

DRIVER DROWSINESS DETECTION USING MACHINE LEARNING IMAGE PROCESSING
ABSTRACT

Drowsiness of drivers is one of the significant cause of road accidents. Every year, there is an increase in the amount of deaths and fatal injuries globally. By detecting the driver’s drowsiness, road accidents can be reduced. This paper describes a machine learning approach for drowsiness detection. Face detection is employed to locate the regions of the driver’s eyes, which are used as the templates for eye tracking in subsequent frames. Finally, the tracked eye’s images are used for drowsiness detection in order to generate warning alarms. This proposed approach has three stages: detecting Face, detecting Eyes and detecting drowsiness. Image processing is used to recognize the face of the driver and then its extracts the image of the eyes of the driver for detection of drowsiness. The HAAR face detection algorithm takes as captured frames of image and then the detected face is considered as output. Next, CHT is used for tracking eyes from the detected face. Using EAR (Eye Aspect Ratio) the eye state is detected. The proposed system was tested by implementing the proposed approach on a Raspberry pi 3 Model B with 1GB RAM with use of Logitech HD Webcam C270. The system uses frames for face and eye tracking, and the average correct rate for eye location and tracking could achieve 95.0% based on some test videos. Thus, the proposed approach for a real-time of driver drowsiness detection is a low cost and effective solution method.
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CHAPTER 1
1.1  INTRODUCTION

Driver’s drowsiness is one of the main reasons for road accidents. If the drowsiness of the driver can be predicted at initial stages, and if the driver can be alerted of the same then a number of accidents can be reduced. In this paper, a driver drowsiness detection system using machine learning approach is proposed. Frontal face detection and eye detection respectively are detected in the initial stage. According to a report published by the American Automobile Association (AAA) Foundation of Traffic Safety, 41% of drivers are have dosed off or nodded off due to sleepiness while driving. It is also stated that 16.5% of the accidents resulting in death and injury were caused by tired and sleepy drivers. Among respondents who fell asleep, the median prevalence of sleep-related accidents was 7.0% (13.2% involved hospital care and 3.6% caused fatalities). According to the results of the study performed for commercial vehicle drivers in Edirne district of Turkey, 22 out of 138 drivers (15.9%) have experienced or survived a risk of at least one traffic accident due to sleepiness. According to the results of a similar study involving Edirne and Hatay districts, 49 out of 320 drivers (15.3%) had or survived the risk of at least one accident due to sleepiness. As a result of a questionnaire survey on commercial drivers, it is concluded that in 17% of drivers having an accident, the accidents were caused by sleepiness. It is envisaged that a system in the vehicles which recognizes sleepiness states of drivers and warns the driver can significantly reduce the traffic accidents that may occur due to fatigue and sleepiness. In this study, it is aimed to design and implement a system which discerns the sleepiness level of the driver and if sleepiness is detected, recommends the driver to stop and rest by a warning system, by using real time image processing techniques and machine learning algorithms.There are three main contributions of the object detection framework have been used to achieve high frame rates. The first contribution of this paper, is a new image representation called an integral image that allows for very fast feature evaluation. It use a set of features which are reminiscent of Haar Basis functions In order to compute these features very rapidly at many scales, the integral image representation for images is introduced. Using a few operations per pixel, the integral image can be computed from an image. The second contribution is a method for constructing a classifier by selecting a small number of important features using AdaBoost. In order to ensure rapid classification, the learning process must exclude a large majority of the available features, and focus on a small set of essential features. This feature selection is achieved through a simple modification of the AdaBoost procedure. The third contribution of this paper is a method for combining successively more complex classifiers in a cascade structure which dramatically rapids the speed of the detector by focusing attention on promising regions of the image. This object detection procedure classifies images based on the value of simple features. More specifically it is based on three kinds of features. A three-rectangle feature computes the sum within two outside rectangles subtracted from the sum in a center rectangle. Finally a four-rectangle feature computes the difference between diagonal pairs of rectangles.
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Examples for HAAR
As shown in rectangle features relative to the enclosing detection window. The sums of the pixels that lie within the white rectangles are subtracted from the sum of pixels in the grey rectangles. 

A. Integral Image 

Rectangle features are computed rapidly using an intermediate representation for the image. The integral image at location z, y contains the sum of the pixels above and to the left of 2, y, where ii(z, y) is the integral image and i(z, y) is the original image.
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Pixels
(where s(z, y) is the cumulative row sum, s(z, 1)= 0, and ii(-1, y) = 0) the integral image can be computed in one pass over the original image. 
B. Learning Classification Functions 

Given a feature set and a training set of positive and negative images, any number of machine learning approaches could be used to learn a classification function. In this sys- tem a variant of AdaBoost is used both to select a small set of features and train the classifier.
1.2 OBJECTIVES 

The main objective is to develop a system that is accurate to detect a driver’s drowsiness based on eyelid movement and yawning and is reliable to give appropriate voice alerts in real-time. The other objectives include designing a system that detects drowsiness of drivers by monitoring the eyes of the driver regularly, especially the retina. The system should give an alert to the driver when the driver yawns frequently or when the driver’s eyes remain closed for a few seconds. The system works even when a driver is wearing spectacles. The system is not affected by bad lighting conditions.
1.3 PROBLEM STATEMENT 

DriCare and other existing work theoretically solve three crucial problems. Since the heights of the drivers are diverse, the places of their faces are different in the film. And, as the driver is driving, her or his head will be moving; it is, therefore, necessary to follow the head direction in time until the head location moves. This is likely unless the model begins to learn unnecessary face features. Outcomes achieve, therefore, that our optimized model for DNNs can be implemented with extreme accuracy to detect drowsiness on embedded devices.

