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Abstract. For the appropriate design of Advanced Driver Assistance Systems 

(ADAS) and Automated Driving (AD) systems, it is important to understand the 

process of driver-automation interaction and the factors affecting this interac-

tion. In order to develop a part of this understanding, an exploratory driving 

simulator study with fifteen participants was conducted. The study design di-

vided the participants into two groups: low capability automated system and 

high capability automated system. The study showed that providing knowledge 

about the capability of the automated system to the participants increased their 

overall trust in the automated system. However, it also increased their workload 

during the driving task. Increase in workload with knowledge was lower for 

high capability automated systems as compared to low capability automated 

systems. Therefore, while there is a need to inform the driver about the true ca-

pabilities of the system, there is a need to increase the capability of the systems 

to avoid increasing drivers’ workload too much. 

 

Keywords: Human-automation interaction · trust · workload · automation · 

knowledge  

1 Introduction 

Advanced Driver Assistance Systems (ADASs) and Automated Driving (AD) systems 

have the potential to reduce the number of on-road accidents, due to their greater abil-

ity to react quicker to hazardous situations as compared to human drivers [1]. Human 

error has been held responsible for over 90% of on-road accidents [2]. Therefore, an 

ability to assist or replace the human driver in certain situations may be able to de-

crease the number of accidents. Additionally, AD systems have the potential to in-

crease road capacity by reducing gap between vehicles using connected vehicle tech-

nology [3,4]. However, like in other industries (e.g. aviation, nuclear, petroleum etc.), 

the introduction of automation in vehicles (i.e., the incorporation of ADAS and AD 
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systems) may get coupled with introduction of new types of errors in driver-

automation interaction [5]. 

Other domains like aviation and chemical process industries have suffered due to 

operator-automation interaction errors when automation was introduced in these in-

dustries. In 2009, Air France 447 flight from Rio de Janeiro to Paris crashed in middle 

of the Atlantic Ocean due to a stall. Trained pilots failed to understand the stall warn-

ing and distrusted the warning which led to the fatal crash [6]. 

In the automotive context, for early ADAS systems like Adaptive Cruise Control 

(ACC), drivers engaging ACC without full knowledge of the system’s true capabili-

ties used it in conditions like fog, rain, steep curves and forgot to override the ACC 

system leading to accidents or near misses [7]. Thus, in order to have any benefit from 

the introduction of automation in vehicles, it is important to ensure that drivers use 

such systems “correctly”. One of the most important factors influencing drivers’ cor-

rect use of automated systems is drivers’ appropriate trust on such systems [8–10]. A 

driving task is said to comprise of three tasks: 1) strategic 2) tactical and 3) operation-

al [11]. Automation can be introduced to any of these tasks, changing the driver’s 

driving tasks. The driver-automation interaction depends on which task has been au-

tomated. Automation of the operational and tactical tasks changes the driver’s task to 

monitoring the automation, a task which humans are not good at [12]. It has been 

suggested that the introduction of automation in automotive domain, transfers the 

possible source of error from the driver to the designer. A mismatch between the de-

signers understanding of automation and the drivers expectation from the automated 

system may lead to an increase in the workload of the driver [13]. In this paper, the 

authors explore means to bridge the gap between the designers’ understanding of 

automation capability and drivers’ expectation, which ultimately affects drivers’ over-

all trust in automated systems. 

2 Trust on Automated Systems 

To define trust, the authors adopt the definition as “a history dependent attitude that 

an agent will help achieve an individual’s goals in a situation characterized by uncer-

tainty and vulnerability”, which has been adapted from [14] by adding the “history 

dependent” context. It has been shown that the subjective measure of overall trust in 

automated system is correlated with the drivers’ use of automated systems [15]. Driv-

ers’ use of automated systems has been qualitatively classified as misuse, disuse, 

abuse and appropriate use [16], leading to a similar classification for drivers’ trust into 

mistrust, distrust and appropriate trust. Development of overall trust in automated 

systems is influenced by many factors [14]. These include knowledge, workload, 

certification, situation awareness, self-confidence, willingness, experience and conse-

quence [17]. This paper discusses two of these factors, knowledge and workload and 

their influence on overall trust in automated systems. 

