding how the YOLO algorithm 

works, starting from training the model and then generating prediction boxes for the objects. 

Below are the exact dimensions and steps that the YOLO algorithm follows: 

 
● Takes an input image of shape (608, 608, 3) 

● Passes this image to a convolutional neural network (CNN), which returns a (19, 19, 5, 

85) dimensional output 

● The last two dimensions of the above output are flattened to get an output volume of 

(19, 19, 425): 

● Here, each cell of a 19 X 19 grid returns 425 numbers 

● 425 = 5 * 85, where 5 is the number of anchor boxes per grid 

● 85 = 5 + 80, where 5 is (pc, bx, by, bh, bw) and 80 is the number of classes we want to 

detect 

● Finally, we do the IoU and Non-Max Suppression to avoid selecting overlapping boxes 
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 IMPLEMENTATION OF YOLO IN PYTHON 

 
Time to fire up our Jupyter notebooks (or your preferred IDE) and finally implement our learning 

in the form of code! This is what we have been building up to so far, so let’s get the ball rolling. 

 
The code we’ll see in this section for implementing YOLO has been taken from Andrew NG’s 

GitHub repository on Deep Learning. You will also need to download the pretrained weights 

required to run this code. 

 
This is especially true for deep learning domains like computer vision. Not everyone has the 

computational resources to build a DL model from scratch. That’s where predefined 

frameworks and pretained models come in handy. And in this article, we will look at one such 

framework for object detection – YOLO. It’s a supremely fast and accurate framework, as 

we’ll see soon. 

 
 

Let’s first define the functions that will help us choose the boxes above a certain threshold, find 

the IoU, and apply Non-Max Suppression on them. Before everything else however, we’ll first 

import the required libraries: 

 
 
 
 
 
 
 

https://github.com/enggen/Deep-Learning-Coursera
https://github.com/enggen/Deep-Learning-Coursera
https://github.com/enggen/Deep-Learning-Coursera
https://pjreddie.com/darknet/yolo/
https://pjreddie.com/darknet/yolo/
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from matplotlib.pyplot import imshow 

import scipy.io 

import scipy.misc 

import numpy as np 

import pandas as pd 

import PIL 

import tensorflow as tf 

 
 

from skimage.transform import resize 

from keras import backend as K 

from keras.layers import Input, Lambda, Conv2D 

from keras.models import load_model, Model 

from yolo_utils import read_classes, read_anchors, generate_colors, preprocess_image, draw 

_boxes, scale_boxes 

 
 

from yad2k.models.keras_yolo import yolo_head, yolo_boxes_to_corners, preprocess_true_bo xes, 

yolo_loss, yolo_body 

 
%matplotlib inline 
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Now, let’s create a function for filtering the boxes based on their probabilities and threshold 
 
 
 

 
 
 

Next, we will define a function to calculate the IoU between two boxes: 
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Let’s define a function for Non-Max Suppression: 
 
 
 

We now have the functions that will calculate the IoU and perform Non-Max 

Suppression. We get the output from the CNN of shape (19,19,5,85). So, we will 

create a random volume of shape (19,19,5,85) and then predict the bounding boxes: 

 

 
 
 

Finally, we will define a function which will take the outputs of a CNN as input and return 

the suppressed boxes: 
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Let’s see how we can use the yolo_eval function to make predictions for a random 

volume which we created above: 

 

 
 

 
How does the outlook look? 
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‘scores’ represents how likely the object will be present in the volume. ‘boxes’ returns 

the (x1, y1, x2, y2) coordinates for the detected objects. ‘classes’ is the class of the 

identified object. 

 
Now, let’s use a pretrained YOLO algorithm on new images and see how it works: 

 
 

 

 
 
 

 
After loading the classes and the pretrained model, let’s use the functions defined above 

to get the yolo_outputs. 
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Now, we will define a function to predict the bounding boxes and save the images with 

these bounding boxes included: 

 
 



 
 
 
 
 
 

Next, we will read an image and make predictions using the predict 

 

function: Finally, let’s plot the predictions: 
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Fig 3.1.5 Detection of cars 



24  

 

CHAPTER 4 

 
RESULT 

 

4.1 RESULT 

 
Given in the below figure we can observe that the license number from the number plate 

got extracted when the bike rider is not wearing a helmet by this way the government is 

able to catch the violators and fine them, making them not to repeat this type of violations 

without any manual support. This project saves a lot of manual effort and time. As the 

above lines speaks about the working and the methodology of the project. We can also 

plan to implement it so that it can help the people and the society. From the below figure 

we can observe the whole process of detecting the license number from the number 

plate that is extracted. When the bike rider is not wearing a helmet this way we can 

reduce road accidents. The road safety authority can get a huge advantage by 

implementing this process in their current system. It can help to catch the violators and 

fine them, making them not repeat this type of violation. 
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Fig 4.1 Final Output in JPG Format 

