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Abstract: Estimating the driver’s gaze in a natural real-world setting can be problematic for different
challenging scenario conditions. For example, faces will undergo facial occlusions, illumination, or
various face positions while driving. In this effort, we aim to reduce misclassifications in driving
situations when the driver has different face distances regarding the camera. Three-dimensional
Convolutional Neural Networks (CNN) models can make a spatio-temporal driver’s representation
that extracts features encoded in multiple adjacent frames that can describe motions. This charac-
teristic may help ease the deficiencies of a per-frame recognition system due to the lack of context
information. For example, the front, navigator, right window, left window, back mirror, and speed
meter are part of the known common areas to be checked by drivers. Based on this, we implement
and evaluate a model that is able to detect the head direction toward these regions having various
distances from the camera. In our evaluation, the 2D CNN model had a mean average recall of 74.96%
across the three models, whereas the 3D CNN model had a mean average recall of 87.02%. This result
show that our proposed 3D CNN-based approach outperforms a 2D CNN per-frame recognition
approach in driving situations when the driver’s face has different distances from the camera.

Keywords: driver monitoring; gaze classification; convolutional neural networks

1. Introduction

According to various reports, countless road accidents have happened throughout the
years as a result of driver distraction. One of the primary causes of the great majority of
accidents is an inattentive driver. According to annual data, about half a million people are
injured and thousands die as a result of these events [1-3].

If our cars can offer Advanced Driving Assistance Systems (ADAS) that detect dis-
tractions in advance, the system will be able to not only alert, but also take control of the
situation in our near future autonomous vehicles, minimizing large-scale traffic accidents
and contributing to traffic safety.

Inside an ADAS, a driver’s gaze zone classifier is critical for recognizing the driver’s
level of awareness [4,5], workload [6], and readiness [7] so that a partial or complete
autonomous vehicle can take control when a dangerous situation arises. Examples of
dangerous situations include when the driver is drowsy or focused on tasks other than
driving. Several previous studies have implemented this kind of classifier. However,
their evaluations were conducted under restricted conditions. Making this classification in
an unconstrained context is still extremely difficult, resulting in very poor results across
already conducted studies.

Our research line focuses on developing a high-performance driver gaze classifier
under unconstrained conditions. Having a high-performance system in unrestricted condi-
tions implies being able to identify distractions with fewer mistakes and thereby reducing
automobile accidents significantly.
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While implementing our previous studies [8-10], we noticed that different distances
from the camera is one unconstrained condition that may lead to misclassification. This
specific condition, which can occur at any time during a driving scenario, is not clearly
evaluated in any of the existing approaches’ experiments. Furthermore, the datasets
used in previous research do not include data where the driver’s camera distance differs
significantly. This is why we collected data, analyzed it, and suggested a model that can be
robust in the event that this situation arises. Figure 1 illustrates the problem by showing
different distances of the driver’s face from the camera.

Figure 1. Left: Driver’s face facing front with a large distance to the camera. Middle: Driver’s face
facing front with a middle distance to the camera. Right: Driver’s face facing front with a small
distance to the camera.

The majority of the existing approaches adhere to a single-frame feature-based system.
However, it seems that using spatio-temporal characteristics helps to make the classification
more robust in situations where the pattern varies widely. Different works reinforce the
benefits of the accuracy that comes along with having the spatio-temporal feature inside
their models [11,12]. Considering this, we decided to make a model using 3D CNN, which
considers spatio-temporal features, for classifying six different head positions towards
different standard driving gaze areas [13,14]: head facing front, head facing right window,
head facing navigator, head facing left window, head facing back mirror, and head facing
speed meter.

Table 1 lists all the head positions proposed as labels for our model. Each label is
composed of two letters: one for the head direction and one for the eye direction. For
example, FF stands for face facing front, eyes facing front. This is based on our prior
works [8,9], where it is important to make clear the differences between where the face and
eyes are facing.

We compared the suggested 3D CNN model to a 2D CNN model to compare a per-
frame recognition system, which is the common implementation in prior research, and
a sequence frame recognition. We addressed the advantages and disadvantages of each
technique, as well as why the 3D CNN model outperformed the 2D CNN model.

To summarize, the five key contributions of our work are:

1. We evaluated our model by focusing on the challenge of the driver being at different
distances from the camera. To understand better how this problem might reduce
accuracy while making a classification and how to overcome it, we gathered data,
implemented a model, analyzed the obtained results, and wrote a discussion.

2. We propose applying a 3D convolution operation to extract spatial and temporal
features from videos and overcome this problem. We evaluate and demonstrate
the benefits of implementing it in driving situations where the driver has different
distances from the camera.

3. Since a per-frame-based recognition is often used inside gaze classifiers, we eval-
uate the proposed 3D CNN baseline model against a 2D CNN baseline model.
The experimental results show that the proposed 3D model can outperform the
2D CNN model overall.

4. We propose a model portable and extensible system since we used only one camera
and no external sensors for acquiring the data.
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5. We propose a model that can correctly classify new distinct subjects.

The rest of this paper is organized as follows: Related works are discussed in Section 2.
Section 3 describes the methodology used for this work and the details of our model.
The experimental setting and results are reported in Section 4. Section 5 summarizes this
work’s contribution to intelligent vehicles, and finally, Section 6 concludes and discusses
future works.

Table 1. Labels included in our network. Each label represents a head direction towards one of the
six standard driving gaze areas.

Label Movement Label Movement
BB Stare at the back mirror FF Stare to front
LL Stare at the left window RR Stare at right window
NN Stare at the navigator SS Stare at speed meter

2. Related Works

Keeping track of the driver’s gaze direction may aid in identifying the driver’s atten-
tion and avoiding automobile accidents when driving on a daily basis. Unfortunately, these
driving scenarios are frequently exposed to a series of challenging conditions. In this paper,
we are especially interested in proposing a methodology that can ease the misclassification
due to different distances of the driver’s face from the camera.

