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 A B S T R A C T

Uncertainty fundamentally shapes human perception and decision-making, a factor that is becoming in-
creasingly critical as autonomous vehicles (AVs) begin to share physical and social spaces with humans. 
This perspective paper synthesizes insights from neuroscience, robotics, and behavioral science represent 
uncertainty and act under it. We identify a significant disconnect between low-level mathematical concepts 
of uncertainty and risk, the uncertainty-aware prediction and planning methods used in robotics, and the 
high-level psychological uncertainty experienced by humans. Here, we conceptualize an integration pathway 
for mixed-mode mobility: we show that all three treat control under partial information as the same two-stage 
problem – probabilistic inference of the current and future state, followed by a risk-weighted choice of action 
– and we make this shared structure explicit. We thus argue that AVs should quantify and calibrate their own 
uncertainty, select risk metrics that reflect both individual and collective safety, model how their actions shape 
human uncertainty and behavior, and communicate intent and confidence in ways that support predictable 
interaction. This synthesis positions psychological uncertainty as a behaviorally relevant variable for AV design 
and outlines a research agenda for safer, more understandable transport systems.
I This article is part of a Special issue entitled: ‘AI in Transportation’ published in Transportation Research Interdisciplinary Perspectives.
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1. Introduction

Uncertainty pervades virtually every aspect of human experience, 
thereby fundamentally shaping how we perceive, decide, and act in our 
daily lives (Alchian, 1950; Busemeyer and Townsend, 1993; Pezzulo 
and Friston, 2019). Whether we are crossing a busy intersection, inter-
preting another person’s intentions, or making financial investments, 
our behavior is constantly modulated by varying degrees of uncertainty. 
This universal human experience of uncertainty has taken on new 
significance as we enter an era where autonomous vehicles (AVs) and 
systems increasingly share our physical and social spaces (Rasouli and 
Tsotsos, 2019; Schwarting et al., 2019).

Consider a pedestrian approaching a crosswalk as an autonomous 
vehicle nears the intersection. The pedestrian’s decision-making pro-
cess involves multiple layers of uncertainty: Will the vehicle stop? 
Has it detected my presence? What happens when I cross anyway? 
These questions highlight a critical challenge in the deployment of au-
tonomous vehicles: understanding and managing not just the technical 
uncertainties inherent in the systems themselves, but also the human 
assessment of uncertainty about their behavior (Dragan et al., 2013). 
This also applies vice versa: to interact, the autonomous vehicle has to 
determine the set of likely human behaviors in a given context, up to 
the point of modifying its own behavior in order to influence human 
behavior and reduce human uncertainty (Sadigh et al., 2016).

This issue extends beyond private autonomous cars as mixed-mode 
mobility includes buses, shuttles, delivery robots, drones, cyclists, 
pedestrians, and human-driven vehicles operating in shared infras-
tructure. In such transport systems, uncertainty shapes crossing be-
havior, yielding, merging, route choice, acceptance, trust, and the 
perceived safety of public space. A transportation perspective therefore 
requires both objective uncertainty management by automated systems 
and attention to the subjective uncertainty experienced by occupants, 
bystanders, and other road users.

This perspective thus addresses a fundamental question at the inter-
section of human behavior and autonomous vehicles: what conceptual 
and design requirements follow when AVs are treated as agents whose 
uncertain actions are interpreted by uncertain humans? Here, we of-
fer an interdisciplinary synthesis that identifies shared computational 
structure, clarifies where current models do not yet meet, and outlines 
how uncertainty-aware AV design could better account for human 
behavior. We outline the respective treatments of uncertainty in neu-
roscience, robotics, and the behavioral science of human–automation 
interaction, show that they share a common computational backbone, 
and synthesize where the disciplines fail to connect.

We first examine the foundations of uncertainty, distinguishing 
between risk and uncertainty (Knight, 1921), and explore how these 
concepts manifest in both perception – the processing of sensory in-
formation into meaningful and coherent understandings of the world, 
and action – the execution of goal-directed movement or sequences 
of movements. In classical decision theory, risk refers to decision 
situations in which outcomes are uncertain but probabilities and losses 
can be specified; in real traffic, those probabilities are themselves 
estimated, learned, and socially influenced. We therefore treat risk as 
a decision-oriented transformation of uncertainty: a way of mapping 
uncertain outcomes to action-relevant costs.