 
CHAPTER 5 

CONCLUSION AND FUTURE WORK 

 

 
CONCLUSION 

Thus the project speaks about the whole process of utilizing the above developed 

system in the day to day life. It concludes the advantages of using machine learning in 

order to detect the number plate of a motor-bike rider who is not wearing a helmet. This 

platform is comparatively less costly due to the use of open and free tools such as tensor 

flow, OpenCV, and YoloV3. 

A lot can be done in this area. There is a large scope that we could be ventured and new 

designs or systems could be made to improve the conditions and efficiency of the 

detection and by using AI. There are so many advantages of using this technology in our 

system. We can reduce the count of road accidents that are happening due to not 

wearing the helmet. The future work of the project mainly focuses on implementing it in 

daily traffic. Where we can find a large number of bike riders. For those who don’t wear 

the helmet when riding. It will be a big advantage to the road traffic authority to identify 

and punish them. 
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APPENDIX 
 

A. SOURCE CODE 

 

 
import os 

import cv2 

import numpy as np 

import tensorflow as tf 

import sys 

from imutils.video import FPS 

import imutils 

import time 

from decimal import Decimal, ROUND_HALF_UP 

 
 

sys.path.append(r"D:/helmet detection") 

from object_detection.utils import label_map_util 

from object_detection.utils import visualization_utils as vis_util 

 
 

MODEL_NAME = 'inference_graph' 

VIDEO_NAME = 'accurate.mp4' 

CWD_PATH = os.getcwd() 

PATH_TO_CKPT = os.path.join(CWD_PATH, MODEL_NAME, 

'frozen_inference_graph.pb') 

PATH_TO_LABELS = os.path.join(CWD_PATH, 'labelmap.pbtxt') 

PATH_TO_VIDEO = os.path.join(CWD_PATH, VIDEO_NAME) 

NUM_CLASSES = 4 

label_map = label_map_util.load_labelmap(PATH_TO_LABELS) 

categories = label_map_util.convert_label_map_to_categories(label_map, 

max_num_classes=NUM_CLASSES, 
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use_display_name=True) 

category_index = label_map_util.create_category_index(categories) 

detection_graph = tf.compat.v1.Graph() 

with detection_graph.as_default(): 

od_graph_def = tf.compat.v1.GraphDef() 

with tf.compat.v2.io.gfile.GFile(PATH_TO_CKPT, 'rb') as fid: 

serialized_graph = fid.read() 

od_graph_def.ParseFromString(serialized_graph) 

tf.import_graph_def(od_graph_def, name='') 

sess = tf.compat.v1.Session(graph=detection_graph) 

fps = FPS().start() 

video = cv2.VideoCapture(PATH_TO_VIDEO) 

import json 

from collections import OrderedDict 

from glob import glob 

import cv2 

import requests 

 
 
 

def platemain(): 

regions = ['in'] 

result = [] 

path = 'frame.jpg' 

with open(path, 'rb') as fp: 

response = requests.post( 

'https://api.platerecognizer.com/v1/plate-reader/', 

files=dict(upload=fp), 

data=dict(regions=regions), 

headers={'Authorization': 'Token ' + 

'fe801a314498e5fd43a6069099e65b7bc5ff9c3d'}) 

print("respond.status_code", response.status_code) 

result.append(response.json(object_pairs_hook=OrderedDict)) 
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print(result) 

time.sleep(1) 

im = cv2.imread(path) 

resp_dict = json.loads(json.dumps(result, indent=2)) 

if resp_dict[0]['results']: 

num = resp_dict[0]['results'][0]['plate'] 

boxs = resp_dict[0]['results'][0]['box'] 

xmins, ymins, ymaxs, xmaxs = boxs['xmin'], boxs['ymin'], boxs['ymax'], boxs['xmax'] 

# cv2.imshow("image",im) 

# cv2.waitKey(0) 

img = cv2.imread(path, cv2.IMREAD_GRAYSCALE) 

# cv2.imshow("Gray Image",img) 

# cv2.waitKey(0) 

edges = cv2.Canny(img, 100, 200) 

