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ABSTRACT
Distracted driving is a leading cause of accidents worldwide. The
tasks of distraction detection and recognition have been tradition-
ally addressed as computer vision problems. However, distracted
behaviors are not always expressed in a visually observable way.
In this work, we introduce a novel multimodal dataset of distracted
driver behaviors, consisting of data collected using twelve informa-
tion channels coming from visual, acoustic, near-infrared, thermal,
physiological and linguistic modalities. The data were collected
from 45 subjects while being exposed to four different distractions
(three cognitive and one physical). For the purposes of this pa-
per, we experiment with visual and physiological information and
explore the potential of multimodal modeling for distraction recog-
nition. In addition, we analyze the value of different modalities
by identifying specific visual and physiological groups of features
that contribute the most to distraction characterization. Our re-
sults highlight the advantage of multimodal representations and
reveal valuable insights for the role played by the two modalities
on identifying different types of driving distractions.

CCS CONCEPTS
• Human-centered computing → Empirical studies in ubiq-
uitous and mobile computing; • Social and professional top-
ics → User characteristics; • Information systems → Multi-
media and multimodal retrieval.
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1 INTRODUCTION
Road traffic accidents have increasingly become a worldwide lead-
ing cause of death and injuries. According to the Centers for Disease
Control and Prevention (CDC) and the World Health Organisation
(WHO), every year traffic accidents claim the lives of 1.35 million
people around the world, resulting in almost 3,700 road casual-
ties daily, which involve cars, buses, motorcycles, bicycles, trucks,
and/or pedestrians [18]. While having a devastating societal impact,
road accidents are highly correlated with severe financial losses
as well. CDC reports that in just one year (2013), the total lifetime
medical and work loss costs associated with fatal and non-fatal
road injuries in the United States was estimated at 154.33 billion
dollars, while 37% of the costs associated with unintentional injury
deaths in general during the same year were directly related to
transportation accidents [5, 19].

One of the most common causes of road accidents is distracted
driving. Based on the National Highway Traffic Safety Administra-
tion (NHTSA), over the span of one year (2018), 2,800 lives were lost
in US road accidents due to distracted driving andmore than 400,000
thousand people were injured [20]. NHTSA defines distracted driv-
ing as any activity that diverts attention from driving, including
talking or texting on the phone, eating and/or drinking, talking to
people in your vehicle, fiddling with the stereo, entertainment or
navigation system or anything else that takes driver’s attention
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away from the task of safe driving. According to the same source,
texting is the most alarming distraction. Sending or reading a text
takes the driver’s eyes off the road for a minimum of 5 seconds. At
55 mph, this is the same as driving the length of an entire football
field with the eyes closed.

NHTSA and CDC classify driver distractions into three major
categories that occupy different types of driver’s mental and motor
capabilities [17]: Visual — taking your eyes off the road; Manual —
taking your hands of the wheel; and Cognitive — taking your mind
off what you are doing. These distraction categories may of course
overlap and coexist in many types of driving distractions.

Motivated by this previous foundational work, this paper targets
the following three research questions:

(1) How do different distractions affect driver’s behavior?
Wepropose a novel dataset towards understanding distracted
and drowsy driving. The dataset covers a group of different
driving distractors and is designed with a special focus to
induce different aspects of cognitive inattention motivated
by variant affective stimuli.

(2) How do different visual and physiological modalities
perform with respect to capturing distracted behav-
ior? We perform an in-depth evaluation of different sce-
narios and we identify the strengths and weaknesses of each
modality towards a) detecting and b) recognizing physical
and cognitive distractions.

(3) What are themost important features when detecting
distracted behavior?We perform a modality-based feature
analysis on the different trained models and highlight the
most informative features in each information channel.

The goal of this research is to gain insights into how distractions
affect behavior. This is realized by exposing the participants to
different cognitive distractions induced by affective stimuli and
identifying behavioral and physiological features that can best
characterize those behavioral changes.

2 RELATEDWORK
The vast majority of past research focused on computer-vision
based approaches to characterize distracted driving. The work by
Mbouna et al. [14] in 2013 used a set of facial and head related
features to tackle the problem. Eye-state monitoring and head-pose
patterns were tracked overtime to classify between alert vs non-
alert. This work highlighted the very rich information that can
be extracted from the head and eye regions and showed its great
potential towards understanding distracted behavior. The method
proposed in 2015 by Liu et al. [13] tried to address the problem
by acknowledging and targeting a common issue across many ma-
chine learning applications; the lack of labeled data. The research
team proposed a semi-supervised method that, similar to works of
the past, utilized eye and head movements to detected distractions
based on both labeled and unlabeled data. In more recent works,
deep-learning methods have been evaluated on similar experimen-
tal setups. The works proposed in 2019 by Kose et al. [10] and
Rao et al. [25], utilized convolutional neural networks to classify
video segments into 10 target classes using the dataset proposed by
Abouelnaga et al. [1]. These two papers were likely the first to go
beyond distraction detection to distraction recognition. However,

their methods were highly dependent on discriminating physical
distractors by targeting labels such as "reaching behind" or "talking
on phone with the right hand", thus being very limited to other
kinds of passive distractors that relate to anxiety, frustration or
even verbal interaction.