We investigate uncertainty from multiple perspectives: from how 
the human brain processes uncertainty, how current autonomous vehi-
cles handle uncertain situations, and how human assessment of uncer-
tainty influences the behavior of autonomous vehicles and of humans 
and also their interactions. We integrate these insights around the 
computational challenges that arise when modeling complex uncertain 
environments, as modeling almost any relevant environment quickly 
becomes computationally intractable (Kaelbling et al., 1998), and any 
autonomous agent by necessity has to make simplifying assumptions to 
arrive at decidable constructs.
2 
We find that despite significant advances in each of these fields, 
an important gap remains in our understanding: as we argue, low-
level mathematical concepts of uncertainty connect poorly to high-
level behavioral models that are both computationally tractable and 
capture human decision-making, even though they solve similar prob-
lems. This paper presents our view on and progress in addressing this 
challenge, with the ultimate goal of developing more effective and 
intuitive autonomous vehicles that can seamlessly interact with humans 
in environments full of uncertainties (Simon, 1955).
Inference, then risk. Across neuroscience, robotics, and behavioral psy-
chology, acting under partial information can be described in two 
stages: inference followed by a risk-weighted decision. An agent main-
tains a probabilistic model of the world, combines prior knowledge 
with incoming evidence to form a posterior belief about the current 
state, and propagates this belief into a distribution over the future 
consequences of candidate actions. A risk functional then collapses this 
distribution of uncertain outcomes onto a single preference, ranging 
from cautious (risk-averse) to assertive (risk-seeking). In this view, 
uncertainty becomes a control variable that calibrates behavior. We use 
this two-stage lens where inference leads to risk to compare otherwise 
disparate literatures and, in the synthesis (Section 5), pinpoint where 
they diverge.
Contribution and scope. The contribution of this perspective is inte-
grative: we (i) make explicit the shared inference-then-risk structure 
underlying uncertainty in the three fields; (ii) use it to compare how 
each field measures uncertainty and converts it into action; (iii) identify 
that mechanistic neuroscientific models and formal robotic risk models 
do not yet connect to the subjective uncertainty that shapes human 
responses; and (iv) propose metacognition as a concrete research path-
way for closing it (Section 5.2). As such, this perspective suggests new 
directions for operational integration.

2. Uncertainty from a neuroscience perspective

Uncertainty is referenced in a wealth of neuroscience literature, 
spanning from studies on low-level visual processing (Knill and Pouget, 
2004) to motor control (van Beers et al., 2004) and high-level per-
ception and cognitive functions (Griffiths et al., 2024). The concept 
of uncertainty and the role it plays in the understanding of brain 
and behavior is most effectively articulated through a combination 
of information theory (Cover and Thomas, 2006) and Bayesian deci-
sion theory (Wolpert and Landy, 2012). Information theory allows us 
to formalize uncertainty through probabilistic methods and Bayesian 
decision theory provides a method to account for this uncertainty to 
make optimal decisions. Optimal decisions are derived from a posterior 
distribution, which combines prior knowledge, existing evidence, and 
the potential outcomes associated with various actions (Wolpert and 
Landy, 2012).

For example, (Fig.  1A) to drive a car effectively as humans, we must 
integrate signals provided by our noisy and delayed visual, vestibular, 
somatosensory and proprioceptive systems (Fig.  1B) to estimate our 
speed relative to the other vehicles on the road (Fig.  1C). Additionally, 
we must assess our task performance in terms of risk – such as overtak-
ing another car while avoiding collisions – to determine the appropriate 
motor responses, like pressing the accelerator to accelerate and turning 
the steering wheel (Fig.  1C) (Nash and Cole, 2020; Liu et al., 2025). 
Very similar issues emerge when controlling a flying contraption, like 
an airplane or helicopter.

2.1. Sources of uncertainty

Uncertainty arises at the lowest level of neural processing itself, 
which is endowed with intrinsic random noise (see Faisal et al., 2008 
for a review). For instance, the human visual perception is affected by 
noise generated during the transduction process at the level of retinal 
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cells. This entails that even basic tasks related to visual orientation, 
position, and motion perception are complicated by the noise inherent 
in neural signals. Likewise, our motor system is subject to noise not 
only in the central planning of a movement (van Beers et al., 2004) but 
also during its execution. During the latter, the motor system exhibits 
significant signal-dependent noise; specifically, the variability in force 
production tends to increase with the desired force (Jones et al., 2002).

In addition to the noise introduced at the various stages of neural 
processing, there are also substantial transmission delays from the pe-
ripheral sensory organs to the brain and between different brain areas 
(Franklin and Wolpert, 2011), which can extend up to 100 ms for vi-
sual processing (Schlag and Schlag-Rey, 2002). Such delays contribute 
significantly to uncertainty in time-varying systems, as it hampers our 
ability to track rapidly varying sensory signals (Liu et al., 2025).