1.4 Drowsiness: 

Drowsiness is the state of the human body where the body craves for sleep. The main symptoms of being drowsy are the inability to keep the eyes open even for a short period of time. The state of drowsiness plays a very important role while a person is driving on the roads. Drivers may experience drowsiness as not because of mental disorders, but because of lack of good sleep.
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Driver Drowsy state
1.4.1 Drowsiness Detection 

After getting eyes the algorithm then counts the number of open eyes form each frame and determines the drowsiness. If the criteria are satisfied, then the driver is said to be drowsy. The buzzer connected to the system performs actions to correct the driver abnormal behavior. For this system, the eye and the face classifiers are required. The HARR Classifier Cascade files built-in there with the Open CV contains different classifiers for the face and eye detection. The inbuilt Open CV xml “haarcascade_frontalface_alt2.xml”and function “Houghcircles ()” is used to search and detect the face followed by in individual frames (http://www.opencv.org/) The face detection and open eye detection have been carried out on each frame of the driver’s captured facial image. The variable Eyestotal is assigned to store the number of open eyes found in each frame. A variable will store the number of successive frames in which the eyes found to be closed with the values like 0, 1, 2, 3… etc. Initially, this variable is set to 0. When both the eyes are open, then Drowsy count will be 0. Drowsycount will increase when Eyestotal < 2. For an eye blink, Drowsy count value be raised by 1. If the eyeblinks in more than 4 frames, i.e. variable count is greater than or equal to 4, then the condition for drowsiness is met and an alarm will be signaled at real time.
1.4.2 Driver Fatigue and Road Accidents: 

Driver fatigue is the reason behind most of the road accidents every year. The actual number of sleep related accidents cannot be calculated but research and surveys carried out by organizations say that driver fatigue may be the contributing reason for up to 20%of the road accidents taking place. A person who is sleep deprived can’t make decisions properly, because the brain needs to function and for the brain to function, it needs proper and adequate sleep which the drivers don’t follow and continue prolonged driving without proper sleep. Drowsiness reduces the response time and this is a huge threat for secure and safe driving. Most crashes caused by tired drivers are most likely to happen on long journeys on monotonous roads in the late night hours between 1am and 4am because people feel that the roads will be deserted at that point of time in the night and they feel they can get along the way ignoring the possibility of accidents. There are various measures to determine the level of driver drowsiness. 

These measures are grouped as follows: 

· Physiological measures 

· Vehicle-based measures 

· Behavioral measures 

· physiological measures: physiological measures uses different electrodes such as Electroencephalography (EEG), Electrocardiography(ECG) and Electrooculogram (EOG). The raw data access by electrodes and pre process the data for artifact removal and filtering. After pre processing the data divided into different frequency bands. These frequencies can then be used to accurate measurement of drowsiness with detection of inner stage of driver. Although these approaches have proven relatively effective for examining physiological and cognitive states in humans, issues with wearability, have limited the feasibility of using these systems in real-world driving conditions.
· Vehicle-based measures: In this method, driver drowsiness measurement is determined in a simulated environment by placing sensors on various vehicle components, including the steering wheel and the acceleration pedal, then the received signals from the sensors are analyzed to determine the level of drowsiness. Two most frequent measures are the steering wheel movement and the standard deviation of lane position. These methods are non-invasive, but may not be reliable in detecting drowsiness accurately because they are dependent on the nature of the road and the driver’s driving skills. 
· Behavioral measures: Facial expressions based drowsiness detection makes use of computer vision to detect and recognize the facial motion and changes in appearance during drowsiness. It accepts a stream of input images from a camera in front of the driver and pass these images through the four main image processing stages: face detection and tracking, feature extraction, feature selection and classification.
a) Face Detection and tracking: This stage typically aims to detect the face in the image frames. The characteristics of a good detection algorithm are:  

· Robust – very high detection rate (truepositive rate)( & very low false-positive rate always.  

· Real time – For practical applications at least( 2 frames per second must be processed.  

· Face detection only (not recognition) -( Distinguish faces from non-faces only. 

b) Feature extraction: In this phase, important features from the face detection are extracted that are utilized to comprehend the images easier. 

c) Feature selection/Analysis: Extracted features can then be processed further, as is the case for eye state, head movement, blinking rate and yawning. After obtaining these features, further processing is applied to determine the level of drowsiness 

d) Classification: Once the optimal features are selected, the next step is to classify the images of face for identifying the drowsiness. Therefore, implementing an appropriate classifier is very important. Each classifier includes two important modes: training and testing. Deep Neural Network (DNN), convolutional neural network (CNN), support vector machine (SVM), etc, are some of the machine learning classifiers used in drive drowsiness detection.
1.4.3 A concept for a drowsiness detection system 

Alternative methods, which have not been tried out on larger scale by the leading automotive companies, that can detect the state of awareness of the driver can be taken into account. Three of these methods are based on EEG (Electroencephalography) and EOG (Electrooculography) signals measurement and on the eye state (closed or opened) image classification. The EEG method monitors the brain activity through a sensor placed on a specific part of the scalp, the EOG method tracks the eye movements by measuring the signals from the muscles which are acting on the eye and the eye image analysis can monitor the opened or the closed state of the eye. The authors discussed about the development of such a system. A scheme of the system presented. Each of the methods used in the system has its advantages and disadvantages. For example, the EEG and EOG sensors, electrodes which have to be fixed with a conductive gel and in most devices must transmit the signal by wire, present a major discomfort.
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Drowsiness detection system overview
Developments in this field are supported by efforts to create brain – computer interfaces for different applications, including devices that help disabled people. 

An application of EEG signal acquisition and processing has been presented. In this research the central point is to distinguish between low and high alpha rhythm peaks, which can make the difference between alert and drowsy states.
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Power Spectral Density amplitude versus frequency of an EEG signal, with the alpha rhythm peak in the 10-12 Hz frequency domain: a. alert state; b. drowsy state
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Four types of signals recorded from EOG sensors (EOG1, EOG2 and EOG3 in figure 1) for different eye movements (up, down, left and right)
In other researches the authors have analyzed the possibility to use EOG signals acquisitioned from 3 sensors (EOG1, EOG2, EOG3 in figure 1). After pre-processing, four types of different signals were identified. The combination of these four types of signals gives the information to distinguish between left, right, up and down movements of the eye.
In the possibilities to apply EEG and EOG signals were analysed to detect driver drowsiness. In the present paper the study was extended to analyze driver drowsiness by image processing. 

