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Abstract: Driver’s inattention is one of the major factors and
reasons in occurrence of many road accidents and unforeseen
crashes. Hence it is crucial to develop an automatic driver
warning system that can send timely warning signals to the
drivers. This issue involves determining the driver’s mental state
that is ultimately based on the driver’s facial expressions.
Automated facial emotion recognition is a recent development in
the image processing domain and is the need of the hour in
applications like driver warning systems. The existing methods are
capable of recognizing facial emotions even when provided with a
noisy signal or imperfect data, but ultimately it lacks accuracy. It
is also ineffective in dealing with spontaneous emotions, and
recognition. The proposed approach develops a driver warning
system that extracts the facial expressions based on a novel
efficient Local Octal Pattern (LOP) and effectively recognizes the
facial expressions based on Deep Neural Networks,
Convolutional Neural Networks (CNN). The LOP feature map
serves as an input to CNN and guides in the selection of CNN
learning data thereby improving and further enhancing the
understanding and learning of CNN. It also has an ability to
recognize both natural and spontaneous emotions, as well as
image and video can be considered as an input.The experimental
results consideringYawDD dataset indicates that the proposed
system has been efficiently evaluated by considering the with
metrics such as Precision, Recall and F-Score and thereby it is
observed and inferred that the proposed system obtained a high
recall rate of 96.09% in comparison with the other state-of-the-art
methods.
Keywords : Convolution Neural Networks, Deep Learning,
Driver Warning System, Facial Emotion Recognition, Local Octal
Pattern.

