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ABSTRACT
Driver models are essential for virtual safety assessments of automated vehicles. 
This study evaluates the realism of the i4Driving model, a behavioural driver model 
designed to emulate human-like driving, using an interactive driving Turing test com-
bined with a think-aloud protocol in connected driving simulators. Thirty participants 
interacted with either a human-controlled vehicle or the i4Driving model across three 
motorway scenarios and rated realism, predictability, safety, and aggressiveness. 
Results showed that the i4Driving model was perceived as less realistic and predictable 
than human drivers (p < 0.001), yet participants could not reliably distinguish between 
the two (classification accuracy = 0.673). Think-aloud analysis revealed specific short-
comings, such as unrealistic merging and speed adaptation, alongside instances of 
naturalistic behaviour. These findings highlight the need for improvements in tactical 
decision-making and demonstrate the value of combining subjective ratings with qual-
itative insights for refining driver models.
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INTRODUCTION

The development of automated vehicles raises the question how auto-
mated vehicles should be tested and certified as competent drivers. Current 
safety approval concepts rely on distance-based and statistical approaches, 
requiring billions of miles to demonstrate performance better than human 
drivers (Karla et al., 2016). Such requirements have motivated the use of 
virtual assessment methods to speed up approval testing. A key challenge 
is developing credible models that capture the diversity and complexity of 
human driving behaviour. These heterogenous models could then be used 
to simulate a mixed driving environment in which the automated vehicles 
can be tested. The EU Horizon-funded project i4Driving addresses this by 
creating driver models that represent heterogeneous human driving styles. 
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In traffic modelling, mature methods already exist to objectively validate 
models through mathematical measures that compare model outputs in 
terms of trajectories or relevant traffic performance metrics with real world 
measurements. However, few studies have explored whether simulated driver 
behaviour is perceived as realistic from a subjective perspective. Our study 
addresses this gap by proposing an approach for evaluating driver behaviour 
models in terms of perceived human-likeness, with the hope that this evalua-
tion can pinpoint specific development needs of the simulation model. 

Inspired by Alan Turing’s test (Turing, 1950), the original idea was to eval-
uate whether a human can distinguish a machine from a human through 
conversation. Previous studies have adapted the driving Turing test to assess 
whether humans can distinguish between human- and machine-controlled 
driving behaviour. Two main approaches have been commonly applied. The 
first approach involves the rater as an observer, who assesses the behaviour of 
the designated vehicle either from a third-person perspective through video 
recordings or from a passenger’s perspective in on-road studies (Stanton et 
al., 2020; Bhattacharyya et al., 2022; Cascetta et al., 2022; Li et al., 2024). 
However, because this approach does not allow direct interaction with the 
vehicle, it lacks immersion and often prevents raters from perceiving sub-
stantial differences between human-driven and machine-controlled driving 
behaviours. The second approach treats the rater as an interactor, allowing 
raters to actively engage with the vehicle. Most existing studies adopting 
this approach used driving simulators (Peng et al., 2024; Woo et al., 2024; 
Zhang et al., 2022) to avoid potential safety risks. These studies found that 
participants could perceive subtle differences, but they relied mainly on 
post-experiment questionnaires without revealing the reasoning behind par-
ticipants’ judgments. To address this limitation, the present study integrated 
a think-aloud protocol, enabling participants to verbalise their observations 
and explain their evaluations in real time. 

To this end, our study aims to evaluate how realistically the i4Driving 
model reproduces human driving behaviour in interactive traffic situations. 
By comparing participant perceptions of the model and a human driver, the 
goal is to identify key differences in perceived human-likeness and provide 
insights for improving behavioural driver models.

METHOD

Experimental Design and Driving Scenarios

We designed a driving simulator experiment using a 3 × 2 (scenario × agent 
type) within-subjects repeated-measures design, resulting in six experimental 
trials per participant. As shown in Figure 1, participants drove in a driving 
simulator and interacted with another agent that was either controlled by 
a human driver (confederate) or by the i4Driving model. However, the par-
ticipants were, instead, informed that all agents were controlled by various 
computer models / automated driving systems (ADS), and their task was to 
rate and describe the behaviour of these agents. Three motorway scenarios 
were included, and each scenario was repeated three times, allowing partic-
ipants to try different ways of interacting with the agents and observe the 
agent’s responses: 
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A.	 In the onramp scenario, the participant drove on the motorway and the 
agent vehicle (pink) merged onto the motorway from an on-ramp. The 
agent’s vehicle (pink) was set up to enter the merging area slightly ahead 
of the participant’s vehicle (white) at a time headway of 0.5 s. The pink 
vehicle had 240 m of ramp distance available for merging.