To the best of our knowledge, none of the existing gaze classifiers evaluates their
models against a dataset of diverse driving positions from the camera. However, driver
gaze classifiers have a long history. We review the existing gaze classifiers that use a single
camera, or sensor, to offer readers a background on their methodology.

Ref. [15] tries to compare the performance of a driver gaze classifier using a model
that uses a head and eye pose versus just using a head pose. Head pose corresponds to the
head direction. For instance, if the head is facing towards the speed-meter, the head pose is
towards the speed-meter. Their pipeline’s steps are: face detection and face alignment using
a Histogram of Oriented Gradients (HOG) combined with a linear Support Vector Machine
(SVM) classifier, pupil detection, feature extraction and normalisation, and classification
using a random forest classifier.

Ref. [16] also uses Haar feature-based methodologies to make their classification. First,
they make a coarse head pose detection with different frontal, left and right-profile face
detectors. Then, they extract the gaze feature descriptor only for the frames that have
frontal poses. Next, they detect the left iris, right iris, mouth and nose areas. All the
detections are made based on fast AdaBoost cascade classifiers operating on Haar features
descriptors. The extracted feature vector is input to a multi-class linear SVM classifier that
outputs an estimated gaze direction out of eight possible directions. Then, a temporal
post-filtering is used to produce the final prediction of gaze in the current frame, which
consists of a sliding window history of class labels from the past five frames.

Ref. [17] considers a pupil center corneal reflection (PCCR)-based technique. They
begin by acquiring the driver’s frontal face and then utilize the dlib facial feature tracker, to
determine facial landmarks using a near-infrared camera frame as input. After this, they use
the associated landmarks to obtain images of the face, left eye, and right eye. Then, using
three distinct CNNSs, they construct three sets of feature values, calculate their Euclidean
distances, and classify the gaze zone based on the score fusion of these three distances.

As it occurs in these works, face and facial landmark identification is used in a
substantial majority of gaze classifiers as a very initial stage. This stage is critical since
it retrieves the basic data for the remaining process. If this step fails, the rest of the
classification will fail. For this step, refs. [15,16] rely on Cascade Classifiers operating on
Haar features descriptors, HOG, and/or SVM. According to [18], when striving to detect
facial landmarks under unconstrained settings, these algorithms incorrectly locate the faces
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or generate a misaligned estimate of the landmarks. Despite having the poorest recognition,
it most likely has the highest computing speed.

Ref. [19] includes face detection, landmark estimation, head pose, and eye cues inside
their pipeline. For face detection, they use Viola-Jones’s AdaBoost cascade with Haar
features that is similar to the implementation of Faceness. For landmark detection, they use
estimation from cascaded regression models as described in [20].

To address the absence of an annotated dataset for gaze zone estimation, ref. [21]
employed a transfer-learning approach with a pre-trained CNN model to project the gaze
estimation problem via regression on mobile devices with big and trustworthy datasets into
a new classification task. They divided the car’s zone into ten zones and collected the data
with different iOS devices, such as iPads and iPhones. They altered the iTracker’s deep CNN
by replacing the SVM with the last fully connected (FC) layer that links to the Euclidian
regression. We think one strong point of [21] is that it can run in low-capacity devices.

Ref. [22] based their algorithm on detecting head pose and landmark detection. They
based the head pose algorithm on Posing from Orthography and Scaling with Iterations
(POSIT), which assesses the 3D posture of an object in a camera frame. This technique
primarily solves object poses by utilizing the relationship between non-coplanar space
locations and their two-dimensional image. The procedure from coarse to fine is used to
locate the pupil and the corner of the eye. The exact placements of the eyes and the corner
of the eye are then determined using Local Binary Features (LBF) shape regression. Then
they use random forest to make the classification.

Ref. [23] fine-tuned four different popular CNN architectures, AlexNet, VGGNet,
ResNet, and SqueezeNet, to compare the results of using the different pre-train CNN models.

For us, ref. [24]'s approach is very interesting. The driver’s perception of external
stimuli is examined by observing the motion of the gaze and the environment. This
approach is described as vision-in/vision-out. However, a head-eye-tracker provides gaze
direction measurements, which can be intrusive to the drivers in an actual driving situation.
Nonetheless, we think their approach is exciting, and mapping the objects with the driver’s
gaze will help reach a higher accuracy inside gaze classifiers. Ref. [13], in the same line,
uses a head-eye-tracker that is intrusive for the driver. Ref. [25] instead uses a standalone
eye tracker. However, as they explain, the eye tracker was not always able to correctly
capture the gaze because of the constantly changing light conditions, which produced
disturbing reflections on the device [25].

Ref. [26], for face detection, used the Viola-Jones face detector and incorporates a
multi-zone Iterative Closest Point (ICP)-based head location tracking and gaze estimation
based on appearance using an RGB-D camera. In the experiments, the driver’s face always
appears entirely in the field of view.

Ref. [27] presents a random forest-trained classifier with head vectors and eye image
features. In this study, POSIT computes the head vector when a 3D face model is combined
with facial landmark recognition. They employ the Supervised Descent Method (SDM)
facial landmark detector to identify the eye corner points around the eyeball and other face
points while recognizing facial landmarks.

Refs. [28-30] only use the face’s pose information for their classification. Ref. [28]
formulates intervals based on continuous gaze angles and treats quantized angles’ grid as
an image for dense prediction using a headband. In our opinion, the usage of a band is
intrusive to the driver. Ref. [29] introduces a system based on existing CNN structures with
slight modifications; the pose is estimated with POSIT algorithm with a 3D generic face
and selected rigid landmarks. Ref. [30]’s approach uses a point cloud that can be robust to
large head poses, but their method uses Fi-Cap, which can be an intrusive device.

Ref. [31]’s approach is very interesting for us because it tries to overcome the eyeglass
reflection challenge that constantly occurs in a driving scenario.