I. INTRODUCTION

The high degree of mental distraction of a person driving
the vehicle along with the consumption of alcohol and
over-speeding is the most important cause of occurrence of
majority of traffic accidents and unforeseen crashes.
According to statistics from related departments, it is
observed that driving fatigue condition accounts for the
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largest proportion of road traffic accidents. Many drivers who
are in the fatigue state may experience sleepiness, short loss
of consciousness and that they usually don’t perceive that
they are within the tired and drowsy state. The driver driving
for duration greater than eight hours a day, excessive physical
activity, lack of sleep, etc may be the cause of fatigue in
drivers. There arises weakness in driver’s mental stability and
he will not be able to handle traffic problems in the road
accurately.
Driving fatigue is authenticated and confirmed by one of
two aspects of consideration: First, before the fatigue
behavior is found, the driver driving the vehicle cumulatively
within 24 hours is being calculated. If it is more than eight
hours, it is automatically considered as fatigue though the
driver has no tired feeling. Second, through investigation,
albeit the additive driving time, driving fatigue is
authenticated even if it is not equivalent to the standard eight
hours of driving daily and if the driver with an observation
that is confirmed as excess of physical hard-work due to the
following reasons like lack of sufficient sleep, driving fatigue
weakness and sleepiness, he cannot accurately process
traffic-related issues. Though there are completely different
technical testing strategies available, relying solely on
appropriate testing methodology like by-law social control
isn’t comfortable.This is due to limited human material
resources, and driver unconsciousness on fatigue driving.
Road traffic accidents causes many road safety problems
around the world thereby greatly threatening and influencing
the life and property of social public [1-3]; the probability of
occurrence of traffic accidents due to driving fatigue is 4 to 6
times more in comparison to normal driving [4]; henceforth it
has gained a lot of global attention. Hence investigation and
elaborated analysis on the driver fatigue warning has
important sensible significance and enhanced application
value.
An automated driver warning system is required to alert
the driver during crucial conditions when his mental stability
is poor. This issue involves determination of driver’s mental
state, which can be done based on the facial expressions of
the driver. There are many different driving fatigue detection
approaches particularly the following: physiological-based
approaches [5-7], behavior-based approaches, operation state
of vehicle-based approaches [8-10], and facial
expressions-based
approaches
[11,12].
The
physiological-based technique necessitates the sensor to be in
contact with the driver's body and therefore the detailed
information based on the points of contact are required,
which in-turn is unsuitable for applying to the normal driving
scenario. It depends on head
movements of the driver,
different techniques obtainable
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that have plenty of probability owing and randomness
correlation between the detailed head movements and fatigue
like swing driving and lane change mirrored within the
vehicle driving behavior. Even if these behaviours are partly
mirrored to find out the driver is in a state of fatigue or not
and also it is difficult to find out more precisely and
accurately if the driver is in a state of extreme tiredness. The
use of the camera to capture driver’s image in real-time and
analyze the images to find the driver's fatigue state is done by
various different machine learning based methods. The
method has the foremost essential characteristic of
non-contact, however needs additional improvement in terms
of accuracy and sensible quality.
There is a lot of research interest towards Artificial
Intelligence (AI) due its recognition ability in human
emotion. Artificial intelligence plays an indispensable role in
human computer interaction with the strong ability to
recognize different variations of facial expressions. To
precisely identify a person’s emotions, there are certain
psychological based characteristics such as human body
movements, speech, heartbeat, hand gestures, blood pressure,
facial expressions, and so on are observed. Out of these, the
most effective and essential characteristic for identifying the
emotion of a person is facial expressions. Mehrabian [13]
research enumerates that the facial expressions effectively
transmit 55% of the messages in terms of communication
between face to face. An emotion exhibited in terms of facial
expression, it is basically the variation in the corresponding
position of the muscles underneath of the skin on face. These
observed movements on human face precisely indicate the
emotional state of an individual.
A facial expression is a highly powerful non-verbal
communication that is used for direct one-to-one
communication. The basic essential facial expressions as
identified by Ekman et al. are anger, disgust, fear, happiness,
sadness, and surprise. By detecting and analyzing these facial
expression based features and facial muscular movements,
one can easily identify the emotion as expressed by an
individual and eventually detect the different mood swings of
the individual such as pain, frustrated, happy, elited and so
on. Nowadays, many real-time applications in various fields
such as medicine, data-driven animation, E-Learning based
domains, interactive gaming, entertainment, and so on are
based on the automated facial expression recognition system
framework.
Traditional methods of recognizing emotions in a human
face are carried out only at laboratory controlled
environments. Recognizing facial emotions at real time
scenario is complex as well as a challenging task. Evolution
in image processing and pattern recognition makes facial
emotion recognition as an automated process with improved
accuracy and recognition percentage. But often still images
which are static are considered for recognition; Videos which
are dynamic are still challenging. Facial expression
recognition system faces critical real time challenges such as
pose variation, illumination and occlusion which impacts
greatly on the recognition accuracy.
In this paper, the proposed system develops an automated
driver warning system which recognize the facial emotions
under real time road driving scenario and captures the
emotion to provide an alert for the driver at extreme or crucial
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condition where it tracks the frames of images which is a
dynamic video image and matches the difference between the
frames of images by low rank detection and detects the odd
frame out and recognize the facial emotion by LOP-CNN.
Convolutional Neural Network (CNN), which is one of the
most vital deep learning methodologies, is inferred to be
successful for its exceptional and outstanding categorization
in the related domain of image recognition and classification.
The CNN has the stupendous capability of automatic
extraction of features and transformation of variance, which
in-turn projects it a significant neural network methodology
for image classification. Each of the layers in CNN tries to
extract the most unique characteristic features as taken from
the given input image which in turn makes it a more robust
neural network. The main aim of the CNN is to get the proper
destined output by converting a given set of inputs into more
accurate and meaningful outputs as destined. The LOP-CNN
is meticulously employed and implemented in this research
work, which optimally achieves maximum efficiency and
effectiveness.
The key contributions of this paper include:
 The design of a Local Octal Pattern-Convolutional
Neural Network (LOP-CNN) method for an
efficient Driver warning System using Deep
Learning based Facial Expression Recognition.
 CNN based feature extraction minimizes the
semantic gap and improves the overall efficiency by
using Facial Expression Recognition.
The rest of the paper is structured and organized as follows.
Section II discusses the existing work related to facial
recognition methods. Section III introduces the proposed
method including Driver Warning System using CNN-based
Face Expression Recognition. Section IV enumerates the
experimental implementation and summarizes the results.
Section V concludes the paper along with the future scope for
enhancement.
II. RELATED WORKS
There are some efforts made in the development of a
system that detects the drowsiness characteristic of the driver
based on certain factors. The factors like head movements,