Finally, a large source of uncertainty reflects the inherent dynamic 
world in which we live. Most behaviors require navigating ambiguous 
selection requirements, as outcomes are uncertain, and probabilities are 
unknown.

In the real world, the statistics of sensory inputs can change con-
tinuously depending on the actions we take. It is crucial that we can 
distinguish between a change in sensory input related to our own 
movements and changes in the world around us. For example, when 
driving, visual signals from our surroundings passing by us due to self-
motion induces optic flow (Brucklacher et al., 2025). However, changes 
in optic flow could also occur due to visual objects that move on their 
own (e.g., a car passing by, or pedestrians walking). Some of them 
are more important than others, e.g., objects on a potential collision 
or interception course. This holds for both humans and autonomous 
vehicles alike. Hence, a crucial challenge is to disambiguate which parts 
of the optic flow are due to self-motion and which parts come from 
other objects in the world. Mathematically, this is an ill-posed problem, 
which inflicts substantial ambiguity in how optic flow information 
should be integrated into perception (Noel et al., 2023). Notably, sep-
arating self-motion from the independent motion of other agents is the 
same disambiguation problem that an autonomous vehicle’s perception 
and prediction stack must solve (Section 3.2), and is both formalized 
in terms of probabilistic inference and optimal control.

2.2. Accounting for uncertainty

Bayesian decision theory serves as the foundational framework for 
a dominant computational approach in sensorimotor control, known 
as optimal feedback control (OFC) theory (Todorov and Jordan, 2002; 
Todorov, 2005; Crevecoeur et al., 2011). OFC employs Bayesian princi-
ples to control a dynamic system, such as the human body, using time-
varying feedback controllers to minimize the expected cost over time. 
Typically, this cost contains terms penalizing motor effort (e.g. torque) 
and task error, encouraging solutions which are low effort but still lead 
to good task performance. More formally, OFC combines sensory input 
and motor commands in a Bayesian manner to provide precise state 
estimates and applies a controller to minimize overall cost to this state 
estimate.

Both Bayesian decision theory and OFC theory generally adopt a 
model-based approach to facilitate optimal decision-making for percep-
tion and action amid various uncertainties. Is there evidence of their 
application by humans? For example, one prediction is that human 
and animal perceptual uncertainty can be reduced by combining inputs 
from multiple sensory systems and prior information learned over time. 
Indeed, by now, multiple studies have demonstrated that humans and 
animals combine different sensory modalities to reduce perceptual 
uncertainty (e.g. weighting by their relative precisions) (Ernst and 
Banks, 2002; Fetsch et al., 2010; van Beers et al., 1999). Additionally, 
humans utilize prior knowledge across various tasks, from visual per-
ception (Knill and Richards, 1996) to sensorimotor control (Körding 
and Wolpert, 2004; Liu et al., 2025). Importantly while Bayesian inte-
gration is effective in reducing the effects of sensory noise, addressing 
3 
motor noise requires computations by the controller as part of the 
Bayesian integration process. Methods from stochastic optimal control 
provide ways to compute control policies which are optimal even in the 
presence of signal-dependent noise (Todorov and Jordan, 2002; Moore 
et al., 1999). Accounting for signal-dependent noise helps to explain 
many kinematic properties of human movements (Harris and Wolpert, 
1998; Todorov, 2005; Braun et al., 2009).

The effect of noise is exacerbated in the presence of sensory and 
sensorimotor delays. How does the brain compensate for these delays? 
Since we cannot eradicate these delays, the best strategy is to account 
for them in the state estimation processes. To this end, most computa-
tional approaches rely on a predictive model which takes into account 
the delays associated with the human sensorimotor system (Kasuga 
et al., 2022; Crevecoeur et al., 2011; Todorov and Jordan, 2002) and 
uses this model to optimally account for them.

Because the world around us is dynamic, the sensorimotor system 
must be able to learn, update and switch between different control and 
estimation policies when necessary. Bayesian causal inference presents 
a method to account for model ambiguity by extending inference to also 
include the causal structure. There is substantial evidence that the brain 
performs such computations for multisensory integration, allowing it 
to flexibly combine sensory information based on the likelihood of a 
common source (Körding et al., 2007; de Winkel et al., 2018; Acerbi 
et al., 2018; Rohe et al., 2019; von Hünerbein et al., 2026).

