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ABSTRACT: Number of road accidents is continuously increasing in previous years worldwide. According to
overview of National Highway Traffic Administrator, an almost one out of five car accident is brought about by
interruption driver. The machine affords a few constant statistics, which assist psychologists to evaluate the actuation
distraction styles beneath affect of various in-vehicle information systems (IVISs). Within the proposed method
Support vector machine (SVM) and logistic regression (LR) is employed to classify the thrust states without
miscalculation. To well known the errors, a manner is proposed, which compares ordinary riding parameters with ones
acquired whilst carrying out a secondary task. The outcomes provided for the duration of this study verify its
functionality to come across and to precisely degree a grade of odd motive force performance.
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I. INTRODUCTION

Safety has always been a top priority within the profession of transportation and traffic engineering. Researchers
during this field are continuously working on improving the protection aspect of our roadway systems. Drivers often
dedicate time and a focus the vehicle routing driver interface system (i.e., dashboard and console) has evolved into
rather quite simply gage readings and has been termed an “infotainment” system, thanks to the extra of portable and
GPS routing information.

Driver Distraction (DD) is described as any interest that takes a driver’s attention far from the task of driving and also
includes cognitive distractions like “being lost in thought”. One promising approach involves classifying the driver
force kingdom in actual time so the usage of this classification to adapt the in-vehicle information systems (IVIS) to
mitigate the results of distraction. For e.g. monitoring and managing vehicle state, navigating, info- and entertainment,
etc. IVIS attracts additional driver’s attention.

Driver inattention is one amongst the main causes of highway car accidents. In step with the U.S. National Highway
Traffic Safety Administration (NHTSA), in the U.S.in 2007, ~6100 fatalities happened as an aftereffect of car accidents
related to driver distractedness. As showed by the globe well being association, street crashes execute 1.2 million
people and for unsurpassed cripple another 50 million reliably. Over the previous decade, road crash has tuned into the
tenth driving reason for death on the globe and is anticipated to ascend to the fifth position by 2030. Improvement of
public safety and thus the reduction of accidents are of the important goals of the Intelligent Transportation System
(ITS).

General Machine Learning algorithms, namely logistic regression (LR), support vector machine (SVM), were
accustomed classification within the previous study. The LR may be a widely used algorithm for classification. It’s
useful for solving linear classification problems and binary classification problems. The SVM is moreover extensively
used class as a supervised learning method. It aims to maximize a worth cited because the margin, which is defined
because the distance between the decision boundary and the closest training sample to the choice boundary. The SVM
can efficiently perform not only linear classification, but also non-linear classification by utilizing kernel trick.
Moreover, results from the 100-car naturalistic study suggested that 80% of the crashes and 65% of the near-crashes
were associated with driver inattention. This study reported secondary tasks (i.e. tasks not primarily associated with
driving) involvement or distraction as most frequent reasonably inattention, which contribute to 43% of crashes and
27% of near crashes.

The goal of current study is to develop a method of evaluating a secondary task impact to the safe vehicle operation

suitable for DD detection, DD level measurements and comparison of the secondary tasks influence on DD. The
technique is misused as a benchmark for sheltered and clear VIS plan with significant drivers in few several HMI
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innovations (e.g. voice command, hand gesture recognition). Our schooling information set and with an open supply
system studying python library Scikit-Learn a classifier is generated to predict the distracted state of driver.

Il. THEORY

A. Support Vector Machine

SVMs are supported the statistical learning technique and will be used for pattern classification and inference of
nonlinear relationships between variables. This strategy has been effectively applied to the identification, check, and
acknowledgement, of faces, objects, written by hand characters and digits, text, discourse, and speakers, and
furthermore the recovery of information and pictures.

X O x| . (@]
] o © ‘
N (@) 3 O
=i H O B e
[:] D s N
X, X,

Fig. 1. SVM algorithm

The learning technique of the SVM method makes it very suitable for measuring the state of humans. SVMs can
generate both linear and non-linear models and are ready to compute the non-linear models as efficiently as the linear
ones. This may extract the knowledge from noisy data and don’t require prior knowledge before training. The SVM
method avoids over fitting by minimizing the boundary of the generalization error to supply more robust models than
traditional learning methods which only minimizes the training error.

To compare the proposed strategies of the use of SVMs to stumble on motive force distraction and degraded driving

overall performance in real-time and to discern towards the implementation of SVMs have outperformed the linear
logistic approach in detecting cognitive distraction. Nonetheless, SVMs can’t explicitly present the relationships
learned from data.