variability in heart rate, grip quality and steering wheel
movement against the path markings on the road were
meticulously recorded to detect the drowsiness. The eyes of
driver were concentrated to investigate the drowsiness using
the developed drowsy driver detection system. Based on the
parameters used for detection, the drowsiness detection
techniques are classified into two types namely the intrusive
method and non-intrusive methods of detection. The
distinction is based on the condition whether an instrument is
connected and coupled with the driver or not. In the intrusive
method, an instrument is well-connected to the driver and the
value of that instrument is checked and recorded. This
method has high levels of accuracy, where the accuracy is
proportional to the driver’s discomfort; so it is rarely used.
The driver’s eyes as opened or closed are checked by the
system [14]. A warning sign is disseminated to the driver
when the eyes are closed for a longer duration. The driver
drowsiness monitoring and
early warning system makes
use of machine learning
techniques based on telemetry
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data of the vehicle [15]. This system offers real time
monitoring of the driving pattern, thereby ensuring safe
driving. A major solution for efficient driver monitoring and
event detection is to employ the 3-D information gathered
from a range camera. Head pose estimation and region-of
interest identification are provided by the system by
effectively combining 2-D and 3-D techniques.
The clouds of 3-D points from the sensor are captured
and 2-D projects are analyzed based on head movements and
also extracted for further analysis [16]. In order to detect
drowsiness, an ingenuity method which combines the
methods comprising of both computer vision as well as
physiological bio-signals can be systematically employed.
PCA model is employed initially to detect the face region; the
eye region is determined by employing GA based on face
segment. The changes in the signal waveform from active
awake state to drowsy state can be systematically analyzed
using Photo Plethysmography (PPG) [17].
The main idea and contribution of the proposed work is
the central focus on facial expressions based driving fatigue
detection system in which a deep learning based feature
extraction using LOP is used for facial expression
recognition. There are three conventional methods available
for facial recognition namely appearance-based methods,
Geometric-based methods, and neural network based
methods. The foremost classic method for observing face
recognition is face geometry. The human face is represented
and characterized by an optimal set of facial landmark points
in Geometrical feature based approaches. The location and
shape of facial components are determined by the angle and
distances between those facial points. To classify the input
face, the feature vectors that suitably represent the face are
fed as input to the classifier. Inorder to accurately locate the
landmark points on face, facial point detectors have to be
found which is difficult task. The features are unanimously
extracted from the relative pixel gray values as given in the
face image in case of appearance-based methods. The pixel
intensity is determined by the intensity of light emitted from
the image. Some of the conventional appearance-based
methods which does not include facial points information are
Principal Component Analysis (PCA) including Eigen face,
Local Binary Pattern (LBP), Linear Discriminate Analysis
(LDA), Local Gabor Binary Patterns (LGBP) and
multi-orientation multi-resolution Gabor wavelets. The
features which are extracted from the above methods are
given as input to the neural network, which then tries to
identify the input image. This is evaluated based on the
analysis of the descriptive features, which are obtained from
geometric and appearance based methods, Classifiers such as
Artificial Neural Networks (ANNs), Support Vector
Machines, (SVMs), K-Nearest Neighbors (KNNs), Hidden
Markov Models (HMMs), which classifies the input image
into one of the expressions. In recent years, the methods like
Deep Learning have gained prominence and are considered
as a promising technique to perform facial expression
recognition.
Archana Shirsat et al. [18] has enumerated a novel FER
using an efficient LBP for feature extraction and employed
with Artificial Neural Network (ANN) for classification. The
illumination variant based local binary pattern tries to detect
the features using very simple mathematical computation.
Some of the extracted features from the given LBP
methodology were comprehensively fed into ANN for further
classification. Three feature extraction methods were used by
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Reza Azmi [19]: Gabor filters, LBP and local Gabor binary
pattern (LGBP). The KNN classifier, coupled with
calculation for the vector distance measure is utilized as a
classifier. The LGBP due to its more powerful and
effectiveness tends to show high accuracy based on different
occlusion conditions on FER. Banu, Simona et al. [20]
designed a model for detection of overall face, with detailed
features of eyes and mouth, which makes use of the Haar
feature functions and is applied with Bezier curves, which are
used to extract features for geometrically different facial
parts. Two layer Neural Networks method with K-means
algorithm is used for pre-classification. Facial expression
based recognition method using Hidden Markov Model was
proposed by Jun Wang et al. [21]. Jun Wang et al. [22] has
proposed a deep CNN for identifying and recognizing a
deeper feature representation of facial expression as part of
the process of facial expression recognition system, which is
mainly used in order to gain automatic recognition. These
methods achieve high recognition rate, but the drawback is
that needs additional improvement in terms of accuracy and
sensible quality.
Though these works achieve salient performance on facial
expression recognition, an effective automatic driver warning
system is proposed by extracting the facial features using
LOP-CNN for facial expression recognition.
III. PROPOSED METHOD
The main contribution of this paper encompasses the
optimal extraction of facial expression based on an efficient
texture pattern LOP and further enhanced recognition of
facial expression based on deep learning that is using CNN.
In this proposed work, it utilizes LOP feature vector map,
given as an input to CNN, which will in turn aid in assistance
for the selection of CNN learning data, thereby improving the
understanding and learning of CNN.
A. System Design
Fig.1 shows the overall framework of the Driver Warning
System (DWS) using CNN-based Facial Expression
Recognition. The DWS consist of three phases like face
detection, face feature extraction and face recognition or
retrieval. Face detection is done to locate the faces in the
image or video using Viola-Jones Face Detector method [23].
Then the Active Shape Model is employed to find totally
different facial landmarks on the face image. The utilization
of those totally different facial landmarks to align each face
images with face mean shape method [24] is done by
barycentric coordinate based mapping process. The feature
extraction using LOP algorithm in the face elements after the
face alignment is obtained and the facial expression is
recognized using CNN. The recognition and retrieval is
accomplished using Support Vector Machine (SVM). The
system will send an alarm to the driver based on the classified
facial expression.
i) Face Detection
For the images or videos that are captured by the camera,
Viola-Jones Face Detector method is employed to detect and
locate the faces in the image or video. By incorporating this
method, although the training
becomes slow, but the
detection is made fast. This
algorithm makes use of Haar
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basis feature filters and it does not use multiplications.
Detection tends to happen inside a detection window. A
minimum and maximum frame size is optimally chosen, and
for each of the recognized sizes, a sliding step size is
eventually chosen; after which the detection frame is moved
accurately across the corresponding face image. Then to
locate the different available facial landmarks on the facial
image, the Active Shape Model is employed. In general, the
shape of an object is represented with a set of points. An
optimal barycentric coordinate based mapping process is
duly applied on the facial landmarks to categorically align
every face with the corresponding face mean shape model.
The use of these different facial landmarks to align every face
image in the database associated with the face mean shape
method [24] is done by barycentric coordinate based
mapping process.