Ref. [32] uses a Fine-Grained Head Pose Estimation Without Keypoints. The basic idea
of this method is to use the Euler angles for detecting the head pose from image intensities
combining binned pose classification and regression [33]. Ref. [32]’s pipeline includes
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face detection, the estimation of head pose angles, estimation of facial and eye landmarks,
calculation of confidence values, and fully connected network architecture.

Refs. [8-10] is our research line to improve the robustness of gaze zone classifiers.
In [8], we implemented a system that can classify a driver’s gaze robustly when the face
and eyes are in different directions without external occlusions such as masks, scarves, or
eyeglass reflection. Ref. [10] was our first step in creating a classifier that can be robust to
external occlusions, such as masks or scarves. We are still working on the problem that
comes with eyeglass reflections.

While implementing our previous work, we realized that the distance from the camera
could be a high factor in classification, so we aimed to analyze and propose an enhanced
approach that makes another step toward a robust classification in scenarios where uncon-
strained conditions are exposed.

The spatio-temporal correlation feature that comes with having context makes 3D
CNN superior to 2D CNN. Different works, unrelated to driver’s gaze zone classification,
show the advantages of using a 3D CNN over a 2D CNN. Ref. [11] considers the automated
recognition of human actions in surveillance videos. Understanding the limitations of 2D
inputs, they compared a 3D CNN model and a 2D CNN model. Their results show that the
3D CNN model outperforms the other methods, demonstrating a better performance in
real-world setting environments. As a reference, ref. [12] proposes to extend their work
using a 3D FCN (Fully Convolutional Neural Network) model to further enhance the
performance of object detection in a point cloud. First, they made a 2D FCN that achieved
notable performance in image-based detection tasks, and then they extended it to a 3D
model. In their work, using an end-to-end approach, they detect objects and estimate
oriented object bounding boxes. Their object detection approach can be generalized to other
tasks on point cloud captured by Kinect, stereo, or a monocular structure from motion.

To our best knowledge, all the previous work related to driver gaze classification is
per-frame system-based, and none of them takes advantage of the features that video recog-
nition comes with. However, there are a limited number of studies that analyze drivers’
drowsiness state while using 3D CNNs. In [34], the authors propose driver drowsiness
detection based on a condition-adaptive representation learning framework based on a
3D CNN model. Their experimental results show that their 3D CNN-based framework
outperforms the existing drowsiness detection methods based on visual analysis. In the
same line for detecting a driver’s drowsiness, ref. [35] applies a 3D CNN to extract features
in the spatial-temporal domain; then they use gradient boosting for a drowsiness classi-
fication, and finally, they propose semi-supervised learning to enhance the performance
overall. Still, it is unclear how robust these classifiers can be toward the misclassification
concerning the camera’s different positions.

Therefore, our research aims to reach a classifier with high performance during real
driving scenarios where the driver’s face is in different positions in regard to the camera.
This is an approach for implementing a more robust driver’s gaze classifier in a natural
real-world setting.

3. Methodology

The purpose of this research is to evaluate and contrast the performance of a per-frame
recognition system (2D CNN) against a sequence-frame recognition system (3D CNN) to
make a gaze zone classifier. In this study, we analyze a dataset in which the driver is at
various distances from the camera. We aim to demonstrate how the context may assist in
reducing misclassifications in the above-discussed scenario.

In this paper, we demonstrated that using spatio-temporal features is possible to
improve misclassifications during:

¢  Frames caused by blurred images while using a per-frame recognition system.
¢  Situations where a driver has different distances from the camera.

After this, we compare the performance of the 3D CNN model and the 2D CNN model.
The 2D CNN model is often used as a base in already existing gaze classifier models.
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Convolutions are learnable filters or matrices used in neural networks to extract
low-dimensional properties from input data. They can preserve spatial or positional
relationships between input data components. Convolutional neural networks make use
of spatially local correlation by building a local connection pattern between neurons in
subsequent layers. Convolution is easily characterized as the step of applying the sliding
window technique to the input and producing a weighted sum as the output. The weighted
sum of the feature space is used as the input for the subsequent layers.

On image datasets, CNN designs often use 2D convolutional filters. The fundamental
premise of 2D convolutions is that the convolutional filter operates in two directions (X, y)
to generate low dimension characteristics from an image input. The resulting form is a
two-dimensional matrix as well.

Three-dimensional convolutions, on the other hand, use a three-dimensional filter that
operates in three dimensions (x, y, and z) to construct low-level feature representations.
Their final shape is a three-dimensional volume space, similar to a cube. They may be used
to detect events in videos or 3D medical images.

3.1. Face Detector

Both models use facial detection as an input. Unconstrained driving conditions may
result in a high number of face detection misclassifications; therefore, selecting a robust
face detector is critical. Different previous works rely on Cascade Classifiers operating on
Haar Features Descriptors [36] or HOG [37] and multi-class linear SVM for face detection.
However, their proposal could not be robust enough in different situations, e.g., profile faces.
In comparison to its HOG detector, Dlib has built a fast-to-use library with a proprietary
architecture for a CNN-based detector that is capable of identifying faces practically at all
angles. We detect the face using Dlib CNN Face Detector since it is a fast-to-use package
with high performance on the dataset used in this work.

However, as we highlighted in our previous work, it is important to select even more
robust face detectors to avoid misclassifications when partial occlusions are present, such
as situations while the driver is wearing masks or scarves or there are eyeglass reflections.
We recommend reading [38] lists that provide the most robust face detection classifiers
as a short reference for the reader. Based on prior experience, Single Shot Scale-invariant
Face Detector (S3FD) has a very strong performance and outperforms other benchmark
face detectors by a large margin across the different face detection benchmark datasets as
Annotated Faces in the Wild (AFW), PASCAL face, Face Detection Dataset and Benchmark
(FDDB), and WIDER FACE running at 36 FPS on a Nvidia Titan X for VGA-resolution
images [38,39].

3.2. Two-Dimensional CNN Model

We built our architecture with realistic driving circumstances, precision, and speed
in mind.