B.	 In the catch-up scenario, the participant followed the pink agent vehicle 
with a 3 s headway as both approached a slower truck. The agent vehicle 
attempted to overtake the truck, creating an interaction in which the par-
ticipant could respond to its manoeuvre, e.g. by applying social pressure.

C.	 In the weaving scenario, the participant and the pink vehicle needed to 
switch lane with each other. The participant had to change lane to take 
the right highway while the agent had to take the left one. The pink vehi-
cle started 300 m before the splitpoint, requiring coordination as both 
vehicles’ paths crossed each other.

Figure 1: Scenarios and experimental setup.

Additionally, we use a think-aloud protocol to capture participants’ ongo-
ing reasoning and perceptions while driving. This method reveals not only 
whether they believe the agent is human-like, but also why they hold such 
beliefs. By analysing these verbal reports, we aim to identify the behavioural 
features that participants consider important for realism and to pinpoint 
areas where models diverge from human expectations.

Apparatus: Connected Driving Simulators

Two driving simulators were networked locally to synchronise vehicle posi-
tion and driving data in real time, enabling an interactive implementation 
of the driving Turing test (see Figure 1). The simulators were placed in sep-
arate rooms, with an additional control centre allowing the experimenter 
to monitor both drivers. Each simulator provided a 180° horizontal field of 
view and realistic auditory feedback through an integrated sound system. 
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The participant simulator consisted of a BMW E64 mock-up equipped with 
a high-fidelity six-channel projection system (three projectors for the front 
and three for the rear mirrors displayed on separate canvases). The confed-
erate simulator comprised three 55-inch Ultra-HD displays providing the 
forward and mirror views, with additional screens for the side mirrors. Both 
simulators operated within the same virtual environment using the SILAB 
7.1 driving simulation software at a refresh rate of 60 Hz. 

The i4Driving Model

The i4Driving model is based on the Lane change Model with Relaxation 
and Synchronization (LMRS) (Schakel et al., 2012). The LMRS is capable 
of simulating highway traffic with realistic macroscopic traffic flow phe-
nomena (e.g. capacity, queue discharge rate) and certain mesoscopic traf-
fic flow phenomena (e.g. distribution of traffic over lanes, average speeds 
on different lanes) resulting from a collision free controller that is mechan-
ical in nature. The model is extended with the concept of social interactions 
(Schakel et al., 2020) in which social pressure affects both desired speed and 
lane change desire. This makes the model responsive to certain social cues 
and enhances realism in mesoscopic traffic flow phenomena (e.g., headway 
distribution, platoon sizes, and number of lane changes). Finally, the model is 
nudged out of perfect control by feeding it imperfectly perceived information 
such as distances and speed differences. This is achieved in the perception 
layer that is based on the work of van Lint et al. (2018) and Calvert et al. 
(2020). In this work, various tasks form an endogenously determined level 
of mental task demand, which may lead to situations of task oversaturation. 
Then, perception errors and perception delays become relevant. The percep-
tion model furthermore includes constant-speed anticipation which has been 
shown to be relevant in partially counteracting imperfect perception (Treiber 
et al., 2006). Finally, the perception model is extended by using different per-
ception channels that roughly correlate to the perception of different areas 
around the driver. The tasks operate within a perception channel, resulting 
in task demand in each channel. The steady-state of a Markov chain is used 
to determine how drivers distribute their attention over the perception chan-
nels, resulting in different perception delays for different channels.

Dependent Measurements

The study primarily focused on participants’ subjective perceptions of the 
i4Driving model. During each drive, participants followed a think-aloud 
protocol in which their verbal reflections on the pink vehicle’s behaviour, 
human-likeness, and responsiveness were recorded as audio data. After every 
set of three scenario repetitions, participants completed a short questionnaire 
consisting of four seven-point Likert-scale items. They rated how predictable 
the pink vehicle’s behavior was (1 = not at all predictable, 7 = very predict-
able), how realistic it appeared compared to a human driver (1 = not at all 
realistic, 7 = very realistic), how safe it felt relative to a competent human 
driver (1 = very unsafe, 7 = very safe), and how aggressive its driving style 
was (1 = very cautious, 7 = very aggressive). 