Fig. 1. Overview of the proposed method
ii) Face Feature Extraction
In the feature extraction phase, for each of the detected
facial components, 7X5 grids are inherently extracted; in
which each grid is represented as a square patch [25]. Using
this technique the same as projected in [25], there will be a
total of 175 grids represented from five significant elements
of face including two mouth corners, nose tip and two eyes on
the aligned face image. A face image patch is rooted out and
extracted from each grid and LOP feature descriptor [26] is
accordingly computed and evaluated as a local features. The
CNN is then trained and map with the LOP feature vector,
which serves as an input to CNN. Every LOP feature vector
mapped is then subsequently merged to fully connected
networks, and also the facial expression is vitally recognized
to a selected category supported based on the output of CNN.
Similarly, in the test classification face images, initially LOP
feature vector is accurately extracted, after which the LOP
features is successfully fed into the CNN classifier for further
classification. Based on the facial expression recognized; our
proposed system will alert the driver with an alarm.
a)
LOP-based Face Feature Extraction
After face alignment, the feature extraction in the
face is obtained with LOP. The LOP algorithm successfully
encodes the information between the center pixel and the
reference pixel, purely based on the direction of the center
pixel. In the LOP, encoding information is calculated for all
directions (horizontal, vertical and diagonal) of pixel values
using first-order derivatives for each center pixel in the given
face image. From the pixels, 8-bit octal pattern is obtained for
each centre pixel in the given Image . The octal patterns are
divided into eight parts from the calculated directions.
Finally, three binary patterns are generated from each
direction of centre pixel as a total of 24 (8*3) binary patterns.
The
denotes the center pixel in I, and let ,
and
denote the horizontal, vertical and diagonal
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neighbourhoods of , respectively. Then, the first-order
derivatives at the center pixel can be written as
(1)
(2)
(3)
and the direction of the center pixel in the given image can be
calculated as