In this specific study, the key reason we chose CNN’s architecture over other alterna-
tives is its powerful feature of equivariance:

Tax(Ck(f) = Cryk(f) = (Ce(Tax(f))) 1)

where Cyf) is the convolution operator that acts on an f signal of a Kernel k and Tj, is the
translation operator vector.

With this equation, the CNN comes with the characteristic of being spatially invariant.
Invariance implies that a pattern can be recognized even if its appearance varies. In a
realistic driving situation, we need to keep track of the salient pattern inside the image,
since we want to recognize that pattern even with variations on it. In our case, the pattern
of a driver facing the back mirror will vary depending on how close the person is to the
camera. This is why this particular characteristic is so valuable.

The network architecture of the 2D CNN is shown in Figure 2. Its details are explained
as follows:
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0.2
(1)x256x256 Dropout 0.5

Dropout

I Softmax

- 2D Convolution + ReLU + 3x3 kernel Flatten

- 2x2 Maxpooling Fully connected + RelLU

Figure 2. Two-dimensional CNN Network Architecture used to predict the six different proposed
standard driving gaze areas with a one-channel (1) image input.

Input: We detect the driver’s face using Dlib CNN.

The detected face image is converted into a one-channel image of 256 x 256 pixels.
This will be the input of our network—data augmentation strategies were not implemented
(translation, rotation, and flipping).

The network architecture consists of the application of 2D convolutions, each followed
by a rectified linear unit (ReLU)

Network Topography:

¢ 1st 2D convolutional layer, 3 x 3 kernel with an activation function ReLU.

*  Drop-out of 20% for preventing over-fitting [40].

*  2nd 2D convolutional layer 3 x 3 kernel with an activation function ReLU.

*  Max-pooling sub-sampling layer for removing spatial information by local dimension-
ality [41]. After the second convolution, we use a pooling layer to reduce the size of
the next layer of neurons and prevail salient features.

¢  Flatten layer.

¢ Dense layer with a maximum norm weight constraint to reduce the probability
of over-fitting.

Output: Probability prediction of the proposed labels shown in Table 1. This is made
by a linear operation followed by a softmax activation.
The model was not fine-tuned for two reasons:

. The domain of this research is very narrow; therefore, there is no need to use complex
pre-trained networks.
e  Fine-tuning a pre-trained network on a small dataset might lead to overfitting.
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Learning Conditions:

*  Optimisation method: Stochastic gradient descent (SGD).
*  Batch size: 32.

*  Number of epochs: 200.

*  Loss function: Categorical Crossentropy.

¢  Learning rate: 0.01.

The number of layers recommended in this neural network is proportional to the
accuracy gained in a controlled setting when testing the driver’s gaze zone classifier. As a
result, we steadily lowered the number of layers until we found the simplest configuration
that did not impact accuracy.

3.3. 3D CNN Model

The primary concept behind this approach is to recognize videos rather than frames.
Convolutional Neural Networks have been shown to produce outstanding performance in
action recognition [42]. One benefit of a 3D CNN over a 2D CNN is the ability to capture
motion information by using convolution in both time and space. The spatial and temporal
features are included since this approach employs both 3D convolution and 3D max pooling.
As shown in [43], temporal pooling is significant for the recognition task since it better
captures the spatio-temporal information of video and lowers background noise.

3.4. Network Architecture

The network architecture is shown in Figure 3. The details are as follows:

0.2
(1)x100x100x26 IDropout 0.5

Dropout

I Softmax

. 3D Convolution + RelLU + 3x3x3 kernel Flatten

| ‘ 3x3x3 Maxpooling Fully connected + RelLU

Figure 3. Three-dimensional CNN architecture used to predict the six different proposed standard
driving gaze areas with a one-channel (1) sequence of frames input.

Input: The input consists of the odd frames of a 26-frame sequence generated by the
DIlib-CNN face detector. Since 3D CNN consumes memory far faster than 2D CNN, we
converted the videos to a 100 x 100 pixels frame sequence.

Common data augmentation strategies were not implemented (translation, rotation,
and flipping)

Network Topography: Since the 2D CNN model did not correctly classify in edge
condition driving scenarios, we decided to adopt a similar structure to the 2D CNN model
for the 3D CNN model. Hence, in this proposal, the network architecture consists of:

1. 1st 3D Convolution Layer with ReLU activation and 3 x 3 x 3 kernel.
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2. Dropout of 20%.

3. 2nd 3D Convolution Layer with ReLU activation and 3 x 3 x 3 kernel.
4. A 3D Maxpooling.

5. A flatten layer.

6. A fully conected layer with ReLU activation.

Output: The last layer is also a linear operation followed by a softmax activation.

Learning Conditions: As we aim to keep the difference between the 2D CNN ar-
chitecture and the 3D CNN architecture as narrow as possible, the learning conditions
are equal.

*  Optimization method: SGD.

¢ Batch size: 32.

*  Number of epochs: 200.

¢ Loss function: Categorical Crossentropy.
¢  Learning rate: 0.01.

4. Experimental Evaluation and Results

In this research, we aim to demonstrate one clear point: by implementing a 2D and 3D
CNN model for classifying a driver’s gaze zone, we compare the behavior of the 2D CNN
model versus the 3D CNN model while the driver’s face is facing different distances away
from the camera. In a real-world driving environment, this is a common occurrence.

4.1. Participants

Eighteen participants—6 females, 12 males—were involved in the experiments. The
age range was between 19 are 59 years old, with an age mean of y = 26.65 and a standard
deviation of o = 8.14.

* In the training dataset, the data of 4 females and 8 males were used.
* In the testing dataset, the data of 2 females and 4 males were used.

The subjects are distinct in the training dataset and testing dataset.