In the 2014 study by Solovey et al. [32], results showed that
working with physiological data alone can provide high quality
information regarding driver’s cognitive workload; a mental state
which is highly correlated with distracted behavior. Most recently
in 2020, McDonald et al. [15] discussed the advantage of ensemble
learners to model driver behavior and classify distractors based
on physiological markers. Overall though, physiological data have
been explored in further depth only during the recent past and
usually in combination with other information signals such as eye-
lid movements or vehicular-based feedback signals, showing very
promising results and highlighting new research directions [22, 36].

While several recent papers have tried to study the fluctuations
of stress during driving [34, 35], very few have focused explicitly
on how different common driving distractors affect specific physio-
logical and behavioral reactions [37], and even fewer have explored
the potential of multimodal data for such purposes [3, 26].

This paper attempts to fill some of the gaps not yet filled by previ-
ous studies. Firstly, we explore the problem of distraction detection
and next, we address the task of distraction recognition in an effort
to understand how different distractions can be discriminated. Our
evaluation goes beyond physical distractions and aims to discrimi-
nate between distractions that involve different types of cognitive
effort, such as listening and commenting on emotionally intriguing
radio recordings or interacting with a faulty GPS that can cause
frustration and mild levels of anxiety. Recognising different types
of distractions can also lead to more personalised driving assistants,
a utility that becomes more and more popular in modern vehicles.
Through this analysis we aim to identify features that could be
potentially evaluated in other related applications, such as educa-
tion, training and other task-oriented domains [23]. Secondly, our
results emphasize the advantage of multimodal distraction recogni-
tion approaches and provide valuable insights for further research
on distraction characterization in driving and beyond.

3 HOW DO DIFFERENT DISTRACTIONS
AFFECT DRIVER’S BEHAVIOR? - THE
DATASET

We introduce a novel multimodal dataset that has been specifically
developed for the purposes of understanding distracted and drowsy
driving. The dataset was collected under a simulated environment
using twelve different information signals on 45 subjects of varying
ethnicity. Overall, the dataset consists of 30 males and 15 females,
all between 20 and 33 years old. Figure 1 illustrates the experimental
setup environment.

3.1 Experimental Procedure
For each participant, we held two recordings in a simulated environ-
ment. One recording took place in the morning, usually sometime
from 8am to 11am, and the second recording happened during the
afternoon/evening, between 4pm to 8pm. We asked all participants
to schedule the morning recording as the first task in their daily
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Figure 1: The data collection experimental setup

routines so that they are as less drowsy as possible. Next, partic-
ipants were asked to attend the afternoon recordings later in the
day, usually before going home, and were specifically instructed
not to nap in that day from the time they woke up until the time of
the recording. Our assumption was that at different times of day
we could capture variant levels of alertness and biological rhythms.
The two recordings did not have to happen in the same day or in
any specific order. Each recording lasted on average 45 minutes and
consisted of three different sub-recordings; ’baseline’, ’free-driving’
and ’distractions’. During each session, subjects had to drive both
on highways and in a city-like environment.

The ’baseline’ recording consisted of two sub-parts; the ’base
part’ and the ’eye-tracking’ part. In the ’base part’ participants
were asked to sit still, breath naturally and stare at the middle of
the central monitor for 2.5 minutes. For the ’eye-tracking’ part,
subjects were shown a pre-recorded video with a target changing
its position every few seconds. Participants were asked to follow
the target with their gaze while acting naturally. This part lasted
another 2.5 minutes.

During the ’free-driving’ recording, participants had to drive
uninterrupted for approximately 15 minutes. Before the beginning
of each ’free-driving’ recording and after explaining the basic op-
eration controls, we gave participants a chance to drive for a few
minutes so they can familiarize themselves with the simulator. To
minimize the biases introduced by the relatively unfamiliar virtual-
driving setup, for the purposes of this paper we used only five
minute long data segments, extracted from the last seven minutes
of the free-driving recording, when subjects were already used to
the driving simulator.