 



2.1 Knowledge 

Based on the work of [18–24], knowledge has been classified into the following types 

[17]: 

 Static knowledge: knowledge of the capabilities, limitations and working of the 

system 

 Real time knowledge: information about the current state of the automated system in 

a manner that can be understood by the driver 

 Internal mental model: understanding developed which is influenced by external 

sources like electronic or print media 

Based on drivers’ knowledge level about the system’s capability, they may have 

mistrust, distrust or appropriate trust on the system [17]. Accuracy of the knowledge 

provided to the drivers is key to developing appropriate trust and calibrating trust to 

the correct levels. Appropriate trust is a result of accurate knowledge about capabili-

ties of the automated systems and an accurate knowledge of the limitations of the 

system [13]. Creation of this knowledge for ADAS and AD systems suffers from 

reliability challenges [25] and validation challenges which include challenges in test 

methods and test setup [26]. 

2.2 Workload 

Based on the work of [27–31], workload can be classified into: internal and external 

workload. Internal workload refers to “the vigilance and mental effort involved in 

performing a task using automation”. External workload refers to “any secondary 

task the driver may be involved in (e.g. texting, reading etc.)”. A low reliability sys-

tem can lead to increase in workload (internal) [27], as it requires more vigilance and 

mental effort on part of the driver to maintain safe behaviour of the automated system.  

As workload increases for the operator, the level of complacency also increases, 

i.e., in order to cope with additional tasks, operator automates some of the tasks to 

concentrate on the additional tasks. This leads to the loss of situation awareness of the 

automated tasks as the operator is not even monitoring the system [32]. While some 

studies suggest that decrease in workload due to automation can lead to increase in 

situation awareness [33], others suggest a more independent relation between work-

load and situation awareness [34]. 

3 Methodology 

3.1 Participants 

Fifteen participants were recruited for the study and were sent email invitations. The 

average age of the participants was 34.93 years. Participants’ average driving experi-

ence was 12.38 years. This study received ethical approval from the University of 

Warwick’s Biomedical & Scientific Research Ethics Committee (BSREC) (ID: 

REGO-2015-1746 AM02). 



3.2 Driving Simulator 

This study was conducted in the WMG’s 3xD simulator for Intelligent Vehicles locat-

ed at the University of Warwick. The simulator has a Land Rover Evoque as a Built-

Up Cab (BUC) which is placed inside a 360⁰ field of view cylindrical screen. Partici-

pants were provided with an emergency stop button which when pressed, would apply 

full braking power to the vehicle in the virtual world, and bring the vehicle to a stand-

still. In order to release the brakes, participants were advised to press the button again. 

To provide an indication to the driver, the button had a light indicating that the brakes 

were pressed (by the participant). 

 

Fig. 1. WMG 3xD Simulator for Intelligent Vehicles 

3.3 Design 

The participants were divided into two groups: 1) low capability automation 2) high 

capability automation. The study had a 2 x 2 mixed factorial design. Automation ca-

pability was an in-between subject variable and knowledge of automation capability 

was a within subject variable. Each participant had two runs in addition to a demo 

(training run). In both the experiment runs, each participant experienced the same type 

of system (however, they were told otherwise). In both the groups, the participant was 

driven in automated mode and assignment of participants into different groups was 

counter-balanced between the three groups. The participant could stop the vehicle by 

pressing the button provided to them in the vehicle which would apply the brakes. 

The training run was used to familiarize the participants to the driving simulator and 

the usage of the button to apply the brakes. 