1.5 Driver Fatigue Detection System

The system architecture of the proposed system is represented
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Proposed System Architecture
The various important blocks in the proposed system and their interaction. It can be seen that the system consists of distinct modules like video acquisition, Face/ eye detection and drowsiness detection. In addition to these there are external hardware components namely, Camera mounted on the dash board of a car to capture the images of the driver for video acquisition, Raspberry Pi is a credit card sized single-board computer for implementation and an audio alarm system for drowsiness detection and correction. The flow chart of the proposed system shows in Figure 2, describes the overall methodology that was used. In the proposed system, first video acquisition is achieved by camera placed in front of the driver. The acquired video is then converted into a series of frames/images. The next step is to detect the driver's face, in each and every frame extracted from the video. Next we make use of CHT for eye detection, and detect the eyes by processing only the region of interest. Once the eyes have been detected, the next step is to determine whether the eyes are in open/closed state. Monitoring each frame for pupil detection if the eyes are detected to be open, no action is taken. But, if eyes are detected to be closed continuously and it is above threshold value then it means that the automobile driver is feeling drowsy and a sound alarm is triggered.
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Methodology flowchart
1.5.1 Face Detection 

The proposed system will start by capturing the video frames one by one. OpenCV provides extensive support for processing live videos.The system will detect the face in the frame image for each frame. This system uses Viola-Jones object detector which is a machine learning approach for visual object detection (Paul Viola, 2004 and Paul Viola, 2001). This is achieved by making use of the Haar algorithmfor face detection. Haarcascade is a well-known robust feature-based algorithmthat can detect the face image efficiently. With the use of uses of cascade of stages Haar algorithm able to remove the candidates that are non-face. And each stage consists of combination of different Haar features and each feature in turnis classified by a Haar feature classifier.The inbuilt OpenCVxml “haarcascade_frontalface_alt2.xml” file is used to searchand detect the face in individual frames. This file contains a number of features of the face and constructed by using a number of positive and negative samples. First load the cascade file then pass the acquired frame to an edge detectionfunction, which detects all the possible objects of different sizes in the frame. Since the face of the driver occupies a large part of the image, instead of detecting objects of all possible sizes, specify the edge detector to detect only objects of a particular size i.e for face region. Next, the output the edge detector is stored and this output is compared with the cascade file to identify the face in the frame. The output of this module is a frame with face detected in it. Only disadvantage in Haar algorithm is that it cannot extrapolate and does not workappropriately when the face is not in front of the camera axis. Once the face detection function has detected the face of the driver, the eyes detection function tries to detect the driver's eyes. 
1.5.2 Eye detection 

Once the face detection function has detected the face of the driver, the eyes detection function tries to detect the automobile driver's eyes. After face detection find eye region by considering eyes are present only in upper part of the face and from top edge of the face, extract eyes Region Of Interest (ROI) by cropping mouth and hair, we mark it the region of interest. By considering the region of interest it is possible to reduce the amount of processing required and also speeds up the processing for getting exact eyes. After the region of interest is marked, the edge detection technique is applied only on the region of interest .Then search for eyes in ROI, Circular Hough Transformation is used here to find shape of eyes (Rhody Chester, 2005). The main advantage of the Hough transform technique is that it is liberal to gaps in feature boundary descriptions and is relatively unaffected by image noise, unlike edge detectors. The OpenCV function HoughCircles () is used to detect circles in an eye image. CHT ensure that at most two eyes found. With the eye detection technique we will only be able to detect the open state of eyes.
1.6 Drowsiness detection using the processing of the driver’s eye images

For the classification of the driver’s drowsy or alert state, artificial neural networks were used. Artificial neural networks are extensively used for the image classification in the last decades. A new paradigm named Deep Learning has been developed in many other researches. Deep Belief Networks, Restricted Boltzmann Machines and Deep Auto encoders are all methods belonging to the Deep Learning paradigm. These methods are used in a wide range of applications, the image classification being one of the fields in which these are employed with success. For the study presented in this paper, Matlab Neural Network Toolbox with 1 layer ANN and the autoencoder module of the Deep Learning Toolbox were used in order to study if these methods can be applied for image classification of the driver’s drowsiness. As a premise, it was assumed that the drowsiness is linked to the images in which the driver has closed eyes and the alert state is linked to the images in which the driver has opened eyes. This module had been used for the analysis. In order to analyze the drowsiness state of the driver 200 images of a driver during a regular driving process were acquisitioned. One hundred of these images contain opened eyes or half opened eyes images and another hundred of the images contain closed eyes images. In order to avoid memory overload and large processing times, the images had been cropped and down-sampled in order to have a smaller amount of input data for the neural networks.
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Cropped images of the driver with opened (a) and closed (c) eyes. Cropped and down-sampled images of the driver with opened (b) and closed (d) eyes
The down-sampling of the images has produced more unclear images, which ensures a more robust classification. If the network works properly for the down-sampled images, it will surely work well for the initial images.
1.6.1 One Hidden Layer Artificial Neural Network 

Following the acquisition of 200 images, 140 of these had been used to train, validate and test the neural network: 70 with opened eyes or half-opened eyes and 70 with closed eyes. The rest of the images (30 for opened eyes or half-opened eyes and 30 for closed eyes) were kept for testing the network after the completion of the training process. The network was trained with the structure presented in figure 6 (2601 neurons in the input layer, 10 neurons in the hidden layer and 2 neurons in the output layer). The number of neurons in the input layer corresponds to the number of elements of the input vector which is the one column reshaped version of the down-sampled image of the driver (represented by a 51x51 elements gray level matrix). The number of neurons in the output layer corresponds to the number of possible categories in which an image can be classified (2 categories: drowsy or alert).
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Network structure for the 1 hidden layer network
During the training process the training performance diagram and the error histogram of the trained network were obtained. It can be observe that the training performance reaches values of under 10-6 at 25 epochs and the histogram boundaries are in a range of -1.5x10-6 and 1.46x10-6, which are very good results.
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Performance diagram (a) and error histogram (b) of the trained network
More significant, one can observe the results of training, validation and testing presented in figure 8 in the form of a confusion matrix. In a confusion matrix, each column represents a predicted class while each row represents an actual class. The green squares represent the correctly classified and the red squares represent the incorrectly classified samples. There can be seen that each sample has been correctly classified.
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Confusion matrices for train, validation and test of the 1 hidden layer network
1.6.2. Deep learning Autoencoder neural networks 

For the autoencoder network the same input and target vectors as in the case of 1 hidden layer network were used. Autoencoders use methods to separately train each layer, then stack them together in a single network with multiple layers and train the final network as a whole.
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Network structure for the two hidden layer autoencoder
The results of the autoencoder’s training are shown in figure 10. In figure 10.a. the training performance is presented when it reached the value of less than 0.034 (the smaller the better) after 438 epochs. In figure 10.b. the test results show that no false positives or false negatives had been obtained. This means that every test image (60 images – 30 for each class) has been correctly classified.
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Training performance and testing results for the autoencoder network
1.7 Methodology