The last part was the ’distractions’ recording. This recording
consisted of four different sub-parts that simulated different types
of common driving distractors. The largest portion of the analysis
discussed in this work has been conducted on the data collected
during this part. Bellow we describe the four different distractors
that participants were exposed to during each recording session.

• D1 - Texting. Participants were asked to type a short text
message on their personal mobile device. The text was a pre-
defined 8-word message and was dictated to the participant
by the experiment supervisor on the fly. By using predefined
texts we aimed to minimize the impact of cognitive effort
that subjects had to put when texting and focus more on the
physical disengagement from driving. Nonetheless, texting

combines all three distraction classes defined by NHTSA and
the CDC, which are Manual, Visual and Cognitive (see Sec-
tion 1). The mobile device was placed on an adjustable holder
on the right side of the steering wheel and participants had
the freedom to adjust the positioning of the holder at will,
so that it fits their personal preferences, thus simulating a
real-car setup as accurately as possible.

• D2 - N-Back Test. The second distractor was the N-Back
test. This distractor aimed to challenge exclusively the Cog-
nitive capabilities of the subjects while driving. N-Back is
a cognitive task extensively applied in phsycology and cog-
nitive neuroscience, designed to measure working memory
[9]. For this distractor, participants were presented with a
sequence of letters, and were asked to indicate when the
current letter matched the one from n steps earlier in the
sequence. For our experiments we set N=1 and deployed an
auditory version of the task where subjects had to listen to
a prerecorded sequence of 50 letters.

• D3 - Listening to the Radio. For this distractor, partici-
pants were asked to listen to a pre-recorded audio from the
news and then comment about what they just heard by ex-
pressing their personal thoughts. As with the N-Back Test,
this distractor challenges mainly the cognitive capabilities of
the participant when driving but with one major difference.
In contrast to the neutral nature of the previous distractor
here the recordings were emotionally provocative hence,
motivating an affective response from the side of the subject.
In particular, the two recordings used as stimuli for this part
were related to a) a potential active shooter event that took
place in the greater Detroit area and b) reporting from a fatal
road accident scene which took place in the area of Chicago.
These choices were made to help the users relate better to
the events described in the recordings.

• D4 - GPS Interaction. At this step we asked participants
to find a specific destination on a ’GPS’ through verbal inter-
action. The goal of this distractor was to induce confusion
and frustration to the participant; emotions that people are
likely to experience when driving, either by interacting with
similar ’smart’ systems or through the engagement with
other passengers or drivers on the road. In this case, the
’GPS’ was operated by a member of the research stuff in
the background providing missleading answers to the par-
ticipant and repeating mostly useless information until the
desired answer was provided.
What was most surprising about this section was that de-
spite the fact that we were expecting this to be mainly a
cognitive/emotional challenge, we empirically observed that
very often subjects tended to take their visual attention from
the driving task and repeat (often quite loudly) their com-
mands while looking towards the direction of the speaker.
Even though the scenario tested here is purely experimen-
tal and no final conclusions can be made, this observation
offers a valuable insight about the general driver behavior
and reaction patterns on various distractions.
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Once the participants started driving they would not stop until
the end of the recording. Thus, they did not experience any inter-
ruptions when switching from the ’free-driving’ to the ’distractions’
parts. For each of the distractors we had two similar alternatives,
which we randomly switched between morning and afternoon
recordings making sure that each subject would be exposed to a
different stimuli each time they participated.

3.2 Modality Description
During each recording the following visual, acoustic, near-IR, ther-
mal, physiological and linguistic modalities were recorded:

(1) Top-view RGB camera from Logitech, recording at 30 fps.
(2) Face closeup RGB camera from Raspberry, running on a

Raspberry-Pi, recording at 25 fps.
(3) Face closeup RGB camera from IDS, capturing data at 20 fps.
(4) Near-Infrared close-up camera from IDS, capturing data at

20fps.
(5) Low quality thermal camera from Flir, capturing the face of

the subject with a small angle from the center, at an average
of 7 fps.

(6) High quality thermal camera from Flir, capturing the sub-
ject’s face at 100 fps.

(7) Four physiological sensors from Thought Technology Ltd.,
3 of them attached on the non-dominant hand of the subject
and one on the torso, measuring the following information:
a) Blood Volume Pulse (BVP), b) Skin Temperature, c) Skin
Conductance and d) Respiration.
Raw data were captured with a sampling frequency of 2048
Hz. To avoid excessive amounts of noise in the physiological
data, we asked subjects to drive mostly using only their
dominant hand and use their other hand only if needed.

(8) Audio was recorded during the ’Listening to Radio’ and the
’GPS Interaction’ distractors, where subjects had to provide
verbal feedback.