# cv2.imshow("Edge Image",edges) 

# cv2.waitKey(0) 

cv2.rectangle(im, (xmins, ymins), (xmaxs, ymaxs), (255, 0, 0), 2) 

cv2.rectangle(edges, (xmins, ymins), (xmaxs, ymaxs), (255, 0, 0), 2) 

# cv2.imshow("Box Edges",edges) 

# cv2.waitKey(0) 

# cv2.imshow("Box On Original",im) 

# cv2.waitKey(0) 

font = cv2.FONT_HERSHEY_SIMPLEX 

cv2.putText(im, num, (xmins, ymins - 10), font, 1, (255, 0, 0), 2, cv2.LINE_AA) 

# cv2.imshow("Number",im) 

# cv2.waitKey(0) 

cv2.destroyAllWindows() 

print("the bike number is {}".format(str(num).upper())) 

return str(num).upper() 

 
 
 

def resize(w, h, w_box, h_box, pil_image): 
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f1 = 1.0 * w_box / w # 1.0 forces float division in Python2 

f2 = 1.0 * h_box / h 

factor = min([f1, f2]) 

width = int(w * factor) 

height = int(h * factor) 

return pil_image.resize((width, height)) 

 
 

 
j = 0 

s = [] 

with detection_graph.as_default(): 

with tf.compat.v1.Session(graph=detection_graph) as sess: 

nmp = [] 

st = [] 

while True: 

start_time = time.time() 

j += 1 

ret, image_np = video.read() 

if ret == True: 

image_np_expanded = np.expand_dims(image_np, axis=0) 

image_tensor = detection_graph.get_tensor_by_name('image_tensor:0') 

boxes = detection_graph.get_tensor_by_name('detection_boxes:0') 

scores = detection_graph.get_tensor_by_name('detection_scores:0') 

classes = detection_graph.get_tensor_by_name('detection_classes:0') 

num_detections = detection_graph.get_tensor_by_name('num_detections:0') 

(boxes, scores, classes, num_detections) = sess.run( 

[boxes, scores, classes, num_detections], 

feed_dict={image_tensor: image_np_expanded}) 

# scores=(scores[0]*10).astype(int) 

cl = (classes[0].astype(int))[:7] 

sc = (scores[0][:7]) * 100 

sc = list(map(int, sc)) 
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# print(cl,sc) 

d = {1: 0, 2: 0, 3: 0, 4: 0} 

for i in range(len(cl)): 

if (sc[i] > d[cl[i]]): 

d[cl[i]] = sc[i] 

# Visualization of the results of a detection. 

vis_util.visualize_boxes_and_labels_on_image_array( 

image_np, 

np.squeeze(boxes), 

np.squeeze(classes).astype(np.int32), 

np.squeeze(scores), 

category_index, 

use_normalized_coordinates=True, 

line_thickness=4, 

min_score_thresh=0.85) 

data = {} 

if (d[3] > 90): 

if (d[4] < 90): 

print("Without Helmet: No Number plate") 

if (d[4] > 90): 

name = 'frame.jpg' 

print('Creating...' + name) 

cv2.imwrite(name, image_np) 

number = platemain() 

# if (d[4] > 80): 

# name = 'frame.jpg' 

# print('Creating...' + name) 

# cv2.imwrite(name, image_np) 

# number = platemain() 

if len(number) not in [5, 6, 7]: 

continue 

print("pass to number plate", number) 
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if (d[3] > 90): 

print("Without Helmet Number plate ") 

if number not in nmp: 

nmp.append(number) 

st.append('Without Helmet') 

elif (d[2] > 90): 

print("With Helmet Number plate") 

if number not in nmp: 

nmp.append(number) 

st.append('With Helmet') 

elif (d[1] < 90): 

print("Vehicle with number plate") 

if number not in nmp: 

nmp.append(number) 

st.append('Other Vehicle') 

# print(nmp, st) 

print('Iteration %d: %.3f sec' % (j, time.time() - start_time)) 

cv2.imshow('object detection', cv2.resize(image_np, (800, 600))) 

# cv2.waitKey() 

if cv2.waitKey(1) & 0xFF == ord('q'): 

break 

for m in range(len(nmp)): 

data = {'Status': st[m], 

'Number_Plate': nmp[m] 

} 

print(data) 

 
 

m = json.dumps(data) 

with open("D:\helmet detection\data1.json", "w") as f: 

f.write(m) 

cv2.destroyAllWindows() 
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B.SCREEN SHOTS 
 
 
 

 

Fig: INPUT FRAME 
 
 
 
 
 

Fig: OUTPUT 
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Fig: OUTPUT FRAME 
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