However, this causal inference aspect has received less attention in 
biological control theory, where traditional approaches often presume 
a known environmental and body model (Todorov, 2005; Kasuga et al., 
2022; Crevecoeur et al., 2011) (but see Braun et al., 2009; Izawa 
et al., 2008). When the parameters or the model of the system are 
uncertain, this creates an adaptive control problem (Stengel, 1994), 
in which observers must both accomplish the task at hand while 
simultaneously estimating the unknown parameters or model. This 
presents a fundamental trade-off for learning systems in a complex 
world: should the agent focus on model learning or performing the 
task? A specific illustration is seen in active learning, where actions are 
deliberately generated to acquire information about the environment. 
For example, humans plan their saccades (eye-movements) to maximize 
information gathering under the constraints of the sensorimotor system 
(Yang et al., 2016). Conversely, individuals may choose to focus on 
task performance even in the face of uncertainty, employing strategies 
(e.g. increasing limb stiffness) to improve task performance at the cost 
of an increase in effort (Mitrovic et al., 2010; Berret et al., 2024). 
Currently, we do not know of an overall framework which integrates 
all these factors into a single computational solution.

2.3. Risk

Just as Bayesian decision theory allows us to define uncertainty, we 
can leverage it to provide derived quantitative definitions of concepts 
such as risk. Intuitively, the notion of risk describes the decision-
making response: the cost, trade-offs, or safety implications of choosing 
one action versus another given those uncertainties. Risk is about 
consequences. Typically Bayesian decision theory (Wolpert and Landy, 
2012) defines risk as the expected loss over outcomes, and thus a 
Bayes optimal decision maker selects an action to minimize this. This 
is precisely the same problem as addressed by the optimal feedback 
control framework (Todorov and Jordan, 2002; Todorov, 2005): the 
optimal action under OFC is one that minimizes risk in the statistical 
decision sense. As we already discussed, there is extensive evidence 
that humans select actions that take cost and/or risk into account 
(Todorov and Jordan, 2002; Wolpert and Landy, 2012). In some cases, 
neuroscientists use the meaning of risk in a slightly different way, 
inspired by work in control theory (Whittle, 1981), using risk to refer to 
a controller that is sensitive to the variability in the loss as well as the 
expected value (Nagengast et al., 2010). This work has demonstrated 
that observers employ risk-sensitive and risk-seeking strategies that 
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Fig. 1. Overview of the sources of uncertainty and overall computational processes during driving.
vary between individuals and thus take both the expected loss but also 
the variance in loss into account to plan actions. Notably, the same 
distinction appears in AV planning (Section 3.3), where the chosen risk 
metric determines whether behavior is cautious, neutral, or aggressive 
under uncertainty; the neuroscience and robotics notions of risk thus 
coincide, differing mainly in whether the metric is inferred from human 
behavior or chosen as a design parameter.

2.4. Neural mechanisms

How are the computations outlined above realized in neural cir-
cuits? The brain is generally argued to have plausible neural mecha-
nisms for each step of the inference-then-risk pipeline. We give some 
details here and refer to Haefner et al. (2024) for more in depth consid-
erations. Broadly, three ingredients recur in various viewpoints. First, 
sensory measurements must be encoded in a way that preserves their 
uncertainty: low-level features such as orientation are represented by 
the joint activity of neural populations (Tanabe, 2013), and exactly how 
such population activity encodes uncertainty – through probabilistic 
population codes (Ma et al., 2006), doubly distributional codes (Sahani 
and Dayan, 2003), or neural sampling (Orbán et al., 2016; Echeveste 
et al., 2020) (see Haefner et al., 2024) – remains debated, though de-
coding studies confirm that early sensory areas carry uncertainty about 
their inputs (Walker et al., 2020; van Bergen et al., 2015). There has 
also been significant work demonstrating that artificially constructed 
neural networks (NN) can accomplish a variety of behavioral tasks 
(Mante et al., 2013; Song et al., 2016; Wierda et al., 2025). Second, this 
information must be combined across modalities for state estimation, a 
function associated with parietal cortex (Medendorp and Heed, 2019; 
Scott, 2004; von Hünerbein et al., 2026); notably, artificial neural 
networks trained on such tasks develop usable uncertainty represen-
tations without being given explicit probabilistic machinery (Orhan 
and Ma, 2017; Echeveste et al., 2020). Third, the resulting estimate 
must be turned into a motor command, plausibly by motor cortex 
acting as a general feedback controller that integrates visual (Stavisky 
et al., 2017) and proprioceptive (Pruszynski et al., 2011) feedback 
(Cross et al., 2024; Scott, 2004), consistent with models of goal-directed 
reaching (Kalidindi et al., 2021; Berniker and Penny, 2019). Finally, the 
brain uses mechanisms to account for and utilize uncertainty within 
4 
individual cells, synapses and small circuits, where it can enable useful 
dynamical regimes and improve signal detection through stochastic 
resonance (Douglass et al., 1993; Longtin, 1993; Torres et al., 2011).