(9) Transcriptions of the audio recordings are also available.
We also recorded the driver’s simulation run. For the purposes

of this paper we focus exclusively on the data captured from the
sensors in (3) and (7), i.e., the close-up RGB video recorded with
the IDS camera and the four physiological indicators.

4 METHODOLOGY
In this work, we try to address two different problems. Distraction
detection, i.e., characterize the subject as distracted or not and
distraction recognition, i.e., identify the type of distraction that
the subject is involved in. For each task we perform experiments
using modalities individually, while for distraction recognition we
explore the potential of multimodal processing as well, by testing
both early and late fusion of the two modalities. In the following
paragraphs we discuss the pre-processing and feature extraction
steps for each of the modeling approaches.

4.1 RGB close-up Image Processing
Inspired by the promising results of past research (see Section
2), we analyze features extracted from the face and head regions
using the Openface library [2]. Openface estimates a rich set of
facial and head positioning features based on a Constrained Local

Model that consists of two main components; a Point Distribution
Model that is responsible for modeling the shape of a face and
a group of local detectors responsible to evaluate the probability
of a landmark being aligned at a particular pixel location [29].
Output features provided by Openface include head pose and eye
gaze information, facial landmark coordinates and action unit (AU)
presence as well as intensity values. We experiment with both
individual and combinations of those features and we conclude
that AU intensity values were the ones encapsulating the richest
amount of information for our scope.

To describe AUs we first need to introduce the Facial Action
Coding System (FACS). FACS is a framework designed to group fa-
cial movements based on their appearance on the human face. This
grouping depends on slight instant changes in facial appearance
caused by individual face muscles. AUs are the individual units
used by FACS to code complex facial expressions. Thus, AUs can be
seen as a mid-level representation of facial expressions, providing
higher level of information than just a group of facial landmarks
but being much more descriptive than an affect-based classification
or regression model [33].

Openface provides AU intensity in the form of a continuous
variable for 17 different AUs. Intensity values may range from zero
(AU is not present) to five (maximum intensity). The AUs monitored
by Openface can be seen in Figure 6.

We compute intensity values for all 17 AUs for every frame
in our video data. Following that a sliding window technique is
applied to the sequence of frames. For our experiments a two second
window with 50% overlap was used. Hyper-parameters were tuned
through an exhaustive grid search approach. For every window
we extract the following features describing the distribution of
AU intensities within a window; minimum and maximum values,
average, variance, skeweness and kyrtosis. At the end of this process
each window is summarized to a 17 × 6 = 102 feature vector.

4.2 Physiological Data Processing
As discussed in Section 3.2 we collect four physiological indicators
with a sampling rate of 2048 Hz. For each of these signals, domain-
specific statistical features are extracted using the BioGraph Infiniti
data processing platform [16].Every feature value computed over a
group of raw measurements, is also used as a padding value until
the next computation, so that the final output matches the sampling
rate of the raw data.

In total 73 domain-specific features are extracted through Bio-
Graph in the form of time-series from all four raw data streams.
From these 73 features 49 are related to BVP, six to Skin Temper-
ature, eight are extracted from Respiration, six are bi-products of
Skin Conductance and four features are statistics correlating heart
rate with breathes per minute.

The BVP related features, which have the lion’s share in the
final data representation are extracted from both the temporal and
frequency domains of the raw signal. In particular, there are ten
features describing the statistical behavior of the inter-beat intervals
of the BVP signal, ie. distance between BVP peaks. Moreover, twelve
features are related to heart rate (HR) and heart rate variability
(HRV), describing temporal statistics of HR and frequency related
information for HRV such as low to high frequency ratio, peak
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frequency and others. Additionally, 24 features are computed to
describe the spectral power statistics of different frequency bands
on the BVP signal by grouping the frequencies into three frequency
groups, very-low (<0.04 Hz), low(0.04-0.15 Hz) and high frequencies
(0.15-0.4 Hz). For each frequency band 8 power related statistics are
calculated describing the total power of that frequency band, its
mean and standard deviation and their corresponding percentages
with respect to the complete signal at the time that themeasurement
is taken. Lastly, three features are extracted to describe the behavior
of the amplitude of the raw BVP signal at each timestamp.

The remaining 24 features extracted from the Skin Temperature,
Respiration and Skin Conductance streams are statistics describing
exclusively the temporal behavior of each of the signals and the cor-
relation of individual measurements with respect to their maximum
and minimum values. Adding the four raw data measurements to
the 73 features described above, we end up at each timestamp with
a set of 77 domain-specific "core features" describing the physiolog-
ical state of the participant.