The overall research methodology is undelineated in this section. A. Algorithm It perceives that drowsiness detection is an object detection task. We use images from incoming video streams. From several techniques of deep learning, we use MobileNets, a lightweight convolutional neural network architecture, along with the Single Shot Multibox Detector (SSD) system that is on top of the MobileNet architecture to experiment.  Convolutional Neural Network (CNN) The suggested system for detecting driver drowsiness is used in the Convolutional Neural Network (CNN). The pre-processing for CNN is much meagerer compared to others classification algorithms. CNN is a mathematical technique that usually consists of three kinds of pooling, convolution, and fully connected layers. The first two pooling layers are convolution handle extraction of features, and the third one is a completely connected layer, maps the characteristics extracted, such as classification, into the final output. In CNN, which consists of a set of logical operations, such as convolution, A technical method of linear motion, the convolution layer plays a key role. In image data, two-dimensional arrays of pixel values are processed, and at each image location, a small parameter grid called the kernel and function extractor for optimization is added, making CNN‟s highly effective for image processing since a feature can appear anywhere in the image. Extracted functionality will get more complex hierarchically and gradually as one layer feeds the output into the next layer. The way parameters such, as kernels are optimized is called planning. This can be achieved by a back propagation and gradient descent optimization algorithm to minimize the discrepancy between outputs and ground truth marks. 
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CNN Architecture
Single Shot Multibox Detector (SSD) For our task, we use MobileNets, a lightweight convolutional neural network architecture, along with the Single Shot Multibox Detector (SSD) system that is on top of the MobileNet architecture. There are two types of algorithms used to detect typical objects. To define regions where objects can be found, RCNN and Faster RCNN algorithms use a two-step approach to identify objects only in certain regions. Algorithms such as SSD and YOL use a completely convolutionary method, on the other hand, through which the network will locate all items in a picture via the ConvNet in one pass. Usually, the algorithms for the region proposal have slightly better precision but are slower to run, whereas single-shot algorithms are more powerful and have satisfying precision.
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SSD Architecture
The SSD has two elements, a backbone model and an SSD head. The Backbone model is usually a pre-trained image classification network as a feature extractor. This network is educated on ImageNet such as ResNet which excludes the entirely connected classification layer. Therefore, we have a deep neural network that can infer semantic meaning from the input image while preserving the spatial structure in the image at a lower resolution. We will clarify the later feature and feature map. The SSD head is only one or more convolutionary layers attached to this backbone, and the outputs are represented as the bounding boxes and object groups in the final layer activation spatial role. There are some important parameters in SSD. The SSD uses a grid (see Fig. 3(a)) to divide the image rather than a sliding window, and each cell of the grid needs to detect the objects in that picture region. Object identification involves simply predicting the class and location of the object within the sector. We admire it as the context class if no object is present, and the location is ignored. Each grid cell is output to the position and the form of the entity it carries.
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(a) Grid View (b) Anchor Boxes (c) Higher and Lower Anchor Boxes
If many objects of different shapes exist in one grid cell, the anchor box (see Fig. 3(b)) and the responsive area are considered. There may be separate anchor boxes in the SSD for each grid cell. These anchor boxes are predefined, and each of them is responsible for the size and shape of a grid cell. The face in Fig, for example, has the big anchor box while the eyes correspond to the small box. In training, the SSD framework utilizes a mapping step to align the correct anchor box with the bounding box inside an image of each ground truth entity. The anchor boxes with a greater degree of overlap with an object are ultimately responsible for estimating the class of that object and its position. This property is used for preparing the network for detecting objects and their locations. In reality, an aspect ratio and a zoom level describe any anchor box. The objects are not always square those could be narrower, broader, or in varying degrees. With predefined aspect ratios, the SSD architecture requires the anchor boxes to account for this. The parameter ratios are used to determine the various aspect ratios of the anchor boxes at each scale level associated with each grid cell. It is not needed to have the same size as the grid cell for the anchor boxes. Inside the cell, we may select smaller or larger objects. The zoom parameter is used to determine how much for each grid cell the anchor boxes need to be scaled up or down. The receptive field is defined as the area that a specific CNN function looks at in the input space. We have used "feature" and "activation" here and treat them at the corresponding position as the linear combination of the previous layer. Features on different layers reflect different area sizes in the input picture due to the convolution operation. The scale defined by a function grows bigger while going deeper. We begin with the bottom layer (5x5) in this example below and then add a convolution resulting in the middle layer (3x3), where one attribute represents a 3x3 area of the input layer. And then, add the middle layer convolution and get the upper layer (2x2) where each attribute on the input image corresponds to a 7x7 area. This type of green and orange 2D array is often referred to as feature maps that correspond to a group of features generated in a sliding window fashion by applying the same feature extractor at different input map locations. The features in the same map of characteristics have the same receptive area and aim at different positions with the same pattern. The core concept of the SSD architecture helps to detect objects at varying scales and output a closer bounding box. As in the ResNet34 backbone outputs an input image function map of 256 7x7. The easiest solution is to define a 4x4 grid to add a convolution to this function map and transform it to 4x4. In reality, this method will function to some degree as the concept of YOLO. The additional step taken by SSD is to attach more convolutional layers to the map of the backbone feature and generate an object detection result for each of these convolution layers. Because earlier layers with a smaller receptive field will reflect smaller objects, earlier layer predictions help with the smaller object.
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Convolutional Neural Network Feature Maps
· MobileNet The architecture of MobileNets is designed for mobile based applications, is used for depth-wise separable convolutions, and builds lightweight deep neural networks. Except for the first layer, the MobileNet is a separable convolution. A complete convolutional layer is the first layer. Batch normalization and ReLU non-linearity are accompanied by all the layers. The final layer, however, is a completely related layer without any non-linearity and feeds for classification to the softmax. For downsampling, stridden convolution is used for both deep convolution and the first fully convolutionary layer. The total number of layers for MobileNet is 28, considering convolution as different layers indepth and stage. The MobileNet-SSD_v1 framework is capable of detecting multiple objects from an image. We trained it to see a human face for our drowsiness detection task to notice that the diver is yawn or no yawn and the eye open or close. Yawn, no yawn, eye open and close were considering four separate classes. For this experiment, a regular camera is used for the incoming video stream. The technique suggested is exactly presented. We observed that the longest length of a blink found equals 7.5 inches from the camera in the training model. From the video stream, we get an image frame, and this function is called image frames processed per second (FPS). The model would declare the driver to be drowsy if any of the driver's eyes are found close for ten consecutive frames in the incoming video stream, and an alarm will raise to wake the driver. The above approach uses only a single convolutional neural network and, thus, the total complexity of the system is much smaller. Now we need to see how well this recommended approach performs under driving environments in real life.
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Drowsiness Detection System Methodology
1.7.1 Data Collection 

We have collected and annotated a customized data set to train our model in the MobileNet-SSD system. The annotated image data includes human faces with opened and closed eyes. Our collected data sets consist of images from a few publicly accessible online databases released by reputed users. 
1.7.2 OPEN AND CLOSE EYES 

The dataset open and closed eyes were collected from the open-source database. This dataset contains all the human eyes that were closed and open. All pictures are available in JPG format. There are 1234 images, which is nearly 10 MB, without annotations. We have annotated all the images in this dataset. 

