2018 IEEE 8th International Conference on Consumer Electronics - Berlin (ICCE-Berlin).

Recognition of driver distractions using deep
learning
Leonel Cuevas Valeriano

Paolo Napoletano, Raimondo Schettini

Norwegian University of Science and Technology.
NTNU i Gjøvik
Norway
leonelcv@stud.ntnu.no

University of Milano-Bicocca
Department of Informatics, Systems and Communication
Viale Sarca 336, 20126 - Milano, Italy
{napoletano,schettini}@disco.unimib.it

Abstract—Driver distraction has a great impact on the safety
of people and it is a relevant topic for a number of applications,
from autonomous driving assistance to insurance companies and
investigations. In this paper we address the problem of automatic
recognition of driver distractions by exploiting deep learning
and convolutional neural networks. We propose and present a
comparison of different deep learning-based methods to classify
driver’s behaviour using data from 2D cameras. Evaluation has
been carried out on the State Farm dataset, which consists of
10 different actions performed by 26 subjects such as, normal
driving, texting, talking on the phone, operating the radio,
drinking, reaching behind, etc. Results, achieved using 3 rounds
of 5-fold cross validation, show that all the evaluated methods
exceed the 90% of accuracy with the best achieving about 97%.
Index Terms—Distracted driver, Action recognition, Deep
learning, Convolutional Neural Network

I. I NTRODUCTION
The study of driver action recognition has been slowly
gaining attention over the last decade due to its diverse number
of applications, including those for improving the safety of
drivers and passengers, providing driving assistance, supplying
information to insurance companies and investigations and
even for self-driving cars in situations when there might be
a need for a human to take over control of the vehicle [1].
According to the data published by the National Highway Traffic Safety Administration (NHTSA), in 2015, in the
USA, 391,000 people were injured in motor vehicle crashes
involving distracted drivers, while 3,477 were killed [2].
Another of NHTSA’s 2015 traffic safety report indicates that
driver’s misbehaviour is the critical reason for 94% of the
car accidents, with mechanical problems or environmental
circumstances being the critical reason for less than 5% [3].
Furthermore, it has been stated that 37% of the drivers admit
to check and answer their texts, with 18% doing so regularly
while operating a vehicle, and an alarming 86% of drivers
report any of the following: eating, drinking, using their GPS
system / checking a map, watching a video, surfing the web
or grooming [4] [5].
These previous statements further motivate the need to
identify a way to reduce the distraction of drivers on the road,
as pointed out by [6]: inattention while driving can increase
the chance of getting into a motor vehicle crash and many of
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these accidents could have been prevented had the driver been
warned the moment he got distracted. Research by Dumitru
earlier in 2018 demonstrated that by providing feedback when
drivers are not focused on the road: on average, the number
of driving infractions were reduced by 43.43%, the number
of lane departures was reduced by 32.198%, the number of
space cushions by 54.662% and the average speed decreased
by 10.506% [7], so there is actually a clear positive reaction
to providing feedback to drivers on their behaviour.
While this problem might seem to be fading away due to
the introduction of self-driving vehicles, the fact is that the
recent models of self-driving cars (as well as those used for
providing private transport services) require their operator to
remain attentive in case there is a need to take over [1].
According to Lyft’s (a private transport company) FAQ site
[8]: The pilot of a self-driving car might take over if there are
any obstacles on the vehicle’s route, such as constructions,
traffic re-directions or a complex traffic situations, such as
bad weather or unclear lane markings or signage. They also
provide information on how the driver is notified and trained
for being able to handle these situations successfully.
However nowadays, due to recent events, there are many
doubts regarding the safety and reliability of these technologies, an example of this is the incident in March 2018, where a
49-year-old pedestrian was killed by one of Uber’s self-driving
vehicles [9], so in order to have more safety in these cases,
being able to detect drivers distraction and notify it accurately
and on time is a key factor.
In this paper we propose and present a comparison of
different deep learning-based methods to classify driver’s
behaviour using data from 2D cameras. To the best of our
knowledge, most of previous studies focus only on framebased classification methods while in this paper we evaluate
video classification methods. For the task of driver distraction
detection, the use of hand-crafted features has demonstrated
to perform worse than deep-learning-based features combined
with a Support Vector Machine (SVM) with results up to three
times worse [10].
This paper is organized as follows: in section II we present
a literature review with previous studies and their approaches,
in section III we present our methodology, in section IV we
discuss and analyze the results obtained and, finally, in section