Nextwe segment the 77 information streams using again a sliding
window approach with a window size of four seconds and a 50%
overlap. As before, hyper-parameters are tuned using an exhaustive
grid search approach. At every temporal window we compute for
every feature the same six statistics mentioned in Section 4.1 plus
the zero-crossing rate [27]. Zero crossing rate indicates the rate of
sign-changes of a signal during the duration of a particular frame
and is often used for audio and physiological signal modeling tasks.

From each of the 77 information streams, we thus compute seven
statistics resulting in a 539 features set. In addition, we compute
the first order difference between the current and the previous
frame, eventually resulting in a final feature vector of 1078 features
representing four seconds of physiological measurements.

4.3 Modality Fusion
For our distraction recognition experiments we apply multimodal
processing using a late and an early fusion approach. For both
methods we perform one prediction every two seconds taking into
account data captured over a period of four seconds. Given the
modality-based windowing approaches described above there are
about three feature vectors coming from the visual modality cor-
responding to every feature vector coming from the physiological
sensors.

In the late fusion approach, we classify each modality indepen-
dently and then merge the probabilities of the two different models
to assign the final prediction. To do so, we first average the class
probabilities produced by the visual classifier for every three con-
secutive samples, and then sum the predicted class probabilities
provided by each modality-model. The label assigned is the one
with the maximum final value.

For the early fusion approach the process is very similar with the
main difference being that we compute an average visual feature
vector for every three consecutive visual samples. Then the aver-
aged vector is being concatenated with the corresponding physio-
logical sample, resulting to a final representation of 1078+102=1180
features. This representation is then normalized using a standard
normalization and passed through the classification algorithm.

4.4 Classification
To evaluate the effectiveness and robustness of the proposed modal-
ity representations, we compute the classification performance
using different types of classifiers. Here we report results for two
classifiers:

(1) Ensemble Voting: A Random-Forest (RF) classifier using 100
Decision Trees, with a maximum depth of 100 features per
tree. We use entropy as a metric to ensure maximum infor-
mation gain at each node [12].

(2) Ensemble Boosting: A Gradient Boosting (GB) classifier that
estimates a final set of weights for each sample based on
an iterative process. For our experiments we use 100 weak
estimators [6].

We also experimented with an SVM classifier with a linear and
an RBF kernel but the results were always comparable or worse
than the other two alternatives. In addition, an important benefit
of the ensemble classifiers compared to SVM is the interpretability
of results. These observations are also in line with other related
studies [15]. In Section 5.2 we decompose the different ensemble
models to better understand feature importance and contribution
to the final results.

5 EXPERIMENTAL FINDINGS
We conduct three types of evaluation experiments. Initially we
target the traditional problem of distracted versus non-distracted
driving. Next we look deeper into the distractions and instigate
two novel experimental setups towards better understanding the
nature of different distractors. First we address the binary task
of discriminating between physical (D1-Texting) and mental (D2-
NBack, C3-Radio and D4-GPS) distractors. Second, we repeat the
experiment by considering each distraction as an individual class.
We approach all problems using each modality independently and
for the distraction recognition tasks we also report results following
the multimodal approaches discussed in Section 4.3. After the quan-
titative analysis provided by the classification results we discuss a
qualitative evaluation that aims to identify features that contributed
the most.

5.1 How do Different Visual and Physiological
Modalities Perform with respect to
Capturing Distracted Behavior?

For all our results we perform a leave one subject out cross vali-
dation and report performance in terms of average F1. Given the
variant complexity and nature of each problem addressed in this
paper we believe that average F1 offers the ground to produce com-
parable and balanced results that avoid data distribution biases
affecting other metrics such as accuracy. For the models with maxi-
mum F1 on the task, we visualize the averaged confusion matrices
and evaluate deeper by discussing recall performances of individual
classes. In all the following tables, bold values correspond to the
best result in each experimental setup.

Finally we run each experiment following three different model-
ing approaches:

(1) User Independent: We used all the data from 44 users for
training and the remaining user for testing. We repeated the
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process 45 times until all users were used as a test set. At the
end the results of all 45 models were averaged.

(2) User Dependent: We used all the data from 44 users for train-
ing. For the 45th user we included one of his recordings
(morning or afternoon) in the training data and the remain-
ing recording was used for testing. We repeated the process
90 times until all users were used as a test set. At the end the
results of all 90 models were averaged.

(3) User Exclusive: For each user we used one of their recordings
(morning or afternoon) for training and their remaining
recording for testing. No data from other users were included
in the training or testing set in this case. We repeated the
process 90 times (2 times for each of the 45 users). At the
end the results of all 90 models were averaged.

