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Abstract 

Sudden or gradual loss of ability to drive a car -such as with sight loss 
and/or cognitive decline- can have significant impact on people’s wellbeing 
and mental health. In the InLife project there is a desire to provide an 
integrated suite of assistive technologies to particularly support people with 
dementia or mild cognitive impairment. This paper presents a possible 
wearable technology to facilitate driving and monitor decline in driving 
capacity. The way we perform common daily activities is influenced by our 
cognitive abilities. Driving is one example of significant importance since 
the way we drive may have a potential impact in our safety. This paper 
proposes a framework to monitor and track the driving efficiency of a 
particular user in terms of energy consumption and perceived stress as a 
way to assess the user’s cognitive abilities. A smartphone based personal 
recommender system is proposed to help the driver to drive better in high 
cognitive demanding situations as measured by the perceived stress by 
providing in advance information to help the driver better manage those 
situations. The perceived stress is estimated from the heart rate variability 
(HRV) signal from a wearable device. In the long term, the evolution in 
detected patterns in personal time series of perceived stress when driving in 
similar conditions could be used as an indicator of the severity and progress 
in mild cognitive impairment or early stages of dementia for particular 
patients. 

Introduction 

Driving, as many other common human tasks, requires the application of 
our cognitive capabilities to deal with the perceived mental processing 
workload in order to assess the best action to perform to deal with our 
sensory data. This mental workload (in the way it is perceived by a 
particular user) has an impact on the driver’s physiological data (such as an 
increase in the heart rate HR or decrease in heart rate inter-beat variation 
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HRV). At the same time, the way we drive has an impact on the associated 
workload that it is required to provide an on-time response to each driving 
event. Assessing the correlations between stressors and their impact both on 
physiological sensed data and user driving behavior could give us very 
valuable information about the cognitive capabilities of a particular user. A 
part from the particular perception that a certain mental workload may have 
on a particular user in the presence of a particular stressor in a particular 
case, assessing over time how similar cognition-demanding stressors 
influence the perceived mental workload (as translated into the HR or HRV 
signals) could be a mechanism of assessing early stages of cognition 
deficits.  

To assist drivers with cognitive deficits, it is necessary to investigate, 
measure, and quantify the drivers’ perceived mental workload. The term 
“load” in this context indicates the portion of capacity that is needed to 
drive. This capacity is limited. Therefore, if the task is perceived as 
requiring a significant cognitive ability it will have an impact on his or her 
physiological response (such as the increase in HR) and it is likely that the 
driver makes mistakes in the actions performed as a result. The level of the 
perceived workload is not only affected by the stressor per se but also by 
several factors such as the road type, traffic conditions, driving experience, 
gender and the way in which the driver has driven in his or her approach to 
the stressor. 

In this paper I will present preliminary results about how driving stressors 
have an impact on the HR and HRV and the correlation that a particular 
stressor may have on the perceived cognitive load depending on how the 
driver has driven when approaching the stressor. Further analysis of 
measured behavioral consequences that a particular stressor has on related 
driving actions and the evaluation of variations over time are left for future 
studies. The technological implementation of the developed system is also 
briefly described. Apart from performing measurements, the implemented 
system provides feedback to the driver to help mitigating the perceived 
cognitive load. 

There are many works on measuring and quantifying the driver’s 
workload. In [1], Wu and Liu described a queuing network modeling 
approach to model the subjective mental workload and the multitask 
performance. They propose to use this model to automatically adapt the 
interface of driving assistant according to the workload. In [2], Itoh et al. 
measured electrocardiogram (ECG) signals as well as head rotational 
angles, pupil diameters, and eye blinking with a faceLAB device installed in 
a driving simulator to estimate the driving workload. In [3], the driver 
workload associated to lane changing was measured through simulation test 
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driving. In [4], a multiple linear regression equation to estimate the driving 
workload was proposed. The model employs variables such as: speed, 
steering angle, turn signal, and acceleration.  

On the other hand, the impact of the cognitive load on the driver’s 
behavior has been studied on many papers. In [5], Kim et al. analyzed the 
relationship between drivers’ distraction and the cognitive load. It was 
discovered that heart rate, skin conductance, and left-pupil size were 
effective measurement variables for observing a driver’s distraction. The 
authors in [6] showed that the increase in visual demand when driving tends 
to cause a reduction in the speed and an increase in the variation in lane 
maintenance. However, the authors showed that the increase in the 
perceived cognitive load does not necessarily affect speed as a resulting 
action. In [7], the authors propose to use a set of variables (vehicle speed, 
steering angle, acceleration, and gaze information) to predict the workload 
driver. The authors achieved an accuracy of 81% with this method. Other 
studies [8] propose to use the movement of the steering wheel as an 
indicator of driver workload.  

There are, however, only a limited number of works where the workload 
is analyzed in a real environment when driving. Furthermore, there is a lack 
in available applications. This paper presents a driving assistant that 
employs the information of the driver stress response to particular stressors 
(points of significant likelihood of causing stress to drivers such as street 
crossings) as measured from the HR and HRV physiological signals and the 
driver’s way of driving when approaching the stressor to assess high 
cognition demanding situations and provide early warning messages to the 
users to reduce the speed before approaching the stressor.  

Developed system 

The modular architecture of the implemented driving assistant is captured 
in figure 1. The assistant is deployed on Android mobile devices and is able 
to get telemetry data from the car’s CAN bus from an OBD2 connector. In 
the cases in which the OBD2 connector is not available, telemetry data is 
estimated from the GPS in the Android device. The drive wears either a 
smart watch or a fitness band with a HR sensor which sends the 
physiological data to the Android device through a Bluetooth Low Energy 
connection. A database of stressors is built from previous recordings of 
stress data. If the assistant detects that the driver is approaching a stressor 
and the driving style of the driver in approaching this point makes the 
prediction of the likelihood of confronting a high expected cognitive load 
above a predefined threshold, the assistant recommends the user to reduce 
the speed.  
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Figure 1. Developed system 

Early results 

The implemented system has been used to monitor different drivers in 
their normal daily journeys to work (since they tend to confront similar 
stressors, in the same locations and with similar traffic conditions). A 
particular setting is shown in figure 2. 

 

 
Figure 2. Deployed system 

 
To show the impact that a particular stressor has on the HR and HRV 

signals, some recordings are captured in figure 2. The “y” axis represents 
the beats per minute in the case of HR and the inter-beat time interval in ms 
in the HRV. We can see that the same stressor does not always have the 
same impact on the measured physiological data.  
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Figure 3. HR signal (two upper) and HRV signal (lower) for the same journey on different 

days. The same stressor and its impact for different speeds and signals is circled.  

 
In order to present early results about how the driving style when 

approaching a stressor impacts the physiological data recorded after the 
stressor, the duration of the stressful events related to the speed variability 
when approaching a particular type of high cognitive demanding point 
(street crossing) for a particular user in similar traffic conditions (9 am in 
the morning on a working day) is presented in figures 4 and 5. The “x” axis 
captures the division of the standard deviation of the speed and the average 
speed for the 20 seconds before the stressor (figure 4) and for 40 seconds 
before the stressor (figure 5). A positive correlation may be intuited.  

 

  
 
Figure 4: 20 seconds anticipation                 Figure 5: 40 seconds anticipation 

Conclusions 

The presented results are just a preliminary assessment of the potential of 
the use of driving assistants to help drivers to mitigate high cognitive 
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demanding driving situations. The physiological measurements as well as 
the assessment of the driving style show promising potential correlations 
with the driver’s ability to handle cognitive load and therefore open the door 
for assessing and helping drivers with cognitive deficits. 
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