4.2. Dataset and Labeling

We took the videos in a real car. The subjects were asked to stare at the proposed
six different standard gaze zones shown in Table 1. This task should be performed three
times. The difference between those three times is the face’s distance from the camera:
far (70 cm + 10 cm), middle (46 cm + 10 cm), and near (34 cm + 10 ¢cm) to the camera,
as shown in Figure 1. The criteria used to classify face distance (far, middle, near) was
arbitrary since there is not a standardized metric to measure it. All the distances depend on
the driver’s seat position. The camera is set as shown in Figure 4.

There are no external occlusions, major light variations, or occurrences where the
driver stares at the backseat/back windows in the training data. However, as mentioned in
the experimental setup subsection, we have instances with temporal occlusions and light
variances in the testing data. The data were collected between 11 a.m. and 5 p.m. There are
no videos that were taken at night-time.

To ensure that all situations were analyzed, data was collected in a static automobile
setting for the training dataset. The frames and videos in the testing dataset, on the
other hand, are a combination of real-world driving scenario settings and static car scenes.
Training and testing data were collected from separate participants. Examples of the
training dataset are shown in Figure 5.
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Figure 4. Setup of the experimental environment. The data are collected using only one camera.

‘ Far Distance ‘ ‘ Middle Distance ‘ ‘ Near Distance

Back Mirror

Navigator

Speed Meter

Figure 5. Rows from top to bottom: Driver’s face facing back-mirror, driver’s face facing navigator,
driver’s face facing speed-meter. Columns from left to right: Driver’s face facing front with a far
distance from the camera, driver’s face facing front with a middle distance from the camera, driver’s
face facing front with a near distance from the camera.

4.3. Evaluation Metrics

For this experiment, we used Recall as the evaluation metric. Recall refers to the
number of relevant instances that were fetched. The definition comes as follows:
True Positive

Recall = 2
eca True Positive + False Negative @

4.4. Experimental Setup

This section will describe how the experimental environment was created and which
conditions were contained inside our dataset.
The details of the experiment go as follows:

1. For each label, there are videos with different face positions toward the camera.

2. The experiment has three kinds of condition evaluation: face with near distance from
the camera, face with middle distance from the camera, and face with far distance
from the camera.
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Videos may have slight variations.

Videos may have occasional occlusions.

Eye direction is not evaluated for this experiment.

For 2D CNN, the classification was made for the first frame of the video.

For 3D CNN, the classification was made for the odd frames of a 26-frame sequence.
There are no videos of the same drivers in the training and test datasets.

To sustain our third statement in Section 1—a portable and extensible system—all the
videos were captured inside a real car using a Logicool Web Camera c920r, manufac-
turer no. V-U0028, Tokyo, Japan (Logitech®, Newark, CA, USA.).

4.5. Results and Discussion

This subsection will present the percentage of videos for each label that the network

classified correctly in both models, 2D CNN and 3D CNN. It will also be described how
each model behaves in relation to the camera’s position:

1.  Videos with a far face distance from the camera results: Face with a far distance
position from the camera—frequently used data in other approaches—2D CNN model
and 3D CNN model has more or less same Recall. The results are shown in Figure 6.
* In the case of FF and LL labels, the 2D CNN outperforms 3D CNN. In normal
situations, when the driver is facing the front, slight movements may fall into a
misclassification for the 3D CNN.
¢  Two-dimensional CNN failed the classification several times when the frame
was blurred.
¢  Mean Value for 2D CNN model was 74.96%, while for the 3D CNN model, it
was 81.93%.
Recall of the 2D CNN and 3D CNN models
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100

90

8

o

~
o

[+2)
o

[
o

B
(=]

w
o

N
o

=
o

0

BB FF LL NN RR SS

Legend m2DCNN m3DCNN

Label

Mean Value 2D CNN:74.96% 3D CNN: 81.93%

Figure 6. The percentage of labels successfully classified by the network in both models for videos

facing the camera at a far distance.

2.

Videos with faces positioned at a middle distance from the camera results: In this
evaluation, the 3D CNN model outperformed 2D CNN in almost every case. The
explanation for this is what was explained in Section 1.

In real driving scenarios, the choice of features is highly problem-dependent since
the same gaze staring situations may appear in different patterns. Instead, motion
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patterns seem to keep the relevant salient features independent of how near or far
from the camera the driver is. The results are shown in Figure 7.

¢ In the 2D CNN model, the NN label has a low recall. With the 2D CNN model,
the model produces multiple misclassifications with the label BB.

¢ Inthe 2D CNN model, the SS label was misclassified as label FF. Since the face
fills a larger area when it is close to the camera, the SS and FF labels may contain
more shared salient features.

¢ Mean value for 2D CNN model was 70.7%, while the 3D CNN model was 91.07%.

Recall of the 2D CNN and 3D CNN models
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Figure 7. The percentage of labels successfully classified by the network in both models for videos
facing the camera at a middle distance.

3.

Videos with a face positioned near the camera results: In all circumstances, the 3D
CNN outperformed 2D CNN. This is due to the fact that the 3D CNN can manage
temporal occlusions. The results are shown in Figure 8.

*  The NN label in the 2D CNN model has a very low recall. The NN label is
misclassified mostly with the labels SS, BB, and LL. That happens because, inside
one frame at a near camera distance, the face in all these three labels has almost
the same shape.

*  FF had the lowest Recall value in the 2D CNN model. This comes from the
deformations compared to a far-distance face position that may occur when the
face is near the camera.

¢  Figure 9 indicates the cause of SS’s low Recall value. The bottom of the image can
be reached during face detection, and the image’s bottom will be transformed
into a thick black line.

e Mean value for 2D CNN model was 65.43%, while for the 3D CNN model, it was
88.08%.

Figure 9 shows some situations where 2D CNN may fail. For example, occasional

occlusions can be hands on the face, extreme light brightness, and face near the camera,
may lead the 2D CNN model to misclassification.

1.

Overall, the 3D CNN had a better performance than 2D CNN:

3D CNN can handle better temporal occlusions.



Sensors 2022, 22, 5857

13 of 16

2. 2D CNN can handle light differences in the cases where the light is not occluding
almost all of the face.