For all our experiments we compare with two baselines. First
we show results based on a weighted classifier which always led
to maximum average F1. For this baseline the chance of assigning
a label to a sample is equal to the percentage of samples available
for each class in the training dataset. Since the baseline predictions
were weighted based on the class probabilities the final average
F1 (computed across all folds) always converged to 1

#classes . We
refer to that baseline as "Balanced". As an additional baseline we
report average performance when assigning the same label to all
test samples. This can be considered as a more balanced version
of the majority class classifier since the final result takes into ac-
count performance across all the individual classes. We refer to this
classifier as "Single label". The reported results were evaluated for
significance using a non-parametric Wilcoxon test showing always
strong evidence of difference against baseline with p values ranging
from 1−14 to 0.03.

Given the different experimental setups tested, the exact amount
of training and testing data used in each fold of each experiment
varies. Table 1 shows the total duration of data used for our experi-
ments under each recording segment.

5.1.1 Distraction Detection. For this experiment we first seg-
ment 5-minute long recordings coming from the last seven minutes
of the free-driving recording part (see Section 3.1). The distracted
class contains samples collected during the distraction recording
parts and are a mix of all four distractors. Distraction samples cor-
respond to 60% of the samples while Free-driving data occupy the
remaining 40%. Table 2 shows the classification results, while Figure
2 illustrates the confusion matrices for the best results using each
modality.

Figure 2: Confusion matrices on distracted VS non-distracted driv-
ing classification for the best results of Table 2

The results of Table 2 indicate that tuning the model with user-
specific data enhances F1 performance compared to just training
on generally observable behavioral patterns. In addition, the ma-
trices of Figure 2 reveal that the physiological model significantly
outperformed the visual one in terms of recall performance for
the ’Distracted’ class. The physiological model showed an absolute
improvement of 18%, by correctly identifying 97% of the distracted
samples. The two models have very comparable performance on de-
tection of ’non-distracted’ samples. In general, the ’User Dependent’
model of the physiological sensors trained on an RF classifier, of-
fered the best results with 87% average F1 and 97% and 71% average
recall for the distraction and non-distraction classes accordingly.
This highlights the robustness of the physiological modalities on
detecting patterns of inattention that are not visually observable,
as head and face based features are.

5.1.2 Distraction Recognition. In this scenario, we try to iden-
tify different distractions based on their nature. For the binary
problem, i.e., physical versus mental distractions, the latter repre-
sent the dominant class with 71% of the total number of samples.
For the 4-class problem 29% of the data belongs to distractor D1,
20% to D2, 32% comes from D3, and 19% from D4. Tables 3 and 4
show the results on each experiment and Figures 3 and 4 their cor-
responding confusion matrices. Lastly, Table 5 and Figure 5 present
results based on early and late multimodal fusion.

Overall, all modeling approaches (unimodal in Table 3 and multi-
modal in Table 5) perform verywell on discriminating physical from
mental distractors. The physical activity demanded by the subject
to text, generates motion patterns that both modalities can easily
pick-up. What is interesting is the very high performance observed
by the visual modality in the ’User Exclusive’ experiment, shown
in Table 3, where the available training data were very limited com-
pared to the other two experimental-setups. This highlights the
value of the vision-based method on detecting physical distractions.
However, AU-based modeling seems unable to depict significant
behavioral differences across subjects, which translates to the minor
increase in performance in the ’User Independent’ and ’Use Depen-
dent’ approaches compared to the corresponding improvements
observed between the different physiological models.

On the other hand, when we increase the resolution of the tar-
geted classes, physiological sensors are much more robust on dis-
criminating between cognitive distractors of different stimuli. The
lack of significant motion activity makes the visual sensor a weaker
descriptor and in general less flexible to compete. This can be con-
firmed by both Table 4 and Figure 4.

Nonetheless, in both distraction detection tasks, multimodal
modeling provides the best results almost in all scenarios. These
results are shown on Table 5 and Figure 5. While, both fusion mech-
anisms show improvements over the unimodal methods, late fusion
provids the best performance reaching a 94% average F1 on the 2-
class problem and 67% on the 4-class task. Comparing the confusion
matrices shown in Figure 5 to their unimodal counters, we observe
important improvements in some cases or stable performances in
others. The only case where a unimodal method outperforms the
multimodal approach is in the recall of the D3 -’Radio’ distraction
in the 4-class problem, where the multimodal approach recorded a
61% average F1 compared to the 81% recorded by the physiological
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Table 1: Total duration of available data under each recording segment
Recording Segment

Freedriving Texting Physical NBack Cognitive Neutral Radio Cognitive Emotional GPS Cognitive Frustration
#Data (hours) ∼7.4 ∼3.1 ∼2.2 ∼3.4 ∼2

Figure 3: Confusion matrices on distraction recognition as a 2-
class problem for the best results of Table 3

Figure 4: Confusion matrices on distraction recognition as a 4-
class problem for the best results of Table 4

Table 2: Results on distracted VS non-distracted driving classifica-
tion with respect to average F1.