(4)

The LOP algorithm effectively constructs the pixel of
matrix within the face elements with success encodes the
knowledge of the given image between the center pixel and
its reference pixel, strictly supported the direction of the
center pixel. The center pixels of the diagonal and adjacent
pixels considers as center pixels and computing encoding
information based on the threshold value for all direction and
interprets the binary number as the final result. The process
continues for the entire adjacent pixels in the given face
image. From the process, extraction of feature values of the
face elements is effective and efficient since each pixel is
considered as the center pixel as shown in Fig..2.

Fig. 2. Face Feature Extraction based on Local Octal
Pattern (LOP) feature descriptor [26]
b)

CNN-based Facial Expression Recognition

One of the best known optimal representative means of
network structures in the field of deep learning is the
Convolution neural network [27], [28]. It has unanimously
gained prominence in the area of facial image recognition and
classification. The resulting data in the bundled form of
multiple set of arrays are efficiently processed by ConVnets.
The CNN is capable of taking raw information of an image as
an input there by passing the feature extraction and
reconstruction procedures as part of the standard learning
algorithms. It is similar to the bio-logical neural network in
terms of its weight sharing network structure. This in-turn
lessens the complexity of the overall network model and also
the number of weights associated with it.
The CNN remain unaltered to
any kind of orientations such
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as translation, scale, tilt, and other deformation.
Deep learning based Facial Emotional Recognition
approaches are highly dependent on physical elements of the
face and learn efficiently from the input face images using
other different pre-processing techniques [28]. Among the all
available deep-learning models, the CNN is that the preferred
network model in use. In CNN-based method, to produce an
extracted feature vector map using the input image is
convolved through a filter group in the convolution layers.
Each feature vector map is added and combined with fully
connected network, and the facial expression is inherently
recognized.
The CNN comprises of several layers. These layers can be
of three different types namely Convolutional, Max-Pooling
and Fully-Connected layers. First Convolutional layers are
applied i.e. the rectangular grid of neurons on the primary
components of the face such as left eye, right eye, mouth two
corners and nose tip. Each neuron takes and utilizes input
from a rectangular section of the previous layer of the face
components, with the characteristic that the weights for this
rectangular section are the same for each neuron in the
convolutional layer. Thus, it is an image convolution of the
previous layer, where the weights are used to exclusively
specify the convolution filter. Further added to this, there
may be a number of grids in each convolutional layer, where
each of this grid takes inputs from the previous layer by
exploitation probably totally different filters.

order to compute the pre-nonlinearity input to some unit
in our layer, we need to produce output by summing up the
weighted filter components from the previous layer cells:
(5)
Then, the convolutional layer applies its nonlinearity as
follows:
(6)
Algorithm of CNN-LOP based FER
Inputs (Total):
Output:
Step 1: Begin
Step 2: Load the sample frame and convert into gray scale
Step 3: Apply LOP for all facial components
Step 4:

Compute outputs for layers with Known inputs

Step 5: Compute inputs for next layer from these outputs

Step 6: Repeat steps (3) and (4) until reach the output layer
and know
values of
Step 7: Similarly repeat steps (3), (4) and (5) for all facial
components
Step 8: End