B. LOGISTIC REGRESSION

Logistic regression could be a discriminative probabilistic model. It fashions the posterior probability distribution
p(x|y), where Y is that the target variable and x is that the features. Given X, they return a probability distribution over
Y.
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Fig. 2. LR algorithm.

Figure shows a typical architecture of the logistic regression model. The regression is one in all told the foremost
widely used algorithms for classification. Observed that logistic regression is perticularly employed in studies whose
main area isn’t computation. Logistic regression to research the driver distraction due to the utilization of cell phones,
we consider logistic regression as a baseline model. After the event and evaluation of other machine learning model
demonstrates better performance, then, by the simplicity of the logistic regression model.

The second strategy of model construction addressed during this work was the ensemble learning. The foremost idea
of this strategy is to mix different classifiers into a Meta classifier that has better generalization performance than each
classifier alone.
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I11. DESIGN SYSTEM

In order to train a model to detect distracted drivers, a dataset of images of both distracted and non-distracted
drivers is required. This would only require a binary classifier model that may predict if a driver is distracted or not. A
more interesting problem would be one where the drivers are distracted in numerous ways, like eating or texting for
instance. This may be a harder problem and requires a multi classifier model and more specific dataset. The dataset
consists of images of drivers performing one amongst 10 possible activities, one in every of which is safe driving. The
remaining of the pictures belong to classes where the driver can be often considered distracted

CLASS DESCRIPTION

CO0 Safe Driving

C1 Texting(right hand)

C2 Talking on the phone (right hand)
C3 Texting(left hand)

C4 Talking on the phone(left hand)
C5 Operating the radio

C6 Drinking

C7 Reaching behind

C8 Hair and Makeup

C9 Talking to passenger(s)

Table 1. Different classes of driver images

The table shows all the various assortment of classes of images inside the dataset. This makes some classes easier to
differentiate from others, while other predictions is also consistently labeled wrong because their similarity to other
classes.

A. Image preprocessing

The purpose of pre-processing is an development of the pics that suppresses unwilling wrapping or complements a
few photograph functions critical for similarly processing, despite the fact that geometric alterations of images (e.g.
pivot, scaling, and interpretation) are ordered among pre-preparing techniques. Initially, the undertaking turned into
meant to apply the complete dataset however all through pre processing the information, the digital example has run
out of reminiscence as simply pre-processing the educate set which holds 22424 pictures has seized 20GB the
example functions a reminiscence of 61GB and take a look at set holds barely under 80000 images without a labels.
This problem was resolved by considering the training dataset because the full dataset then splitting 10% of it as
validation set and another 10% as a testing set. Moreover, the project was set to use keras with tensorflow as backend
which suggests that the input must be a 4D tensors to be compatible with keras that the pictures were first resized to
224*224pixels, the converted into a 3D tensors and so into a 4D tensors of shape(N, 224,224,3) where N is the
number of images. From the point onwards, the tensors were scaled by isolating them more than 255.
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Fig. 3. Bar plot of instructing information index
A bar plot could be a plot that presents straight out information with rectangular bars with lengths relative to the

qualities that they speak to. A bar plot shows correlations among discrete categories being looked at, and in this
manner the pivot speaks to a deliberate esteem.
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Fig. 4. Pie chart of different types of classes

A chart may be a circular statistical diagram. The globe of the complete chart represents 100% or the entire of the
info. The areas of the pies present in chart represent the share of parts of knowledge. The world of the wedges
determines the relative quantum or percentage of a component with relevancy a full. Pie charts are frequently employed
in business presentations as they furnish a fast summary of the business activities like sales, operations then on.

B. FEATURE EXTRACTION

Feature extraction is finished after the pre-processing phase. “Highlights should incorporate information required to
split among classes, be escalated to unessential inconsistency within the info, and even be constrained in number, to
allow, proficient calculation of separate functions and to limit the amount of training data required”. Feature selection
is that the strategy of choosing the features that has high rate of success and also removing the input variables that are
not relevant to enhance the performance and space for storing of the system. The features are selected by creating a
connection between each input variable and also the target variable using correlation stats and selecting the input
variable that have the well built association with the target variable.

C. TRAINING AND SPLITTING

In this training dataset it contains the primary dataset. The model is trained on the training dataset employing a
supervised learning method. The training dataset often consists of pairs of an input vector and thus the corresponding
output vector. During this dataset the train images contains the numerous class images which contains both the
distracted and non-distracted images with the labels of cO to ¢9. The general dataset contains near 100,000 images that
comprise the ten classes shown in table 1. More specifically, the dataset was originally slice through training and
testing data with 22,424 and 79,726 images in each, respectively.