3. 3D CNN can address very strong light differences if some frames inside the image
sequence are not occluding the full face of the driver.

4. 2D CNN cannot handle temporal occlusions well.

5. One interesting point for us was that the mean of the near and middle distance to the
camera for the 3D CNN model was higher than the far distance. We believe that this
is due to more forceful facial movements, which create a distinct pattern.

These characteristics make the 3D CNN model more robust than the 2D CNN model.

Recall of the 2D CNN and 3D CNN models

Recall % . .
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Figure 8. The percentage of labels successfully classified by the network in both models for videos
facing the camera at a near distance.

Figure 9. Examples of situations when misclassification may happen for 2D CNN.

5. Contribution to Intelligent Transportation Systems

According to recent research [44], distraction is one of the primary causes of car
accidents. If our vehicles feature an Advanced Driving Assistance Systems (ADAS) that
identifies distractions ahead of time, the system will be able to not only warn but also
take control of the situation in our near-autonomous vehicles, avoiding large-scale traffic
accidents and contributing to traffic safety.
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A driver’s gaze zone classifier inside an ADAS is crucial for detecting the driver’s
situational awareness and readiness so that a partially or fully autonomous vehicle may
take charge. Previous studies conducted their experiments in ideal conditions. Making this
classification under uncontrolled settings is highly challenging, resulting in very low results
in ongoing studies. The goal of our paper sequence is to create a high-performance driver
gaze classifier under unconstrained situations. Having a high-performance system under
unconstrained settings involves being able to recognize distractions with fewer errors, and
so, substantially lowering traffic accidents.

6. Conclusions and Future Works

Current gaze classifiers suffer from a serious lack of implementations and assessments
in unrestricted daily driving settings. Having a high-performance system under uncon-
strained conditions involves being able to recognize driver distractions with fewer errors
and, therefore, dramatically lower traffic accidents.

To address this limitation in the current research, we are working through our different
articles to identify and propose solutions to the misclassifications that may arise under
various challenging situations in daily driving scenarios to create a highly robust driving
monitoring system. In this paper, we presented a spatio-temporal analysis for handling
misclassification during a gaze classification caused by the different face distances of the
driver toward the cameras in a natural driving scenario by relying on features extracted
from only selected frames of a video using convolutional descriptors for feature extraction.

To demonstrate our hypothesis, we made two models: one with 2D CNN and the other
one with 3D CNN. Second, each model was evaluated during situations where different face
positions to the camera were exposed. Third, we made a comparison between the models.
All the experiments were conducted with our dataset since there is no publicly available
dataset for this topic. The results showed that the 3D CNN had a better classification
accuracy than a 2D CNN recognition model.

The implications of our findings are important because they can be a robust base for
other gaze classifiers. Gaze classifiers can help make supportive systems for drivers or
autonomous car systems for taking over control.

After the analysis of these results, future works should consider the results of this
paper and integrate them into our current implementation of a robust driving monitoring
system under unconstrained situations.

Author Contributions: C.L. from Waseda University implemented the algorithm, conducted the
laboratory test and wrote the manuscript; M.K. and S.S. from Waseda University managed the
research project and revised the manuscript. All authors have read and agreed to the published
version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Approval of all ethical and experimental procedures and
protocols was granted by the Ethical Review Committee of the Waseda University, under Application
No. 2019-276.

Informed Consent Statement: Informed consent has been obtained from the subjects to publish
this paper.

Data Availability Statement: The data presented in this study are available on request from the
corresponding author. The data is not publicly available because not all subjects consent to their faces
being shown with the public.

Acknowledgments: The authors would like to thank the Driving Interface Team of Sugano’s Lab-
oratory in Waseda University, all the subjects for the support given, and the Research Institute for
Science and Engineering of Waseda University.

Conflicts of Interest: The authors declare no conflict of interest.



Sensors 2022, 22, 5857 15 of 16

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

Ashraf, I.; Hur, S.; Shafig, M.; Park, Y. Catastrophic factors involved in road accidents: Underlying causes and descriptive analysis.
PLoS ONE 2019, 14, €0223473. [CrossRef] [PubMed]

Ramachandiran, V.M.; Babu, P.K.; Manikandan, R. Prediction of road accidents severity using various algorithms. Int. . Pure
Appl. Math. 2018, 119, 16663-16669.

Kini, S. Road traffic accidents in India: Need for urgent attention and solutions to ensure road safety. Indian J. Forensic Med. Toxicol.
2019, 13, 144-148. [CrossRef]

Hayashi, H.; Kamezaki, M.; Manawadu, U.E.; Kawano, T.; Ema, T.; Tomita, T.; Catherine, L.; Sugano, S. A Driver Situational
Awareness Estimation System Based on Standard Glance Model for Unscheduled Takeover Situations. In Proceedings of the IEEE
Intelligent Vehicles Symposium, Paris, France, 9-12 June 2019; pp. 718-723.

Hayashi, H.; Oka, N.; Kamezaki, M.; Sugano, S. Development of a Situational Awareness Estimation Model Considering Traffic
Environment for Unscheduled Takeover Situations. Int. J. Intell. Transp. Res. 2020, 19, 167-181. [CrossRef]

Manawadu, U.E.; Kawano, T.; Murata, S.; Kamezaki, M.; Muramatsu, J.; Sugano, S. Multiclass Classification of Driver Perceived
Workload Using Long Short-Term Memory based Recurrent Neural Network. In Proceedings of the IEEE Intelligent Vehicles
Symposium, Changshu, China, 26-30 June 2018; pp. 2009-2014.

Hayashi, H.; Kamezaki, M.; Sugano, S. Toward Health-Related Accident Prevention: Symptom Detection and Intervention based
on Driver Monitoring and Verbal Interaction. IEEE Open Intell. Transp. Syst. 2021, 2, 240-253. [CrossRef]

Lollett, C.; Hayashi, H.; Kamezaki, M.; Sugano, S. A Robust Driver’s Gaze Zone Classification using a Single Camera for
Self-occlusions and Non-aligned Head and Eyes Direction Driving Situations. In Proceedings of the 2020 IEEE International
Conference on Systems, Man, and Cybernetics (SMC), Toronto, ON, Canada, 11-14 October 2020; pp. 4302—4308.