2.5. Neural frameworks for high-level perception and planning under un-
certainty

Beyond low-level sensorimotor control, neuroscience has proposed 
several computational frameworks to explain how the brain plans com-
plex, goal-directed behaviors in the face of uncertainty. These models 
conceptualize decision-making as a form of probabilistic inference, 
where the brain actively maintains and updates beliefs about the world 
to guide actions.

Extending on the Bayesian notions of low-level perception and con-
trol, Bayesian Reinforcement Learning (BRL), formalizes the problem 
of learning and acting in an unknown environment by explicitly rep-
resenting uncertainty about environmental parameters (e.g., transition 
probabilities and rewards) using probability distributions. This allows 
for a principled resolution of the exploration–exploitation trade-off: 
actions are chosen not only to maximize immediate reward but also 
to reduce uncertainty and gather information that can lead to better 
long-term outcomes (Ghavamzadeh et al., 2015). The neural arbitration 
between an exploratory, goal-directed system and a more rigid, habit-
ual one is thought to be managed by an uncertainty-based competition 
between the PFC and the dorsolateral striatum, respectively (Daw et al., 
2005), that also involves sensorimotor cortical areas, ventral striatum 
and medial caudate (Rusu and Pennartz, 2020; Pezzulo et al., 2014).

The theory of predictive coding unifies perception, action, and cog-
nition (Lee and Mumford, 2003; Friston, 2005; Rao and Ballard, 1999) 
into a single framework where the brain actively predicts upcoming 
sensory stimuli. Predictive coding can be formalized as an approxima-
tion to variational Bayesian inference, particularly under assumptions 
of Gaussian distributions over hidden causes and prediction errors 
(Friston, 2005). Then, the brain minimizes variational free energy to 
estimate the posterior distribution over the hidden causes of sensory 
input. In this view, the brain maintains an internal generative model of 
the world, continuously generating predictions about incoming inputs, 
comparing them with the actual sensory data, and using the resulting 
prediction errors to improve both inference (updating) and learning 
(adjusting weights in the model itself).
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Within the notion of Predictive Coding, the Active Inference frame-
work suggests that for acting, the brain operates as a generative model 
that constantly tries to minimize the discrepancy between its predic-
tions and sensory inputs (i.e., minimize ‘‘free energy’’) (Parr et al., 
2022). Planning then involves evaluating policies, or sequences of 
actions, based on their expected free energy. This expectation balances 
extrinsic value (reaching desired goals) with an intrinsic, information-
seeking drive to reduce uncertainty about future states. The balance 
between deliberative, goal-directed planning and automatic, habitual 
responses is thought to be controlled by the precision of beliefs about 
policies. High precision favors deliberation, a process likely involving 
the dorsolateral PFC (dlPFC) and ventromedial PFC (vmPFC), while low 
precision allows for the dominance of habitual actions mediated by the 
basal ganglia and related areas (Pezzulo et al., 2014, 2018; Rusu and 
Pennartz, 2020).

In both approaches, it remains an active topic of research how 
‘‘desired goals’’ are defined and mechanistically arrived at, and how 
low-level mechanistic neural implementations can be scaled up to such 
high-level computations.

Taken together, neuroscience treats uncertainty as a principled 
feature of perception and action: it arises from noisy, delayed sensory-
motor channels and a changing, ambiguously caused world; it is typ-
ically quantified with Bayesian posteriors; and it is managed through 
multisensory integration, causal inference, and stochastic optimal feed-
back control, with neural population codes and predictive coding being 
promising candidate implementations. Generally, the brain is believed 
to maintain and update state beliefs, weigh information by its precision, 
plan actions that trade off performance and information gain, and adapt 
controllers as models change (Pearson et al., 2021). Next, we show how 
these same ingredients are operationalized in robotics, in particular 
in autonomous vehicles, via probabilistic perception, sensor fusion, 
Bayesian filtering, and risk-aware planning and control that explicitly 
reasons about and acts under uncertainty.