Fig. 3. Procedure of LOP-CNN Method
After the completion of convolutional layer, the second
layer which is the pooling layer is applied. The pooling layer
utilizes tiny rectangular blocks from the previous
convolutional layer of the face components and subsamples it
to yield a single conglomerated output from that block. There
are different ways available to do this pooling like
considering the maximum or the average, or a learned linear
combination of the neurons in the block. The pooling layers
considered can be max-pooling layers i.e. it take the
maximum number of the blocks that are pooling in the face
elements.
Finally, when applied to many convolutional and
max-pooling layers, the high-level modes of interpretation
within the neural network are done via multi-layer i.e. fully
connected layer. This multi-layer takes inputs from all the
neurons as part of the previous layer of the face elements and
attaches it to every single individual neuron. It is inferred that
fully connected layers are not much spatially located
anymore, so there are no convolutional layers after a fully
connected layer. Fig. 3 shows the procedure of LOP-CNN
method.
Suppose, consider
neuron layer which is followed
by convolutional layer. If use an
filter, convolutional
layer output will be of size
. In
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B. Quantization Process and Indexing
In the quantization process and indexing phase, every
descriptor is quantized into sparse codewords, after obtaining
local feature descriptors, and the same procedure is applied to
all components in a single face image to find different
semantic codewords. Ultimately all these semantic
codewords are combined together to represent the final
resulting image. By using sparse codewords [29] for face
image, the following optimization problem is solved:
(7)
Where
is the original feature values that are
extracted from the face image patches i,
represents to be learned sparse dictionary, which contains K
centroids
with
dimensions.
is the semantic codewords
representation of the face image patches. The limit on each
column to make and keep D from becoming randomly large
size. Using semantic code, a feature value is a linear
combination of the column vectors of the dictionary. The
equation contains two parts like sparse dictionary learning
(D) and semantic encoding information (V). Using random
sampled face image patches as a dictionary, it can achieve
similar performance as the one obtained by using a learned
sparse dictionary and if the sampled patches provide a set of
over complete basis, in turn representing input data. Next,
consider for each face image,
where after computing the
semantic sparse representation
using the method described in
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the above process, representation of semantic sparse
codewords set c(i) can be used to represent it by taking
non-zero entries in the semantic sparse representation as
codewords. Later, the matching between two face images are
then computed as follows,
(8)
It is inferred that the face image matching according to this
similarity score can be efficiently and successfully found in
the database.
C. SVM based Recognition
One of the supervised machine learning algorithms
available is the Support Vector Machine (SVM) [30] that
efficiently constructs the hyperplane in a high-dimensional
space to perform the classification or recognition task. SVM
learning intends at finding the best hyperplane that has the
ability to maximize the margin among any two classes. The
basic principle of SVM is a binary classifier, which
segregates or classifies data into two classes.
SVM classification is applied to the trained images to
detect the difference of face image and improve the reliability
of the categorized face images. SVM method proposes that
training
data
of
two
clustered
face
image
collections
, which can be separated by a hyper plane without
error. If there are m-dimensional vector w considered with
constant as b, then:
(9)
The classification problems are primarily used to seek the
suitable (w, b) set and divide different forms of face images
to investigate and to find an optimal classification resultant
hyperplane. This classification proportionally depends on a
smaller number of sample points, proximate to it and
ultimately has no bonding relation to other samples. When
this classification hyperplane is in a normalized state , then:
(10)
The optimal classification that meets condition (10) and also
minimizes the classification interval (i.e.
) is known as
the optimal classification hyperplane, which deals with the
better prevention of difference face images. By introducing
and utilizing Lagrange function, followed by directing those
hyperplanes to meet the Karush Kuhn Tucker theorem, the
optimal classification function can be obtained as follows:

● In the second video dataset, the camera is directly placed
on the driver’s dash. It provides twenty nine videos
consisting of each male driver and female driver, with and
without glasses or sunglasses, from completely different
race sets, under varying situations.
All videos in the YawDD dataset contain 640x480 24-bit
true color (RGB) 30 frames per second and AVI format
without audio. The considered total dataset size is about 5
Gigabytes. The parameters which are considered for
experimentation is listed in Table 1.
 Set 1 contains action of different person such as
normal, talking, and yawning
 Set 2 contains different types of illumination such as
sunny, rainy, and cloudy
 Set 3 contains different types of eye condition such
as closed, open, etc.
Table- 1: Experimental setup for LOP-CNN method
Total no of
videos
tested

150
Set 1: 50 (action)
Set 2: 50 (Illumination)
Set 3: 50 (eye condition)
Type of videos
640x480 -bit true color (RGB) 30
taken
frames
per second AVI format without
audio
The metrics which are considered to efficiently evaluate
the effective performance of the proposed system are
Precision, Recall, and F-Score. To evaluate the optimal
efficiency and robustness of the algorithm, metrics such as
Precision and Recall rates are evaluated and computed based
on the recognition rate. For the given input, our system
recognizes the facial expression; it classifies and provides the
warning notification (alarm) to the driver if the recognition
result falls under defined categories such as closed eyes,
fatigue face, sleepy face, etc. Fig.4 shows that the proposed
system produces the highest recall rate for all types of
parameters like action, illumination and eye conditions. The
average of all measures for the proposed system has been
listed in Table2.