The foremost difference between the two is that the training data contained the underside truth labels of each image,
while the testing images didn’t. During this work, however, so as to train and evaluate the performance of the models,
the 22,424 training labelled images were split further into 60% actual training data, 20% validation, and 20% testing
data. These allow us to gauge the model, but also test the model against unseen data and apply our own testing
measures. The initial concern is that it’d not be enough data to educate the model. However this might be supplemented
by data augmentation and transfer learning techniques. This may be the technique to come back duplicate with new
sample from existing sample. So, you’ll reduce generalization error. It’ll generate natural sample

D. VALIDATION

The validation generator works exactly same as the training generator. But a validation record has clearly no relation
to educate records. There isn’t any should separate validation batches keep with training batches. Also, the full number
of samples in training data isn’t associated to the full number of samples in test data. The example of information want
to give a fair assessment of a model fit on the preparation dataset while tuning model hyper boundaries. The evaluation
turns into greater biased as ability at the validation dataset is included into the model configuration. VValidation datasets
may be used for the early stopping. Stopping schooling whilst the blunder at the validation dataset increases. Validation
data set contains the 20% of the training images to boost the accuracy within the model. The validation step is
analogous to steps per epoch but on the validation data set instead on the training data.

E. PREDICTION

Prediction refers back to the skilled algorithms a antique dataset and carried out to new information whilst predicting
the chance of a particular outcome. The info must be optimized and generalized which suggests that the information
should give the foremost effective possible outcome and perform well on unknown data. The trained data predicts the
output on the premise of the pattern of the datasets.
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IV.IMPLEMENTATION & RESULT

The first attempt in detecting the distracted driver. Much of the image manipulation had to be done manually and
before the machine learning process, since it didn’t fit into memory using the limited hardware at our disposal. As a
result, the images had to be reduced significantly from 640*480 to 224*224 and gray scaled.

o B s

L 3R SR OB 2R
SRR S

Fig. 5. Different types of distraction of original images

The original images in the figure 5 contain the high pixels. Therefore the image has to be resized to 224*224 pixels
without affecting the standard of the images. Resize an picture way changing the dimensions of it, be width by myself,
peak by myself or both. Also the aspect ratio of the initial image may be preserved within the resized image.
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Fig. 6. After resizing the original image

After resizing the image feature extraction has been considered to get rid of all the unwanted variables from the
dataset which are irrelevant for the performance and it will create the connection between both the input variable
similarly as output variable. After the feature extraction the model will train by the training dataset and build new
dataset with the initial training dataset which that new data set is splitting into train, test and validation datasets.
Within the new data set non-distracted images are compared with the distracted images and so plotted a graph with
the assistance of LR.

class acc loss Val_ac Val_loss
c

COvscl 0.9976 0.0068 0.9930 0.0544

CO vs c2 0.9958 0.0354 0.9917 0.1034

COvsc3 0.997 0.017 0.9979 0.0085

COvsc4 1.0000 2.8294 0.9986 0.0065
e-05

COvsch 0.9988 0.0043 0.9944 0.0520

CO vs c6 0.9997 6.7256 0.9958 0.0295
e-04

CO vs c7 0.9987 0.0060 0.9948 0.0706

COvs c8 0.9990 0.0036 0.9962 0.1034

COvsc9 0.9842 0.1184 0.9668 0.2457

Table 2. Accuracy table for the different type of distraction
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Finally predicting the image correctly by using the various varieties of model weights.

Fig. 7. Predicted image

In the figure 7 it is showing the category label as 1 i.e. texting right hand Generate all the possible routes.

V. CONCLUSION AND FUTURE WORK

This work has checked out solving the detection of distracted drivers through images obtained from the dataset. The
model was able to achieve accuracy on test data. Despite given the task of classifying very specific classes, the model is
evidently able to accomplish that with great success. Overall, the model has proven to be very effective at predicting
distracted drivers, and will hopefully, one day, aid in preventing further injuries and deaths resulting from distracted
driving. The future work is emergence of autonomous vehicles has the potential to reduce distracted driving by taking
the driving force out of the equation. This will let drivers work or relax during daily commutes or longer road trips.
Further, because drivers will now not have to keep their eyes on the road while in a very vehicle.simulation results
showed that the proposed algorithm performs better with the total transmission energy metric than the maximum
number of hops metric. The proposed algorithm provides energy efficient path for data transmission and maximizes the
lifetime of entire network. As the performance of the proposed algorithm is analyzed between two metrics in future
with some modifications in design considerations the performance of the proposed algorithm can be compared with
other energy efficient algorithm. We have used very small network of 5 nodes, as number of nodes increases the
complexity will increase. We can increase the number of nodes and analyze the performance.
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