Baseline Visual Physiological
Single Label Balanced RF GB RF GB

User Independent 0.32 0.5 0.69 0.7 0.86 0.84
User Dependent 0.32 0.5 0.73 0.75 0.87 0.84
User Exclusive 0.32 0.5 0.68 0.65 0.53 0.53

Table 3: Results distraction recognition as a 2-class problem with
respect to average F1.

Baseline Visual Physiological
Single Label Balanced RF GB RF GB

User Independent 0.32 0.5 0.84 0.86 0.89 0.88
User Dependent 0.32 0.5 0.85 0.88 0.90 0.88
User Exclusive 0.32 0.5 0.85 0.79 0.63 0.59

Table 4: Results on distraction recognition as a 4-class problemwith
respect to average F1

Baseline Visual Physiological
Single Label Balanced RF GB RF GB

User Independent 0.1 0.25 0.47 0.53 0.64 0.63
User Dependent 0.1 0.25 0.5 0.58 0.65 0.64
User Exclusive 0.1 0.25 0.51 0.47 0.31 0.31

Table 5: Results on distraction recognition using multimodal learn-
ing.

Early Fusion Late FusionRF GB

2-class
User Independent 0.9 0.87 0.92
User Dependent 0.91 0.89 0.94
User Exclusive 0.63 0.58 0.84

4-class
User Independent 0.63 0.63 0.62
User Dependent 0.64 0.66 0.67
User Exclusive 0.31 0.32 0.46

data in Figure 3. However, the result is still better compared to the
56% recall reported by the visual modality in the same figure.

Lastly, it is important to mention the improved performance
on the 4-class problem by the multimodal model shown in Fig-
ure 5. Special attention has to be given to the models’ ability to
differentiate between cognitive distractors based on the nature of

Figure 5: Confusionmatrices on distraction recognition for the best
results of Table 5. Left: Best results for the binary approach, Right:
Best results on the 4-class approach

their stimuli. The classifier shows improved performance over both
unimodal models for the three cognitive-classes with an average
absolute improvement of 0.14 recall units over the visual modality
and 0.06 recall units over the physiological modality (maximum
recall is 1). Further statistical analysis for significance testing on the
4-class problem partially proves those observations showing a clear
difference between the multimodal and the visual models, with p
values bellow 6 × 10−4. The case is not the same when comparing
to the physiological models where p values range around 0.1, thus
highlighting the great impact of the physiological modality on the
final result.

5.2 What are the most Important Features
when Detecting Distracted Behavior?

Figure 6 illustrates the intensities of different AUs with respect to
the four distractors. There are some clear trends in several cases
such as in AU4 and AU14 which, seem to be more present in the
D1-’Texting’ distractor. Similarly AU6, AU15 and AU26 seem to
be quite active during distractor D4 -’GPS Interaction’, which was
designed to induce communication dissonance and frustration to
the subject. AU15, AU17 and AU25 are also present during distractor
D3 - "Listening to the Radio". There are no clear trends between
AU intensities and the NBack - neutral distractor.

Next we look into the importance of different statistical features
extracted from each modality. Feature importance is calculated as
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Figure 6: AU Intensities per distractor. AU ID numbers are defined by FACS.

the increase in information gain at each node or in other words
the decrease of information entropy caused by each feature. The
higher the value the more important the feature.

We use Python’s Scikit-learn implementation for estimating fea-
ture importance [24]. For visualization purposes, we average feature
importance values across all models trained on all three unimodal
classification tasks given a classifier and a modality. For the vi-
sual modality we use as a reference the GB classifiers and for the
physiological the RF models, as they respectively showed best per-
formance on each corresponding modality . Figures 7.a, 7.b show
feature importance values for each feature, ie. 102 visual and 1078
physiological features (see Sections 4.1,4.2). Table 6 presents the
top#5 performing "core features" from each signal. By "core fea-
tures" we refer to the initial intensities for the 17 AUs and the 77
domain-specific physiological features before extracting window-
based statistics.