1.7.3 YAWNING AND NO YAWN

 WHILE DRIVING The data source of yawning and no-yawning during driving is given by the University of Ottawa, Canada. The data set includes two types of videos that are captured from two separate camera positions inside the vehicle. For the first set of data, the device is installed on the dashboard of the car, and for the second set of data, the device is installed just underneath the front mirror of the car. There are both male and female drivers in these videos. In these videos, the driver is wearing glasses, and some of the drivers are not wearing glasses. There is also an available laughing driver, a yawning driver, a notyawning driver, and some drivers are looking around. We collected about 1234 frames from all the videos for this dataset. After extracting the frame from the videos, we annotated all the images with labels eyes open, close, yawn, and no-yawn.

1.7.4 CUSTOM USED IMAGES 

The photos used are freely available and allowed for re-use. The main objective of using these photos is to improve our classification model. This dataset is versatile with different poses and lighting environments. All Pictures are available in JPG format. There are 1900 images, which is nearly 25 MB, are available in this dataset. Although these photos are collected from several online sources, no annotations are available for this dataset. We collected about 250 frames from all the videos for this dataset. After extracting the frame from the videos, we annotated all the images with labels eyes open, close, yawn, and no-yawn.
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Dataset Images.
From the image data, one can see that the Drowsy dataset was already collected to combine images from a wide range of positions, perspectives, and lighting conditions to create a balanced dataset to ensure high precision and generalization of the object detection system. Although this dataset contains very few numbers of low-light images, as of now, the objective has been limited to identification drowsiness in daytime conditions. 

A. Dataset Training 

We have used Tensorflow API to train our model. As TFOD API can read only TFRecord file format, we need to convert our dataset into this format. First, we need an RGB image dataset in jpeg or png format; and create the bounding boxes for the image and mention the classes for those boxes. With LabelImg, we hand-labeled them manually. LabelImg is a Python-written graphical image annotation application with a good user interface. It also supports Python 2 and Python 3. After completing annotation, we convert our dataset XML to CSV to create the TFrecords. We use around 4500 files for training (train.records) and 700 files for testing (test.records). Although the generated dataset did not contain sufficient training images to train the object detection framework, the transfer learning principle has been used. For training our model, we take the TensorFlow Object Detection Model Zoob, and the MobileNet_SSD_v1 pre-trained model on the MS COCO dataset to detect a Face. Training can be done on the computer or remotely like AWS, Google Cloud, paperspace, etc. After finishing with training, we exported the trained model to a single file Tensorflow graph. It is called a frozen inference graph.
1.7.4.1 Face and eye detection: 
Regarding detecting the face and the eye image, the Haar algorithm will be used, Haar algorithm is a well-known robust feature-based algorithm that can detect the face image efficiently.
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Flowchart
The face detection algorithm looks for specific Haar features of the face. When one of the features is found, the algorithm will allow the face candidate to pass to the next stage of detection.

Haar algorithm uses a cascade of stages that is used to remove the candidates that are non-face. And each stage consists of many different Haar features. And each feature in turn is classified by a Haar feature classifier. Also, there is a variant of the Haar algorithm that can detect the eye image efficiently.
1.7.4.2 Classifying the eye image:  
To classify the pre-processed eye image, a machine learning classifier was first built using the SVM algorithm. SVMs can efficiently solve linear or non-linear classification problems, it maximizes the margin around the separating hyper-plane and hence it can find an optimal classifier.
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Support vector machines
The training set was consist of a set of eye-images that are opened and a set of eye-images that are closed, when the training model is built, it will be ready to use to classify any new pre-processed eye-image.
CHAPTER 2
LITERATURE SURVEY