Fig. 1. Schematic showing the overall process of our experiments

V we take a look at the final considerations of the work done
and present our conclusions.
II. L ITERATURE R EVIEW
Previous research has been conducted for studying deep
leaning methods for the problem of driver distraction detection.
In [11] Yan et al. present a Convolutional Neural Network
(CNN) trained by using pre-trained sparse filters [12] as the
parameters of the first convolutional layer, after that they
proceed to do the fine-tuning of the CNN using their dataset.
In [13] Abouelnaga et al. propose an ensemble of 10
CNNs (5 AlexNet [14] and 5 InceptionV3 [15]), where the
“voting system” for this ensemble is determined by a Genetic
Algorithm and where different CNNs are trained on different
processed data such as the original non-processed frame,
face-segmented frame, hands-segmented frame, face+handssegmented frame or a skin-segmented frame. They showed
that the segmentation steps proved to improve classification
accuracy, but that, in a real-time setting, their performance
overhead is too high to be considered.
In [10] Hssayeni et al. explored the use of AlexNet [14],
VGG-16 [16] and ResNet-152 [17] architectures and showed
that the more modern and deeper architectures perform better,
they also compared the use of CNNs for classification vs.
CNNs for feature extraction + SVM for classification, showing
that the latter method did not increase the accuracy.
More recently, Masood et al. [6] evaluated the use of
pretrained VGG-16 and VGG-19 [16] models and data augmentation and proved the use of these techniques to be very
effective for improving their classification results while also
reducing the training time.

Other research studies exist that are based on tracking the
driver’s gaze and attention using head position [18], segmenting and tracking hands through the use of depth images and
chroma-keying gloves [19], and even more complex setups
which make use of electroencephalograms signals on the
forehead to detect fatigue and alertness [20], [21].
III. M ATERIALS AND M ETHOD
In this work we explore four different approaches: the first
is a single-frame based classification, similar to [10]; the rest
are video-based methods with different input types being: 16
frames, 64 frames and Optical Flow.
A. Dataset
For training and testing we make use of State Farm dataset
[22], which was released on 2016 by State Farm Insurance
Co. as part of a Kaggle competition for image-based driver
posture classification. The dataset consists of 22,424 labeled
images, from 26 subjects (of different age, ethnic group, sex,
size, skin color, etc.). The subjects were instructed to perform
10 different actions (normal/safe driving, texting with right
hand, talking on the phone with right hand, texting with left
hand, talking on the phone with left hand, operating the radio,
drinking, reaching behind, hair and makeup and talking to
passenger), each image is labeled with the appropriate action
class.
The dataset is aimed to be used for frame-based classification and the samples are labeled on a frame by frame basis. It
is possible to reconstruct the original video sequence and use
it as input. In this case, the dataset is structured as 260 videos
with varying duration (10 for each action for each subject).

B. Methodology
All the strategies evaluated are quite similar with some
slight variations either on the architecture of the CNNs or the
input used, so we describe the general method and later focus
on the differences for each particular method. The general
process is shown in Figure 1.
Due to the small amount of data available, it is unfeasible
to train a CNN from the scratch. For this reason, we fine-tune
pretrained models: in the case of the frame based method we
use a model pretrained on the ImageNet dataset [23], while
for the video-based methods we use models pretrained on
the Kinetics dataset [24]. Additionally we performed several
data augmentation techniques to diversify the dataset, these
include, random scale, random crops, random rotation, random
temporal crops, etc.
All the strategies are implemented using the Pytorch [25]
deep learning framework. We fine-tune the last layers of the
pretrained models and perform 3 rounds of 5-fold crossvalidation on each of them. For each case 18 subjects (180
videos) were used for the training set, and 6 subjects (60
videos) for test, in the image-based experiments, the corresponding frames of the videos assigned are used for training
and test. For every run, each of the 26 subjects only appears
in either training or validation sets.
It is important to note that, for the video-based methods, we
decided to use 3D CNN architectures since they can model
appearance and motion information simultaneously and due
to their better performance when compared to handcrafted
features and LSTM-based methods [26].
1) Single Frame Input: For this method we make use
of the pretrained ResNet-101 model [17] available in the
Pytorch’s torchvision module [27]. This model has selected
after comparing it with different pretrained models.
2) 16 Frames Input: In this case we used a ResNext-101
[28] pretrained model with 16 consecutive RGB frames of
video data as input. More specifically, we used the implementation by Kensho Hara [29], we selected this after comparing
how it performed with respect other models (such as the RGB
branch of I3D model [30], [31]).
3) 64 Frames Input: In this case we also used a ResNext101 [28] pretrained model with 64 consecutive RGB frames
of video data as input. More specifically, we used the implementation by Kensho Hara [29], again we selected this after
comparing its results with other models.
4) Optical Flow Input: In this case we used the optical flow
branch of the I3D [30] pretrained model, more specifically, the
implementation found in [32]. The I3D model [30] is one of
the state-of-the-art methods for action recognition. As input 64
frames of dense optical flow obtained from consecutive frames
are given to the CNN.
The idea behind the use of optical flow is that it explicitly
represents and models the motion in the video, which is
expected to make the process simpler, since the CNN does
not need to estimate motion [33]. We calculated the optical
flow using the TV-L1 algorithm [34], just like in the original
work.