Interactive Driving Turing Test with Think-Aloud Protocol� 717

Upon completing all drives, participants answered several open-ended 
questions exploring how their impressions of the pink vehicle evolved over 
time. In addition to subjective data, objective measures and synchronised 
eye-tracking data were logged for future analysis, including the longitudinal 
and lateral positions, speeds, and accelerations of all vehicles.

Procedure

The study was conducted at the Chair of Ergonomics of Technical University 
of Munich, and consisted of three parts: a pre-questionnaire, a simulator 
drive, and a post-questionnaire (see Figure 2). Upon arrival, participants 
were welcomed, provided written informed consent, and completed a demo-
graphic questionnaire including age, gender, and driver’s license informa-
tion. All data was collected under a pseudonymized code. Participants then 
received standardised instructions and completed a 5-minute practice drive 
to familiarise themselves with the simulator.

Figure 2: Procedure.

During the experiment, the participants were asked to drive as they would 
in real traffic and to follow traffic regulations. Each participant completed 
six experimental drives presented in a counterbalanced order to avoid 
sequence effects. In each drive, the same agent (human or the i4Driving 
model) controlled the pink vehicle that appeared three times. Participants 
were encouraged to interact with the pink vehicle in various ways to explore 
its behavioural responses. While driving, participants were encouraged to 
verbally report their observations and impressions of the pink vehicle’s 
behaviour. They were informed that only the pink vehicle was relevant to the 
task, while the surrounding black vehicles were only contextual. After each 
drive, participants completed the rating questionnaire on a tablet mounted in 
the simulator and could take breaks as needed.

Participants were unaware that, in some conditions, the pink vehicle was 
controlled by a human driver (confederate). This information was disclosed 
only after all drives and questionnaires were completed, during a final debrief-
ing session in which they were shown the second simulator room where the 
confederate operated the vehicle.
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Sample

A valid driver’s license and a minimum age of 18 were required to participate 
in this study. Thirty-two licensed drivers (22 male, 10 female) participated 
in the study. Data from two participants were excluded from the analysis 
due to motion sickness during the experiment, resulting in a final sample 
of 30 participants. The mean age was 28.43 years (SD = 11.87, Min = 18, 
Max = 86). On average, participants had held a driver’s license for 10.09 
years (SD = 11.60) and reported driving 11,328 km per year (SD = 5,350). 
Self-assessments on a 5-point Likert scale indicated that participants consid-
ered themselves good drivers (M = 3.66, SD = 0.75). The experiment lasted 
approximately 90 minutes. All participants provided informed consent, and 
the study was approved by the ethics committee of the Technical University 
of Munich (approval code: 2025-123-NM-BA). 

Data Processing and Analysis

Subjective data from the rating questionnaires and think-aloud recordings 
were analysed to address the research questions. Statistical analyses were 
performed in Python and R with a significance level of α = 0.05. Mauchly’s 
test of sphericity and the Shapiro–Wilk test for normality both indicated 
assumption violations (p < 0.05), precluding a classical ANOVA. Given the 
multifactorial (3×2) design, a Friedman test was also unsuitable. Therefore, a 
non-parametric Aligned Rank Transform (ART) ANOVA (Wobbrock et al., 
2011) was applied, with pairwise post-hoc tests adjusted using the Holm–
Bonferroni method (Elkin et al., 2021).

Think-aloud data were manually transcribed. Following McLellan et al. 
(2003), only comments concerning the pink vehicle’s behaviour were catego-
rised to identify key qualitative themes and grouped by similarity. This analysis 
examined participants’ real-time reasoning and perceptions, identified unreal-
istic or undesirable behaviours of the i4Driving model, and informed method-
ological considerations for future interactive driving Turing test studies.

To evaluate whether the Turing test criterion was met, responses to the 
realism item (“How realistic was the pink vehicle’s behaviour compared to 
a human driver?”; 1 = not at all realistic, 7 = very realistic) were classified 
as i4Driving model (ratings 1–3) or human driver (ratings 5–7); ratings of 4 
were excluded. Based on these classifications, accuracy, precision, recall, and 
F1-scores were computed as standard metrics of classification performance.