1. “DRIVER DROWSINESS DETECTION TECHNIQUE USING RASPBERRY PI” TEJASWEENI MUSALEAND PANSAMBAL, 
This paper presents a real-time driver drowsiness detection system for driving safety. Based on computer vision techniques , the driver’s face is located from a color video captured in a car. Then, face detection is employed to locate the regions of the driver’s eyes, which are used as the templates for eye tracking in subsequent frames. Finally, the tracked eye’s images are used for drowsiness detection in order to generate warning alarms. The proposed approach has three phases: Face, Eye detection and drowsiness detection. The role of image processing is to recognize the face of the driver and then extracts the image of the eyes of the driver for detection of drowsiness. The Haar face detection algorithm takes captured frames of image as input and then the detected face as output. Next, CHT is used to tracking eyes from the detected face. If the eyes are closed for a predefined period of time the eyes of the driver will be considered closed and hence an alarm will be started to alert the driver. The proposed system was tested on a Raspberry pi 3 Model B with 1GB RAM with use of Logitech HD Webcam C270. The experimental results appears quite encouraging and promising. The system could reach more than 15 frames per second for face and eye tracking, and the average correct rate for eye location and tracking could achieve 99.0% on some test videos. Drowsy driving is one of the major causes behind fatal road accidents. One of the recent study shows that one out of five road accidents are caused by drowsy driving which is roughly around 21% of road accidents, and this percentage is increasing every year as per global status report on road safety 2015, based on the data from 180 different countries. This certainly highlights the fact that across the world the total numbers of road traffic deaths are very high due to driver’s drowsiness. Driver fatigue, drink-and-drive and carelessness are coming forward as major reasons behind such road accidents. Many lives and families are getting affected due to this across various countries. All this led to the development of Intelligent Driver Assistance Systems (Srinivasu Batchu, 2015). Real time drowsy driving detection is one of the best possible major that can be implemented to assist drivers to make them aware of drowsy driving conditions. Such driver behavioral state detection system can help in catching the driver drowsy conditions early and can possibly avoid mishaps. Physiological measure includes brain waves, heart rate, pulse rate measurements andthese requires some sort of physical connection with the driver such as connecting electrode to the driver body. But this leads to discomfartable driving conditions. But ocular measure canbe done without physical connection. Ocular measure to detect driver eye condition and possible vision based on eye closure is well suited for real world driving conditions, since it candetect the eyes open/ closed state non-intrusively using a camera eye state using computer vision based drowsiness detection systems have been done by analyzing the interval of eye closure and developing an algorithm to detect the driver’s drowsiness in advance and to warn the driver by in vehicles alarm.
2.“DRIVER DROWSINESS DETECTION USING EYE-CLOSENESS DETECTION” ORAAN KHUNPISUTH, TAWEECHAI CHOTCHINASRI,
The purpose of this paper was to devise a way to alert drowsy drivers in the act of driving. One of the causes of car accidents comes from drowsiness of the driver. Therefore, this study attempted to address the issue by creating an experiment in order to calculate the level of drowsiness. A requirement for this paper was the utilisation of a Raspberry Pi Camera and Raspberry Pi 3 module, which were able to calculate the level of drowsiness in drivers. The frequency of head tilting and blinking of the eyes was used to determine whether or not a driver felt drowsy. Car accidents are a major problem for society, with statistics for the rate of injury or death as the result of a car accident rising. There is a fatal car accident about every 25 seconds. Car accidents annually cost USD $518 billion worldwide. In developing countries such as Thailand, the roads are dangerous. Car accidents can be seen on the Thai news every day. According to the University of Michigan Institute of Technology, Thailand’s roads were the second most dangerous in the world in 2013. Solutions are needed. There are numerous non-driver related causes of car accidents including road conditions, the weather and the mechanical performance of a car. However, a significant number of car accidents are caused by driver error. Driver error includes drunkenness, fatigue, and drowsiness. Many factors can affect a driver’s ability to control a motor vehicle, such as natural reflexes, recognition and perception. The diminishing of these factors can eventually reduce a driver’s vigilance level. The authors have implemented a Raspberry Pi device programmed with an innovative algorithm. This algorithm allows a Raspberry Pi camera module to be able to detect the face and eyes, which are considered two of the most significant activities when driving that can serve as factors to gauge the drowsiness level of drivers. Since precise detection was achieved using the interested values, the authors expect that the device can accurately gauge driver drowsiness. Volkswagen has developed a driver fatigue detection system, which can automatically monitor an operator’s driving characteristics. Basically, the system will recommend that the driver take a break if it detects possible fatigue. This system is configured to continually evaluate driver’s fatigue based on various factors such as driving speed, steering wheel movement, the driver’s head position, and the driver’s eyes. If the system concludes that the driver is exhausted, the driver will be warned by information in the multi-function display together with an acoustic signal. The system will repeatedly warn the driver for fifteen minutes if the car has not stopped. However, the driver remains in charge of the vehicle. Some parts of the algorithm cause false positive readings. Also, it is unable to detect the tilting head of a driver. The Haar Cascade Classifier is trained to detect only the front view of people’s faces. This paper addresses these problems by using different methods such as region of interest, geometric rotation and template matching. As such, this research provides better results than the document. There are some limitations in this paper. The first limitation deals with lighting conditions. Raspberry Pi’s camera is used to detect the faces and eyes of drivers. The paper experimented in a location with constant light control, so the camera could trace the face and eyes efficiently and accurately. Another limitation relates to eyeglasses. The face detection method, which is the Haar Cascade Classifier, will not work efficiently when the driver wears eyeglasses. Lastly, drivers with very dark skin tones are not able to be detected with accuracy [9]. The Haar Cascade Classifier is trained to recognise persons with average or neutral skin colour. Moreover, an expectation of this paper is the suggestion of additional solutions and techniques, which the authors sincerely hope can help improve facial detection algorithms. Therefore, the authors gratefully allowed other programmers to solve the limitations in order to improve the efficiency of this work and any study related to this field.
3.“REAL-TIME DROWSINESS DETECTION SYSTEM FOR AN INTELLIGENT VEHICLE” MARCO JAVIER FLORES, JOSÉ MARÍA ARMINGOL AND ARTURO DE LA ESCALERA, 
The traffic accidents study is become important because they produce several died and hurt around the world. To help in reducing this fatality, in this paper, a new Advanced Driver Assistance System (ADAS) for automatic driver’s drowsiness detection based on visual information and Artificial Intelligent is presented. This system works on several stages to be fully automatic. In addition, the aim of this algorithm is to locate and to track the face and the eyes to compute a drowsiness index. ADAS goal is to contribute in traffic accident reduction by using new technologies; this is, increasing the vehicles security, and at the same time, decreasing the danger situations that may be generated during driving process. Current research is interested in the driver's drowsiness study, also denominated fatigue and related closely with distraction. Drowsiness is presented in stress and fatigue situations in an unexpected and inopportune way. The dream sensation generates the decrease vigilance level state, and this factor produces danger situations and increases the probability of causing some accident. Drowsiness may also be produced by dream's illnesses, certain type of medications, and even, bored situations, such as driving for a long time. It has been estimated that drowsiness produces among 10% and 20% of traffic accidents with dead drivers and hurt drivers. Whereas trucking industry produces 57% of fatal truck accidents for this fatality. Fletcher et al. in goes further on and has mentioned that 30% of total traffic accidents have been produced by drowsiness and