 

Scenarios and Hazardous events 

During each of the experiment runs, participants faced five hazardous events (Table 

1). In order to identify the five hazardous events, a hazard analysis was performed for 

an automated vehicle as per the ISO 26262 functional safety process. For each hazard, 

a hazardous event was identified which was created in each of the driving scenarios in 



the experiment runs in the 3xD simulator. The hazard and hazardous event identifica-

tion was done by independent safety experts. One of the factors influencing the selec-

tion of the hazardous events was the ability to create the events in the 3xD simulator.  

Table 1.  Hazardous events 

Hazardous event # Hazardous event description 

HE1 
Pedestrian suddenly changes direction and comes in 

front of ego vehicle (automated vehicle) 

HE2 
Vehicle approaching a round-about and accelerates 

instead of reducing its speed 

HE3 
Another vehicle in perpendicular lane comes in path of 

the ego vehicle suddenly 

HE4 
Ego vehicle joins a roundabout while another vehicle is 

still in the roundabout and has the right of way. 

HE5 
In foggy/rainy weather, ego vehicle is not able to detect 

traffic lights within the specified range 

 

 

Automation Capability 

As mentioned earlier, two types of automated systems were used in this study. For 

low capability automated system, the system could handle only one of the hazardous 

events safely and the remaining four hazardous events required intervention from the 

driver (by pressing the button to apply the brakes) to avoid an accident or to follow 

rule of the road. In high capability automated system, the system was able to safely 

handle four out of the five hazardous events and required driver intervention to pre-

vent an accident for the fifth hazardous event. In case the automated system was able 

to handle the hazardous event, it was capable of performing the required avoidance 

manoeuvre to prevent an accident or follow the rules of the road. 

 

Procedure 

After the training run, participants were informed that in the study they would experi-

ence two different automated systems provided by two different suppliers in two ex-

periment runs. Both the experiments runs had a maximum duration of approximately 

8 minutes.  Before the first experiment run, participants were informed that the first 

supplier has claimed that the system will be able to handle all scenarios, i.e., SAE 

Level 5 system as per SAE J3016 [35]. No other information about the automated 

system was provided to the participant. Before the second experiment run, partici-

pants were informed about the true capabilities of the automated system and any ca-

pability deficiencies were highlighted with visual examples and a pre-prepared script. 

Participants were also provided some information on the working of automated sys-

tems. The knowledge provided to the participants after the first run comprised the 

static knowledge (as described in section 2.1). Special care was taken to impart 

knowledge (and not rules) by providing information about the working of the system 

to enable them to create a high level mental model of the system [36]. 



3.4 Metrics 

After both the first and the second run, participants were asked to rate their level of 

overall trust in the automated system they experienced via a horizontal subjective 

rating scale (inspired by Muir’s trust scale). The horizontal subjective rating scale was 

a 100 mm rating scale with “no trust” on the left and “high trust” on the right (c.f. 

[15]). Participants had to draw a line across the scale to indicate their measure of trust. 

In this study, a subjective rating scale has been chosen as per literature. However, the 

authors plan to use more objective metrics (e.g. number of correct human-

interventions) in future studies. After each run, participants were also asked to rate 

their level of workload during the automated driving experience. Overall Workload 

Scale (OWS) [37] was used to measure their level of workload. OWS scale requires 

participants to rate their workload on a scale of 0-100 with intervals of five. In the 

study presented, participants were not exposed to any secondary task. Therefore, the 

measure of the internal workload (measured using OWS) can be considered as the 

total workload of the driver. 

Participants were informed that they are free to withdraw from the study at any 

time in case they felt any simulator sickness (any form of nausea, dizziness etc.). Af-

ter each run, participants were asked to fill the Simulator Sickness Questionnaire 

(SSQ) [38] to measure their simulator sickness level. The study was stopped for a 

participant in case the participant gave three moderate ratings out of the sixteen SSQ 

parameters. This was done as onset of simulator sickness may potentially compromise 

the subjective measurements for trust and workload. Since the focus of the study 

wasn’t simulator sickness, results from the SSQ haven’t been included in this paper. 