TABLE I
R ESULTS OF THE E XPERIMENTS P ERFORMED
Method
(Input Type)

Average
Accuracy (%)

Standard
Deviation

Performance
(FPS)

Single Frame

82.38

7.31

29.767

16 Frames

84.41

4.16

24.833

64 Frames

91.25

1.28

14.430

Optical Flow

92.74

1.81

<1

IV. E XPERIMENTS
A. Results and Analysis
We performed 3 rounds of 5-fold cross validation. A summary of the results for the testing accuracy of each method is
presented in Table I. Also in figure 2 we can see examples of
the confusion matrix obtained for every case.
From this results we can observe that in general video-based
methods perform better than the frame-based ones, we can
attribute this to the additional information encoded into the
video input itself. In addition to this, in the confusion matrix
for the single frame methods in figure 2 we can observe that
there is a big misclassification of passenger interaction frames
with normal driving. This kind of error is attributed to the
lack of temporal information in the input, some frames in the
dataset can be very ambiguous for those classes, since even
while performing a specific action the drivers tend to look back
to the road, which might be interpreted as normal driving.
On the other hand, while the results improvement for
the video-based methods significantly lowering the confusion
between the normal driving and passenger interaction classes
(which we attribute to the temporal information that comes
with this kind of input), we can see that some new misclassifications are introduced such as the one observed in the 16
Frames confusion matrix of figure 2 where call right and drink
actions are misclassifies. This could be attributed to the fact
that the 3D CNNs “learn” descriptors based on appearance
and motion, so when two actions share some similarities in
their motion (such as in this case rising the right hand to he
head-level) there is the risk for misclassification if the features
extracted are not robust enough. We see an improvement on
this when more data is supplied in the 64 frames and optical
flow input experiments.
The optical flow model was the best performing showing
the best average accuracy, however its results are not so far
from those obtained by using 64 RGB frames as input.
By looking at the standard deviation is very noticeable
that for the single frame method the value is one order of
magnitude higher for the video-based methods, indicating that
its performance might be more reliant on the selection of
the train/test split, which makes sense due to the presence of
ambiguous frames in the dataset. On the other hand videobased methods showed more stable results, however this
comes, of course at the cost of more computing and training
time.

(a)

(b)

(c)

(d)

Fig. 2. Examples of Confusion matrices obtained for each method: a) single frame input, b) 16 RGB frames input, c) 64 RGB frames input, d) optical flow
input

One thing we consider is important to note is the difficulty to
compare single frame with video based methods, for the latter
the number of samples is significantly lower, so a single failure
in video dataset brings the results significantly lower compared
to one misclassification on the image-based scenario. Even
when comparing the video-based methods this could be an
issue, since due to the weight of each sample being so high,
in the end their results might be closer than they appear and
the performance might actually be similar across all videobased methods; but in any case, we consider that the results
obtained are illustrative of the potential for each methods as
well as for their shortcomings.
As a final experiment, we decided to try combining both
RGB and optical flow using the I3D architecture, just as they
do in [30]. For this experiment we didn’t need to perform

any training instead simply joined our pretrained models with
best performance and apply it on the test set; as mentioned
in section III-B2 we also trained on the RGB branch of
I3D model, we just do not report the results here since it
was outperformed by ResNext-101. The confusion matrix can
be seen in figure 3 and as it can be observed the accuracy
improved significantly obtaining an average of 96.67% across
all different classes, which proves the effectiveness of this
hybrid approach. The method, however still suffers from the
same shortcomings as the ones mentioned for the 64 RGB
frames and Optical Flow methods, plus an additional hit on
performance and resources, due to the need of running both
models in parallel, but the improvement in accuracy might be
worth this in some applications.
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Fig. 3. Confusion matrix obtained by combining the RGB frames with the
optical flow.

V. C ONCLUSION
In this paper we presented four different approaches to
solve the driver distraction detection problem, with our best
model, which makes use of both RGB and optical flow input,
achieving a 96.67% of classification accuracy. These results
also prove the effectiveness of transfer learning, since even
despite the low amount of data, it was possible to obtain good
results which prove the feasibility of this task; eventually, if
required, we consider that the system can be improved and
refined even further with more data.
One of the potential issues with this kind of system is related
to the privacy of the drivers, there is a possibility that a number
users would not feel comfortable having a camera monitoring
all their actions, however the benefits and impact of systems
which can provide feedback to the drivers has already been
proved [7] and this could out-weight the negative aspects.
As for future work we would like to try using skeleton
images as input, we consider this could help to reduce the
influence of the background environment on the results; or also
introduce the use of other sensor data that could help us to
get better results or to improve the discrimination capabilities
of the system and introduce more action classes.
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