Brandt et al. presents a statistics in which 20% of all accidents are caused by fatigue and inattention. In this context, it is important to design and to build systems that allow us monitoring the drivers, and at the same time, to measure their level of attention during whole driving process. This article presents the drowsiness detection system of the IvvI (Intelligent Vehicle based Visual on Information) vehicle. The goal of this system is to estimate automatically driver's drowsiness and to avoid driver’s asleep during the driving process. To localize the face, this system uses VJ object detector which is a machine learning approach for visual object detection. It uses three important aspects to make an efficient object detector based on the integral image, AdaBoost technique and cascade classifier. Each one of these elements is important to process the images efficiently and near real-time with 90% of correct detection. A further important aspect of this method is its robustness under changing light conditions. However, in spite of the above mentioned, its principal disadvantage is that it can not extrapolate and does not work appropriately when the face is not in front of the camera axis. To identify drowsiness through eye analysis is necessary to know its state: open or closed, through the time and develop an analysis over the time, i.e., to measure the time has been spent in each state. The classification among the open and closed state is complex due to the changing shape of the eye, among other factors, changing position and face rotating, twinkling and illumination variations. All this makes difficult to use only color cues to analyze eye in a reliable manner. In this paper, a non-intrusive driver’s drowsiness system based on computer vision and Artificial Intelligent has been presented. This system uses advanced technologies for analyzing and monitoring driver’s eye state at real-time and real-driving conditions. The proposed algorithm for face tracking, eye detection and eye tracking is robust and accurate under varying light, external illuminations interference, vibrations, changing background and facial orientations. Furthermore, all drivers used in these experiments were exposed to a variety of difficult situations commonly encountered in a roadway. This guarantees and confirms that these experiments have proven robustness and efficiency in real traffic scenes.
4. “DRIVER DROWSINESS DETECTION SYSTEM” BELAL ALSHAQAQI; ABDULLAH SALEM BAQUHAIZEL, MOHAMED EL AMINE OUIS, MERIEM BOUMEHED; ABDELAZIZ OUAMRI, 
Humans have always invented machines and devised techniques to ease and protect their lives, for mundane activities like traveling to work, or for more interesting purposes like aircraft travel. With the advancement in technology, modes of transportation kept on advancing and our dependency on it started increasing exponentially. It has greatly affected our lives as we know it. Now, we can travel to places at a pace that even our grandparents wouldn’t have thought possible. In modern times, almost everyone in this world uses some sort of transportation every day. Some people are rich enough to have their own vehicles while others use public transportation. However, there are some rules and codes of conduct for those who drive irrespective of their social status. One of them is staying alert and active while driving. Neglecting our duties towards safer travel has enabled hundreds of thousands of tragedies to get associated with this wonderful invention every year. It may seem like a trivial thing to most folks but following rules and regulations on the road is of utmost importance. While on road, an automobile wields the most power and in irresponsible hands, it can be destructive and sometimes, that carelessness can harm lives even of the people on the road. One kind of carelessness is not admitting when we are too tired to drive. In order to monitor and prevent a destructive outcome from such negligence, many researchers have written research papers on driver drowsiness detection systems. But at times, some of the points and observations made by the system are not accurate enough. Hence, to provide data and another perspective on the problem at hand, in order to improve their implementations and to further optimize the solution, this project has been done. Fatigue, in general, is very difficult to measure or observe unlike alcohol and drugs, which have clear key indicators and tests that are available easily. Probably, the best solutions to this problem are awareness about fatigue-related accidents and promoting drivers to admit fatigue when needed. The former is hard and much more expensive to achieve, and the latter is not possible without the former as driving for long hours is very lucrative. When there is an increased need for a job, the wages associated with it increases leading to more and more people adopting it. Such is the case for driving transport vehicles at night. Money motivates drivers to make unwise decisions like driving all night even with fatigue. This is mainly because the drivers are not themselves aware of the huge risk associated with driving when fatigued. There are many products out there that provide the measure of fatigue level in the drivers which are implemented in many vehicles. The driver drowsiness detection system provides the similar functionality but with better results and additional benefits. Also, it alerts the user on reaching a certain saturation point of the drowsiness measure. 
5. “HUMAN FACE DETECTION ALGORITHM VIA HAAR CASCADE CLASSIFIERS COMBINED WITHTHREE ADDITIONAL CLASSIFIERS” LI CUIMEI, QI ZHILIANG, JIA NAN, WU JIANHUA 
Human face detection has been a challenging issue in the areas of image processing and patter recognition. A new human face detection algorithm by primitive Haar cascade algorithm combined with three additional weak classifiers is proposed in this paper. The three weak classifiers are based on skin hue histogram matching, eyes detection and mouth detection. First, images of people are processed by a primitive Haar cascade classifier, nearly without wrong human face rejection (very low rate of false negative) but with some wrong acceptance (false positive). Secondly, to get rid of these wrongly accepted non-human faces, a weak classifier based on face skin hue histogram matching is applied and a majority of non-human faces are removed. Next, another weak classifier based on eyes detection is appended and some residual non-human faces are determined and rejected. Finally, a mouth detection operation is utilized to the remaining non-human faces and the false positive rate is further decreased. With the help of OpenCV, test results on images of people under different occlusions and illuminations and some degree of orientations and rotations, in both training set and test set show that the proposed algorithm is effective and achieves state-of-the-art performance. Human face detection has been playing an important part in human-machine interaction and computer vision based applications. As a human identity information, human face has the advantages of uniqueness and non-replicability. However, due to a large variations such as different illuminations, expressions and backgrounds and other uncertainties, human face detection remains a challenging issue in real world applications. Therefore, emphasis should be laid on subsequent weak classifiers as long as they keep a sufficiently low rate of false negatives (wrong rejection for real human faces), guaranteeing that almost all sub-windows containing human faces pass all nodes of cascaded classifiers. In this paper, a new human face detection algorithm is proposed on a basis of this idea. Three additional weak classifiers are subsequently appended to the primitive Haar-like features based cascaded classifiers. One is a decision node based on human skin hue histogram matching because the skin tone for a specific race of people has a relatively determined distribution. Of course it is not sure that a sub-window from an image contains a human face if this sub-window is hue-distribution matched. However it would be certain to assure a rejection if the sub-window does not match the face skin distribution. In this paper, a new human face detection algorithm is proposed on a basis of cascade classifiers using Haar-like features. Three additional weak classifiers are subsequently appended to the primitive Haar-like features based cascaded classifiers. One is a decision node based on human skin hue histogram matching. The second and the third weak classifiers are based on eyes and mouth detections, respectively. Because eyes and mouth detections are also implemented with Haar-like features based cascade classifiers, both of them have a sufficiently high detection rate, satisfying conditions of weak classifiers. Experimental results show that the proposed human detection algorithm compensates the shortcomings of the primitive Viola-Jones’ cascade classifier and makes the whole human face detection rate higher while keeping nearly zero wrong rejection
2.1 EXISTING SYSTEM
· Drowsiness or lack of attention of the driver is considered the primary cause for such mishaps. Driver drowsiness monitoring research can help minimize accidents.