Lollett, C.; Kamezaki, M.; Sugano, S. Towards a Driver’s Gaze Zone Classifier using a Single Camera Robust to Temporal and
Permanent Face Occlusions. In Proceedings of the 2021 IEEE Intelligent Vehicles Symposium (IV), Nagoya, Japan, 11-17 July 2021.
Lollett, C.; Kamezaki, M.; Sugano, S. Driver’s Drowsiness Classifier using a Single Camera Robust to Mask-wearing Situations
using an Eyelid, Face Contour and Chest Movement Feature Vector GRU-based Model. In Proceedings of the 2022 IEEE Intelligent
Vehicles Symposium (IV), Aachen, Germany, 4-9 June 2022.

Chen, M.; Hauptmann, A. Mosift: Recognizing Human Actions in Surveillance Videos. 2009. Available online: https:/ /kilthub.
cmu.edu/articles /journal_contribution/MoSIFT_Recognizing Human_Actions_in_Surveillance_Videos /6607523 (accessed on
29 June 2022).

Li, B. 3D Fully convolutional network for vehicle detection in point cloud. In Proceedings of the 2017 IEEE/RS]J International
Conference on Intelligent Robots and Systems (IROS), Vancouver, BC, Canada, 24-28 September 2017.

Tawari, A.; Chen, K.H.; Trivedi, M.M. Where is the driver looking: Analysis of head, eye and iris for robust gaze zone
estimation. In Proceedings of the 17th International IEEE Conference on Intelligent Transportation Systems (ITSC), Qingdao,
China, 8-11 October 2014; pp. 988-994.

Fridman, L.; Toyoda, H.; Seaman, S.; Seppelt, B.; Angell, L.; Lee, J.; Mehler, B.; Reimer, B. What can be predicted from six seconds
of driver glances? In Proceedings of the Human Factors in Computing Systems, Denver, CO, USA, 6-11 May 2017; pp. 2805-2813.
Fridman, L.; Lee, ].; Reimer, B.; Victor, T. ‘Owl’and ‘Lizard”: Patterns of head pose and eye pose in driver gaze classification. IET
Comput. Vis. 2016, 10, 308-314. [CrossRef]

Chuang, M.C;; Bala, R; Bernal, E.A ; Paul, P.; Burry, A. Estimating gaze direction of vehicle drivers using a smartphone camera.
In Proceedings of the 2014 IEEE Conference on Computer Vision and Pattern Recognition Workshops, Columbus, OH, USA,
23-28 June 2014; pp. 165-170.

Nagqvi, A.; Arsalan, M.; Batchuluun, G.; Yoon, S.; Park, R. Deep Learning-Based Gaze Detection System for Automobile Drivers
Using a NIR Camera Sensor. Sensors 2018, 18, 456. [CrossRef] [PubMed]

Liu, Z.; Luo, P.; Wang, X.; Tang, X. Deep learning face attributes in the wild. In Proceedings of the 2015 IEEE International
Conference on Computer Vision (ICCV), Santiago, Chile, 7-13 December 2015; pp. 3730-3738.

Martin, S.C. Vision based, Multi-cue Driver Models for Intelligent Vehicles. Ph.D. Dissertation, University of California, San
Diego, CA, USA, 2016.

Burgos-Artizzu, X.; Perona, P.; Doll’ar, P. Robust face landmark estimation under occlusion. In Proceedings of the 2013 IEEE
International Conference on Computer Vision, Sydney, Australia, 1-8 December 2013.

Tayibnapis, LR.; Choi, M.K.; Kwon, S. Driver’s gaze zone estimation by transfer learning. In Proceedings of the 2018 IEEE
International Conference on Consumer Electronics (ICCE), Las Vegas, NV, USA, 12-14 January 2018; pp. 1—5.

Shan, X.; Wang, Z.; Liu, X.; Lin, M.; Zhao, L.; Wang, J.; Wang, G. Driver Gaze Region Estimation Based on Computer Vision.
In Proceedings of the Measuring Technology and Mechatronics Automation (ICMTMA), Phuket, Thailand, 28-29 February 2020;
pp. 357-360.

Vora, S.; Rangesh, A.; Trivedi, M.M. Driver gaze zone estimation using convolutional neural networks: A general framework and
ablative analysis. IEEE Trans. Intell. Transp. 2018, 3, 254-265. [CrossRef]

Schwebhr, J.; Willert, V. Driver’s gaze prediction in dynamic automotive scenes. In Proceedings of the 2017 IEEE 20th International
Conference on Intelligent Transportation Systems (ITSC), Yokohama, Japan, 16-19 October 2017; pp. 1-8.


http://doi.org/10.1371/journal.pone.0223473
http://www.ncbi.nlm.nih.gov/pubmed/31596878
http://dx.doi.org/10.5958/0973-9130.2019.00102.6
http://dx.doi.org/10.1007/s13177-020-00231-4
http://dx.doi.org/10.1109/OJITS.2021.3102125
https://kilthub.cmu.edu/articles/journal_contribution/MoSIFT_Recognizing_Human_Actions_in_Surveillance_Videos/6607523
https://kilthub.cmu.edu/articles/journal_contribution/MoSIFT_Recognizing_Human_Actions_in_Surveillance_Videos/6607523
http://dx.doi.org/10.1049/iet-cvi.2015.0296
http://dx.doi.org/10.3390/s18020456
http://www.ncbi.nlm.nih.gov/pubmed/29401681
http://dx.doi.org/10.1109/TIV.2018.2843120

Sensors 2022, 22, 5857 16 of 16

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.
37.

38.
39.

40.

41.

42.
43.

44.