RESULT AND DISCUSSION
The results of the ART-ANOVA of the rating questionnaire, including four 
items, are presented in Table 1. A significant main effect of agent type was 
observed for realism, predictability, safety, and aggressiveness, while scenario 
had no significant effect on realism and predictability. No significant interac-
tion was detected between agent type and scenario on realism, predictability 
and safety. As shown in Figure 3, post hoc pairwise comparisons revealed 
that the i4Driving model was rated significantly lower than the confederate 
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in realism and predictability across all scenarios. For safety, significant differ-
ences appeared in scenarios A and C, whereas for aggressiveness, the differ-
ence was significant only in scenario C. 

Table 1: Results of ART-ANOVA regarding realism.

Realism Predictability Safety Aggressiveness

F Pr(>F) F Pr(>F) F Pr(>F) F Pr(>F)

Scenario 0.188 0.829 2.673 0.072 5.173 0.007** 0.704 0.4962

Agent 41.000 <0.001*** 50.764 <0.001*** 37.306 <0.001*** 26.252 <0.001***

Scenario:
Agent

1.434 0.242 0.963 0.384 1.540 0.218 4.070 0.0189*

The frequency of occurrence of the verbal comments from the think-aloud 
protocol is presented in the following tables. It should be noted that each 
theme could be mentioned up to a maximum of 90 times, as all 30 partici-
pants drove through each scenario three consecutive times. It is also counted 
how many distinct participants mentioned the comment, allowing a maxi-
mum of 30.

Figure 3: Distribution of rating and results of post-hoc test.
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Table 2: Theme rating i4Driving model in the think-aloud protocol in 
scenario A.

ID Theme Count Distinct

A1 The vehicle failed to merge and drove onto the 
shoulder or disappeared.

21 15

A2 Too high speed in the on-ramp lane. 15 12

A3 Merging was successful. 8 7

A4 The behavior appeared human-like / natural. 6 4

A5 Braking on the motorway before an exit. 5 5

A6 The vehicle had a limited field of view or failed to 
consider the surrounding traffic.

5 4

A7 Insufficient acceleration after entering the 
motorway.

5 5

A8 Driving behaviour is perceived as aggressive. 5 5

As shown in Table 2, the most frequently mentioned comment (ID = A1) 
concerned the situation in which the pink vehicle attempted to merge while the 
participant accelerated to overtake it, preventing the vehicle from cutting in. 
In these cases, the pink vehicle either continued driving on the shoulder or 
disappeared after some time at the end of the on-ramp lane. Participants 
found this behaviour strange and unrealistic. The reason for this issue is 
twofold. First, the LMRS model applies a simple ‘follow leader in adjacent 
lane’ heuristic to find and align with a gap to merge. Vehicles behind are not 
considered, and the merging situation is not comprehensively anticipated. 
Second, the disappearance is due to technical issues encountered, as the 
model does not account for not being able to merge. Comment A2 referred 
to an artefact of the experimental setup. To ensure that the two vehicles met 
at the designated timing, the entry speed of the pink vehicle on the on-ramp 
was manipulated to be higher than usual. This aspect can be improved in 
future experimental designs. Participants also noted that when the pink vehi-
cle successfully completed the merging manoeuvre, its behaviour appeared 
more natural, as indicated by comments A3 and A4.

In Scenario B, two highlighted comments (B1 and B8) were also related to 
the experimental setup. Comment B8 referred to a delay in data transmission 
between the i4Driving model software and the driving simulator. Comment 
B1 resulted from the requirement that the pink vehicle had to catch up with 
the truck within a limited time window. This aspect clearly needs to be recon-
sidered in future experimental designs to provide a more natural interaction. 
Comment B2 can be caused by the randomness of model parameters, where 
i4Driving      might have a desired speed only slightly above the speed of the 
trucks, while also not being sensitive to social pressure. As shown in Figure 3, 
scenario B received the highest realism ratings (M = 4.03, SD = 1.47 on 
a 7-point Likert scale), indicating that participants generally perceived the 
pink vehicles behaviour as quite realistic. Table 3 further shows that com-
ments B4–B7 were largely subjective and related to individual driving style 
or model parameter settings. 
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Table 3: Theme rating i4Driving model in the think-aloud protocol in 
scenario B.