· This focused on the localization of the eyes and mouth, which involves looking at the entire image of the face, and determining the position of the eyes and mouth, by applying the existing methods in imageprocessing algorithm.

· After gone through the research papers and the existing methods, this project proposed that eyes and yawning detection method will be used.

· A thorough observation was done on the existing method to detect the drowsiness. Different parameters have been used by previous researches.

· Heavy traffic, increasing automotive population, adverse driving conditions, tight commute time requirements and the work loads are few major reasons behind such fatigue.

2.1.1 Disadvantages of existing system

· The deep learning approaches, especially the Convolutional Neural Networks (CNNs) methods, has gained prominence in resolving challenging classifications problems.

· Although these approaches have proven relatively effective for examining physiological and cognitive states in humans, issues with wearability, have limited the feasibility of using these systems in real-world driving conditions.
· The movement of the camera shows a great impact as it varies at certain points (Speed brakers) on the roads.

· This problem will increase day by day. So, there is a requirement of designing detection systems for the driver drowsiness or inattention and can produce some warning alarms to alert the driver and the further people in the vehicle.

· Although it can be trained to detect a variety of object classes, it was motivated primarily by the problem of face detection.

· In such a case when fatigue is detected, a warning signal is issued to alert the driver.

· DL has been broadly applied recently to overcome problematic issues that cannot be properly solved using conventional methods.
2.2 PROPOSED SYSTEM
· This paper proposes a drowsiness detection system based on multilayers perceptron classifiers.
· The open eye is detected using the proposed iris–sclera pattern analysis(ISPA) method.
· In the proposed system a nonintrusive driver drowsiness monitoring system has been developed using computer vision techniques.

· In this paper, they propose a DriCare, approach whereby drivers are identified with video images without using devices like yawning, blinking, and closure of the eyes.

· The proposed model will improve the test and validation accuracy and reduce the overfitting problem. The problem will overcome with the help 14 layers deep neural.

· In this field, we are analyzed different experimentation for Real-Time DDD System. In a practical simulation setting, we took careful care to carry out our test testing. 

· While certain traditional models can detect the positions of several facials, the eyes and mouth areas of the driver cannot be established. However, the driver will practically have diverse and complex facial expressions that distort their detection.
2.2.1 Advantages of proposed system

· Convolutional Neural Networks (CNNs) methods have largely produced an outlandish performance in the drowsiness detecting area and are also a powerful aid to various classification tasks.
· The use of these new technologies and methodologies can be an effective way to not only increase the efficiencies of the existing real-time driver drowsiness detection system but also provide a tool that can be widely used by drivers.

· Moreover, it has been established that the efficiency of the model drops in the cases of wearing sunglasses because the algorithm is not able to detect the driver's eyes.

· The performance of the algorithm is tested on Zhejiang University (ZJU) Database and achieved successful results is identify the height of the iris.
· For enhancing the classification performance of drowsiness detection in a complex background, a multi-objective machine learning classifier is to be designed.

· The performance is greatly affected by the frame rate used to capture images of the driver’s face.

· For enhancing the accuracy of drowsiness classification, an efficient dimensionality reduction approach and a combination of both high-level and low-level features are to be used.

2.3 FEASIBILITY STUDY
The feasibility of the project is analyzed in this phase and business proposal is put forth with a very general plan for the project and some cost estimates. During system analysis the feasibility study of the proposed system is to be carried out. This is to ensure that the proposed system is not a burden to the company.  For feasibility analysis, some understanding of the major requirements for the system is essential.

Three key considerations involved in the feasibility analysis are:

· Economical feasibility

· Technical feasibility

· Operational feasibility

2.3.1 Economical Feasibility
This study is carried out to check the economic impact that the system will have on the organization.  The  amount  of  fund  that  the  company  can  pour  into  the  research  and development of the system is limited. The expenditures must be justified. Thus the developed system as well within the budget and this was achieved because most of the technologies used are freely available. Only the customized products had to be purchased.

The economic feasibility based on the terms of:

· Time

· Cost

· Man power

2.3.2 Technical Feasibility
This study is carried out to check the technical feasibility, that is, the technical requirements of the system. Any system developed must not have a high demand on the available technical resources. This will lead to high demands on the available technical resources. This will lead to high demands being placed on the client. The developed system must have a modest requirement, as only minimal or null changes are required for implementing this system.

2.3.3 Operational Feasibility
The aspect of study is to check the level of acceptance of the system by the user. This includes the process of training the user to use the system efficiently. The user must not feel threatened by the system, instead must accept it as a necessity. The level of acceptance by the users solely depends on the methods that are employed to educate the user about the system and to make him familiar with it. His level of confidence must be raised so that he is also able to make some constructive criticism, which is welcomed, as he is the final user of the system.

CHAPTER 3
SYSTEM SPCIFICATION
3.1 HARDWARE REQUIREMENTS:
· Keyboard
· Mouse
· Hard disk 500GB
· Ram 4 Gb 
3.2  SOFTWARE REQUIREMENTS:
· Operating System : Windows 10
· Language              : Arduino UNO C++
CHAPTER 4
SYSTEM DESIGN AND DEVELOPEMENT

DATA FLOW DIAGRAM
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CHAPTER 5
TESTING AND IMPLEMENTATION

5.1 TESTING

 Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one.

 5.1.1Unit Testing


Unit testing comprises the set of tests performed by an individual programmer prior to integration of the unit into a larger system. The module interface is tested to ensure that information properly flows into and out of the program unit. The local data structure is examined to ensure that data stored temporarily maintains its integrity during all steps in an algorithm’s execution. Boundary conditions are tested to ensure that the module operates properly at boundaries established to limit or restrict processing. All independent paths through the control structure are tested. All error-handling paths are tested.

5.1.2 Block Box Testing

Black-box testing is a method of software testing that examines the functionality of an application without peering into its internal structures or workings. This method of test can be applied virtually to every level of software testing: unit, integration, system and acceptance. It is sometimes referred to as specification-based testing.

5.2 SYSTEM IMPLEMENTATION
Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one. 

CHAPTER 6
CONCLUSION
CONCLUSION
Driver Drowsiness Detection was built to help a driver stay awake while driving in order to reduce car accidents caused by drowsiness. This paper experimented in a bright room with constant light. In addition, there were several limitations including light conditions and the darkness of the skin. The embedded device can calculate a drowsiness level from the driver using a combination of Raspberry Pi 3 Model B and Raspberry Pi Camera. Raspberry Pi 3 Model B is a processor to calculate whether or not a driver is drowsy.
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