Table 6: Top 5 features of each modality based on feature impor-
tance

AU Physiological
#1 AU05 BVP IBI pNN Intervals (%)
#2 AU10 BVP IBI pNN Intervals
#3 AU06 BVP HF % power mean
#4 AU23 BVP LF % power mean
#5 AU01 BVP IBI NN Intervals

It is worth observing that across the visual features (Figure 7.a)
some of the most informative ones come from AUs that show over-
all low intensity levels when judging from Figure 7, in particular
AU1, AU5 and AU23. This indicates that differences in AU intensity
that seem minor to the naked eye may be crucial towards iden-
tifying distracted behavior. For the physiological sensors (Figure

7.b), BVP related features seem to account the most for the good
results offered by the modality. However, as seen in Figure 7.b, all
physiological indicators contributed to the final results despite the
fact that the vast majority of features were related to BVP. The
top#5 most informative physiological measurements are presented
bellow:

• BVP IBI pNN Intervals (%): the percentage of successive
intervals that differ by more than 50 ms

• BVP IBI pNN Intervals: the number of successive intervals
that differ by more than 50 ms

• BVP HF power mean:the mean of power in the high frequen-
cies

• BVP LF power mean: the mean of power in the low frequen-
cies

• BVP IBI NN Intervals: interval between two normal heart-
beats

pNN features are known to be highly correlatedwith sympathetic
and parasympathetic modulation of the nervous system [7, 28]. The
sympathetic nervous system is responsible to release hormones that
accelerate the heart rate, while the parasympathetic has the oppos-
ing role. Factors as stress, caffeine, and excitement may temporarily
accelerate heart rate stimulated by the sympathetic system[11].

To emphasize the significance of the features reported on Table
6 and get a deeper understanding of their impact in the overall
decision making we repeat all the best performing experiments
(User-Dependent scheme) using only those top#5 variables from
each modality. We show our results in Figures 7.c, 7.d.

Interestingly enough, almost in all cases only a minor decrease in
performance is observed, highlighting the increased performance of
the selected features over the complete set. The deepest decrease in
performance can be found on the visual modality for the distraction
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Figure 7: (a), (b): Feature importance for each modality based on information gain. (a): Visual Features, (b): Physiological Features. (c), (d):
Performance comparison between bestmodels (User-Dependent scheme) trained on the top 5 features of eachmodality versus all the available
features. Graph (c) corresponds to Distraction Detection, graphs in (d) to Distraction Recognition ((d)-left as 2-class, (d)-right as 4-class)

recognition task. In both the 2-class and 4-class scenarios, visual-
only performance had an absolute decrease of more that 15% in
terms of average F1, signifying again how volatile the visual features
can be on this task when used as a standalone modality.

On the other hand the gains of multimodal approaches are now
less obvious. We believe that in early-fusion the models could not
capture important relations between the different variables due to
the limited amount of available features. This property, can also
become the advantage of such models when richer feature sets are
available, as they have the ability to learn more insightful feature
relations across the different modalities. In the case of late-fusion,
the drop in performance is expected and can be justified by the
decrease in performance observed in the unimodal components of
the fusion algorithm.

6 CONCLUSIONS
In this paper, we presented a data-driven, machine-learning-based
analysis for the tasks of driving distraction detection and recogni-
tion through visual and physiological sensors. Despite the experi-
mental nature of our setup, there is substantial research evidence
to support the direct application and integration of our methods in
modern vehicles [4, 8, 21, 30, 31].

Our work highlights the trade-offs that each of the explored
modalities brings to the table. In addition, it provides a fine-grained

list of modality specific features which are crucial towards detect-
ing and characterizing common physical and cognitive driving
distractions.

Revisiting the research questions defined in Section 1, the con-
tribution of this paper can be summarized as follows:

How do different distractions affect driver’s behavior?We
proposed a novel dataset to explore this question. The dataset in-
cludes twelve different modalities and was designed to address
drowsy and distracted driving, with a focus on cognitive distrac-
tions. Our initial experiments proved the value of this resource in
identifying behavioral features associated with distracted behavior.
We aim to research this question further by investigating the ad-
ditional resources presented in Section 3.2. Our findings showed
that different stimuli are correlated with specific physiological and
behavioral features.

How do different visual and physiological modalities per-
formwith respect to capturing distracted behavior? Our find-
ings indicate that the visual modality came short of characterizing
cognitive inattention. Physiological signals proved to be more effec-
tive for this task and showed a more robust performance in general.
On the other hand, the visual modality showed a clear advantage
in detecting physical distractors even when data were very limited.
However, AU-based modeling seemed to be limited in scalability
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as performance was not drastically affected when the number of
training samples increased.

What are themost important features when detecting dis-
tracted behavior?While other features seem to contribute primar-
ily through their absence, in terms of physiological measures, the
features describing the power of spectrum on the BVP signal are by
far the most effective. The rest of the signals had less of an impact
on the final result even though their contribution remained notable,
especially in the multimodal experiments.

To request access to the repository please contact us at zmo-
hamed@umich.edu.
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