(11)
IV. EXPERIMENTAL RESULTS
For experimental analysis and corresponding results,
YawDD [31] used two video datasets of drivers with various
facial expressions. The videos are taken and shot in real time,
under varying and capricious illumination conditions. In
YawDD datasets, different mouth conditions such as normal,
yawning, talking or singing are part of each video.
● In the first video dataset, a camera is installed under the
front mirror of the car. This provides 322 videos
comprising of each of the male driver and female driver,
with and without glasses or sunglasses, from completely
different races, and in three varied situations such as
normal driving (no talking), talking or singing while
driving, and yawning while driving.
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To give an average estimate of the performance of the
LOP-CNN system, the results have also been verified against
two other existing algorithms: that is Template Matching [32]
and Vision-based system and PERCLOS Eye openeness [33].
To show the ability of the proposed system to extract local
features in a better way for the variation in Driver Warning
System, the proposed LOP-CNN method is compared with
Template Matching and Vision-based system and PERCLOS
Eye openeness. The results indicate that LOP-CNN method
shows clear improvement over the above existing methods
due to the deep learning based feature descriptor. The
performance measures for comparison are enumerated in
Table 3. The Figure 5 depicts the Comparison of average
performance measures of Precision, Recall and F-score for
LOP-CNN and other methods.
Table-2 Average Performance measures for the LOP-CNN
Method
Precision Recall
F-Score
Type of parameter
(%)
(%)
(%)
Normal (action)
96.78
98.99
97.87
Talking/ Singing
93.58
95.92
94.74
(action)
Yawning (action)
91.56
93.94
92.73
Sunny (lighting)
94.54
95.98
95.25
Rainy (lighting)
92.86
93.92
93.39
Cloudy (lighting)
94.14
95.96
95.04
Eye condition
95.12
97.94
96.51
(Closed/ Open)
In this paper, the proposed LOP-CNN has attempted over
150 videos with 3 sets of various groups (action, illumination,
and eye closed/ open). These data set videos have been
gathered from YawDD data set. From the experiment on the
above data, it is noticed that the overall performance of the
proposed system in providing the matching results for the
face images of different action, illumination, and eye closed/
open has a Precision, Recall and F-score of94.08%, 96.09%,
and 95.08% respectively, which is an encouraging result
when compared to the Template Matching and Vision-based
system and PERCLOS Eye openeness. The proposed method
is compared and contrasted with the Template Matching
method, whose overall Precision, Recall and F-score are
93%, 90.16%, and 91.56% respectively and the Vision-based
system and PERCLOS Eye openeness method whose overall
Precision, Recall and F-score are 89.3%, 86.54%, and
87.90% respectively.
Table-3: Comparison of average performance measures for
LOP-CNN and other Methods
Method
Template Matching
Vision-based system
and PERCLOS Eye
openeness
LOP-CNN Descriptor
(Proposed Method)

Precision
(%)
93.00
89.30

Recall
(%)
90.16
86.54

system and PERCLOS Eye openeness for all kinds of
variations by providing better precision, recall, and F-score
rates.

Fig. 5. Comparison of average performance measures of
Precision, Recall and F-score for LOP-CNN and other
methods
V. CONCLUSION AND FUTURE WORK
An automatic driver warning system is proposed and
developed to send timely warning signals to the drivers based
on the recognized facial expressions to avoid road accidents
and unforeseen crashes. The driver warning system proposed
extracts the facial expressions based on an efficient texture
Local Octal Pattern (LOP) and recognizes the facial
expressions based on Deep Neural Networks, i.e., CNN. It
has an ability to recognize both natural and spontaneous
emotions from both image and video inputs. The proposed
system is efficiently evaluated with metrics such as Precision,
Recall and F-Score and it is observed and inferred that the
proposed system obtained a high recall rate of 96.09%, in
comparison to other state-of-the-art methods. The proposed
driver warning system outperforms the existing methods with
respect to all the metrics considered.The proposed system can
be further extended to include different maneuvers to
ultimately make the driving system capable of dealing with
all types of vehicles, under varying driving environments and
scenarios. Further enhancements are to be considered as part
of future work to be able to withstand failure and retain
robustness for extreme poses and heavy illumination as well
as occlusions at certain point.
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