Guasconi, S.; Porta, M.; Resta, C.; Rottenbacher, C. A low-cost implementation of an eye tracking system for driver’s gaze
analysis. In Proceedings of the 10th International Conference on Human System Interactions (HSI), Ulsan, Korea, 17-19 July 2017;
pp. 264-269.

Wang, Y; Yuan, G.; Mi, Z.; Peng, ].; Ding, X.; Liang, Z.; Fu, X. Continuous driver’s gaze zone estimation using rgb-d camera.
Sensors 2019, 19, 1287. [CrossRef] [PubMed]

Wang, Y.; Zhao, T.; Ding, X.; Bian, J.; Fu, X. Head pose-free eye gaze prediction for driver attention study. In Proceedings of the
2017 IEEE International Conference on Big Data and Smart Computing (BigComp), Jeju, Korea, 13-16 February 2017; pp. 42—46.
Jha, S.; Busso, C. Probabilistic Estimation of the Gaze Region of the Driver using Dense Classification. In Proceedings of the 21st
International Conference on Intelligent Transportation Systems (ITSC), Maui, HI, USA, 4-7 November 2018; pp. 697-702.

Yuen, K.; Martin, S.; Trivedi, M.M. Looking at faces in a vehicle: A deep CNN based approach and evaluation. In Proceedings of
the IEEE 19th International Conference on Intelligent Transportation Systems (ITSC), Rio de Janeiro, Brazil, 1-4 November 2016;
pp- 649-654.

Hu, T,; Jha, S.; Busso, C. Robust Driver Head Pose Estimation in Naturalistic Conditions from Point-Cloud Data. In Proceedings
of the 2020 IEEE Intelligent Vehicles Symposium (IV), Las Vegas, NV, USA, 19 October—13 November 2020; pp. 1176-1182.
Rangesh, A.; Zhang, B.; Trivedi, M. Driver Gaze Estimation in the Real World: Overcoming the Eyeglass Challenge. In Proceedings
of the 2020 IEEE Intelligent Vehicles Symposium (IV), Las Vegas, NV, USA, 19 October-13 November 2020; pp. 1054-1059.
Dari, S.; Kadrileev, N.; Hiillermeier, E. A Neural Network-Based Driver Gaze Classification System with Vehicle Signals.
In Proceedings of the 2020 International Joint Conference on Neural Networks (IJCNN), Glasgow, UK, 19-24 July 2020; pp. 1-7.
Ruiz, N.; Chong, E.; Rehg, ]. M. Fine-grained head pose estimation without keypoints. In Proceedings of the 2018 IEEE/CVF
Conference on Computer Vision and Pattern Recognition Workshops (CVPRW), Salt Lake City, UT, USA, 18-22 June 2018;
pp. 2074-2083.

Yu, J.; Park, S.; Lee, S.; Jeon, M. Driver drowsiness detection using condition-adaptive representation learning framework. IEEE
Trans. Intell. Transp. Syst. 2018, 20, 4206—4218. [CrossRef]

Huynh, X.P; Park, S.M.; Kim, Y.G. Detection of driver drowsiness using 3D deep neural network and semi-supervised gradient
boosting machine. In Asian Conference on Computer Vision; Springer: Cham, Switzerland, 2016.

Wilson, P.I; Fernandez, ]. Facial feature detection using Haar classifiers. J. Comput. Sci. Coll. 2006, 21, 127-133.

Déniz, O.; Bueno, G.; Salido, J.; 1a Torre, ED. Face recognition using histograms of oriented gradients. Pattern Recognit. Lett. 2011,
32, 1598-1603. [CrossRef]

Minaee, S.; Luo, P; Lin, Z.; Bowyer, K. Going Deeper Into Face Detection: A Survey. arXiv 2021, arXiv:2103.14983.

Zhang, S.; Zhu, X.; Lei, Z.; Shi, H.; Wang, X.; Li, S.Z. S3fd: Single shot scale-invariant face detector. In Proceedings of the 2017
IEEE International Conference on Computer Vision (ICCV), Venice, Italy, 22-29 October 2017; pp. 192-201.

Witten, I.H.; Frank, E.; Hall, M.A_; Pal, C.J. Data Mining: Practical Machine Learning Tools and Techniques; Morgan Kaufmann:
Burlington, MA, USA, 2016.

Hinton, G.E.; Salakhutdinov, R.R. Reducing the dimensionality of data with neural networks. Science 2006, 313, 504-507.
[CrossRef] [PubMed]

LeCun, Y,; Bengio, Y.; Hinton, G. Deep learning. Nature 2015, 521, 436-444. [CrossRef]

Tran, D.; Bourdev, L.; Fergus, R.; Torresani, L.; Paluri, M. Learningspatiotemporal features with 3d convolutional networks.
In Proceedings of the 2015 IEEE International Conference on Computer Vision (ICCV), Santiago, Chile, 7-13 December 2015.
Khan, M.Q.; Lee, S. A comprehensive survey of driving monitoring and assistance systems. Sensors 2019, 19, 2574. [CrossRef]
[PubMed]


http://dx.doi.org/10.3390/s19061287
http://www.ncbi.nlm.nih.gov/pubmed/30875740
http://dx.doi.org/10.1109/TITS.2018.2883823
http://dx.doi.org/10.1016/j.patrec.2011.01.004
http://dx.doi.org/10.1126/science.1127647
http://www.ncbi.nlm.nih.gov/pubmed/16873662
http://dx.doi.org/10.1038/nature14539
http://dx.doi.org/10.3390/s19112574
http://www.ncbi.nlm.nih.gov/pubmed/31174275

	Introduction
	Related Works
	Methodology
	Face Detector
	Two-Dimensional CNN Model
	3D CNN Model
	Network Architecture

	Experimental Evaluation and Results
	Participants
	Dataset and Labeling
	Evaluation Metrics
	Experimental Setup
	Results and Discussion

	Contribution to Intelligent Transportation Systems
	Conclusions and Future Works
	References