ID Theme Count Distinct

B1 Strong acceleration and exceeding the speed limit. 37 26

B2 Slow acceleration during overtaking the truck 25 17

B3 The behaviour appeared human-like / natural. 14 8

B4 Lane change executed without using the turn signal. 9 8

B5 Lane change initiated very early. 9 6

B6 Exit was taken late. 8 6

B7 Reduced speed before performing a lane change for 
overtaking.

8 6

B8 Off-centre lane keeping. 7 5

B9 The behaviour appeared unpredictable at times. 7 7

Table 4: Theme rating i4Driving model in the think-aloud protocol in 
scenario C.

ID Theme Count Distinct

C1 The vehicle cut me off quite sharply. 22 16

C2 We drove parallel for too long. 12 9

C3 The vehicle did not react to the turn signal. 8 8

C4 Cooperative braking behaviour during the lane change 7 6

C5 Abrupt braking during the interaction. 6 6

C6 Cooperative acceleration during the lane change. 5 3

C7 Off-centre lane keeping. 5 5

C8 Turn signal used inappropriately (too late or no usage). 5 4

In Scenario C, the most frequently mentioned comment (C1) in Table 3 
was likely influenced by the choice of model parameters. As described above, 
we selected the default parameters representing an average driver profile, 
which may have appeared too aggressive to participants. Furthermore, 
perception delays may have caused too positive judgement of the situation 
by the merging vehicle. Comments C2 and C3 were probably outside the 
current model scope, as the present version does not include these cues 
within the tactical-level decision-making, cooperation with adjacent-lane 
vehicles, or anticipating other vehicles’ lane-change intentions. It is also 
important to note that indicator light signals are not transmitted to the 
i4Driving model. Comment C5 was most likely related to the speed lim-
itation of 80 km/h within the weaving section of the road network used in 
this scenario.
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Table 5: Response to realistic rating from the driving turing test results.

Confusion Matrix
Who Was Controlling the Car (Truth)

i4Driving Model Confederate

Perceived Realism
(Response)

i4Driving Model 37 TP 40 FP

Confederate 11 FN 68 TN

Accuracy: 0.673 Precision: 0.861 Recall: 0.630 F1 score: 0.727

TN: true negatives; TP: true positives; FN:  false negatives; FP:  false positives

Both the ART-ANOVA results and the think-aloud findings revealed some 
differences in perceived realism between the confederate and the i4Driving 
model. Nevertheless, when considering the core concept of the Turing test, 
the quantitative evaluation of participants’ classification performance (in 
Table 5) suggests that participants could not reliably distinguish between 
human and model behaviour. The overall classification accuracy was only 
0.673. There were 40 false positives, meaning that participants frequently 
judged the confederate’s behaviour as not realistic. In contrast, the model’s 
behaviour was perceived as unrealistic in only 37 cases. The overall F1-score 
for participants’ judgments was 0.727, suggesting moderate consistency in 
their evaluations. 

REFLECTION AND CONCLUSION

In this connected driving simulator study, we implemented the concept of a 
driving Turing test and explored whether humans could recognise differences 
in driving behaviour between the i4Driving model and a human driver. Based 
on the think-aloud protocol analysis, we obtained meaningful insights that 
can contribute to improving both the i4Driving model and the driving Turing 
test methodology. On the model development side, the findings indicate that 
humans are highly sensitive to speed adaptation during interaction, particu-
larly to braking behaviour on the motorway. This suggests that tactical-level 
decision-making should be further developed in the model. The relevance 
of the comments highly depends on the type of application. Although the 
comments are relevant for simulating surrounding vehicles in driving sim-
ulators the relevance of e.g. modelling of communication of turning indica-
tors is less relevant in applications where all vehicles are controlled by the 
i4Driving model. On the experimental side, several limitations were identi-
fied. Some unexpected behaviours of the relevant vehicle were caused by the 
experimental setup itself, which made it difficult to interpret certain results. 
Future studies should develop more refined manipulation strategies to ensure 
that interactions between vehicles occur in a natural and consistent way, and 
these manipulations should be thoroughly tested in advance. 
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