4 Results 

The trust ratings given by the participants in different groups (low automation capa-

bility group and high automation capability group) is shown in Fig. 2. Providing 

knowledge to the participants about the capability of the automated system helps cali-

brate the trust level of the participants and resulted in increased trust ratings. While 

providing knowledge to the participants increases their trust ratings, it also increases 

participants’ workload during the automated driving task. 

The workload ratings given by the participants in different groups is depicted in 

Fig. 3. Interestingly, when knowledge about the automation capability was provided, 

the increase in workload in the low capability automation group was larger than in the 

high capability automation group. This result may be due to the increased number of 

interventions required to ensure safety while using a low capability automated system. 

A repeated measures ANOVA was conducted for the workload ratings with automa-

tion capability as the between factor variable and knowledge as the within factor vari-

able. The introduction of knowledge about the automation capabilities and limitations 

had a highly significant statistical effect on the workload level, F(1, 13) = 32.619, p = 

0.000072 with a ηp
2 = 0.715, suggesting 71.5% of the variance being associated with 

the introduction of knowledge. 



 

Table 2.  Average Trust Levels  

Group Average Trust levels (out of 100) 

 Without knowledge With knowledge 

Low Capability 

Automation 
59.6 70.0 

High Capability 

Automation 
56.6 62.6 

 

 

 

Table 3.  Average Workload Levels  

Group Average Workload levels (out of 100) 

 Without knowledge With knowledge 

Low Capability 

Automation 
24.2 61.7 

High Capability 

Automation 
55.5 61.1 

 

 

 

 

 

Fig. 2. Trust ratings in different groups. (a) low-capability automation group (b) high-capability 

automation group 
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Fig. 3. Workload ratings in different groups. (a) low-capability automation group (b) high-

capability automation group 

5 Discussion 

Introduction of ADAS and AD systems offer two major challenges for the automotive 

industry. Firstly, there is a challenge in the verification and validation process to en-

sure that the systems behave safely [39] and in its reliability [25]. Secondly, there is a 

need to incorporate the learnings from other domains to meet the challenge offered by 

unknown errors during driver-automation interaction. Such errors are introduced due 

to an incomplete understanding of the human-automation interaction in the automo-

tive domain. While learnings may be adapted from other domains like aviation and 

chemical process where automation has been used for a long time, there is a funda-

mental difference in the driver-automation interaction in the automotive domain.  

Firstly, drivers do not undergo a rigorous training as aviation pilots or process in-

dustry operators do. Therefore, the skill level of drivers may not be at par with them. 

Secondly, vehicle interactions on road are more complex with more actors present 

like other vehicles, pedestrians, cyclists etc., as compared to other domains like avia-

tion. This makes the vehicle-environment interaction complex, which leads to a com-

plex nature of driver-automation interaction as the responsibility for monitoring the 

environment is divided between the automated system and the human driver [30,40]. 

While the study showed that knowledge has a direct relation with trust and workload, 

it should be noted that the knowledge imparted to the participants was static 

knowledge. Future studies are also planned to provide real-time knowledge to partici-

pants (via human-machine interface) about the real-time capability of the automated 

system. The authors hypothesize that with real time knowledge, workload level may 

decrease. Results will be published in future manuscripts. 
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6 Conclusions 

This paper explores the relation between knowledge about the capability of the auto-

mated systems and workload experienced by the driver. In a driving simulator exper-

iment, the authors found that while trust with automated systems increased with 

knowledge, the workload reported by the driver also increased, when static 

knowledge was provided to the driver. Since the workload increase in a low capability 

automated system was higher than in a high capability automated system, it may be 

suggested that there is a need to ensure high capability of such systems when they are 

introduced. Additionally, the introduction of such systems needs to be coupled with 

the knowledge about the true capability of the systems in order to ensure the correct 

level of trust of the driver in such systems. It should be noted that high capability 

automated system doesn’t mean perfect automation. As suggested by trust levels, with 

knowledge about the capability of the automated system, participants developed high 

overall trust in the system, even if the automation was not perfect. 
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