3. Uncertainty from a robotics perspective

With the aim of achieving a desired high-level outcome, notions 
of uncertainty in robotics typically concern high-level aspects of the 
static environment and the plans and potential reactions of other actors. 
For a car-driver to turn ‘‘left’’ on an intersection the presence and 
potential interference of other traffic participants has to be determined. 
Uncertainty enters for example from visibility, which may be limited, 
the state-of-mind (attentive/distracted) of other road users, and the 
anticipated adherence to traffic rules. Humans routinely plan over long 
horizons despite uncertainty about others’ intentions and the environ-
ment; AVs must perform an analogous task using explicit prediction, 
planning, and control algorithms.

Despite decades of progress in optimal decision-making (operations 
research, numerical optimization, and control), planning under uncer-
tainty remains challenging in robotics. Below, we give an informal 
account of motion prediction and planning for autonomous driving, 
emphasizing how posterior uncertainty and risk metrics interact to deter-
mine behavior. These considerations mostly carry over to autonomous 
vehicles in general, like drones.
3.0.0.1. Motivating example. Consider a scenario of an autonomous 
vehicle (AV) approaching an intersection alongside two human-driven 
vehicles as shown in Fig.  2. In this scenario, even including the presence 
or absence of signaling, each human driver exhibits one of two possible 
intent choices; the vehicle approaching from the left may either turn 
left or continue straight, while the vehicle moving downward can 
either yield to the AV or turn left. The evolution of these interactions 
introduces two sources of uncertainty:

1. Intent ambiguity which is known as modes depicted in blue and 
yellow for each human-driven vehicle.
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2. Given these modes, the state of each vehicle (e.g. position and 
orientation) is subject to uncertainty. These uncertainties are vi-
sualized at each time step by the colored ellipsoids surrounding 
the predicted trajectories.

3.1. Challenges of motion planning for autonomous robots

One of the main challenges of motion planning under uncertainty 
for AVs stems from the computational intractability of the underlying 
mathematical programs against the infinitely many possible future 
outcomes. Imagine extending the previous example to an AV planning 
to navigate a Shibuya crossing in Tokyo; Ideally, the vehicle should 
first predict the intended trajectories of all the surrounding cars and 
pedestrians, then plan contingent collision-free trajectories based on 
those predictions. Such a scenario poses a huge computational burden 
from a numerical optimization point of view for both prediction and 
planning. As the number of agents and their modes increase in the 
scene, the number of decision variables of the optimization problem 
increases exponentially along the prediction time horizon. This might 
take the AV hours to find an optimal solution (if found) considering all 
possible modes, resulting in the solution becoming outdated.

Moreover, dealing with the two sources of uncertainties in the 
motivating example raises the following questions: How do we model 
the distributions of those uncertainties? What happens when those dis-
tributions change based on different pedestrian behaviors and driving 
laws from one region to another? Answering those questions is a model 
design choice that will be addressed in Section 3.2.

Importantly, planning under uncertainty requires satisfying a set of 
constraints along with a desired objective according to some risk metrics 
associated with achieving the task. Consider the previous driving sce-
nario. The AV can exhibit different decision-making behaviors based on 
how it assesses risks. This is generally referred to as either Risk-seeking, 
where the AV may assume the most likely scenario—that the human 
driver will yield and proceed through the intersection without adjusting 
its speed; Risk-averse, where the AV may hedge against all possibilities 
by coming to a full stop, waiting for the drivers’ intentions to become 
clear; and Risk-neutral, where the AV would neither assume the worst-
case scenario (risk-averse) nor the most likely one (risk-seeking). Risk 
connects planning under uncertainty to actual decision-making.

Given these types of risk-mediated behaviors, an immediate ques-
tion is raised: how do we assess such metrics in the presence of those 
dynamic uncertain environments? For instance, should the AV consider 
satisfying all collision scenarios if it is risk-averse? Should it consider 
not colliding on the average case? Notice that the design choice of a risk 
measure is yet another one that produces a different safety outcome, 
which is intertwined with the optimality of achieving a task. It is also a 
function of how uncertainties are modeled. This is not an easy decision, 
since an overestimation of future uncertainties can lead to conservative 
behavior that deteriorates the task objective of a robot. At the same 
time, a very relaxed one can hinder safety by violating the planning 
constraints.

Take the classic example of an AV on a highway that keeps skipping 
all exits on its way to the airport based on a worst-case risk measure 
to ensure a large separation distance to avoid colliding with the other 
vehicles. Although this risk measure achieves perfect safety, it fails its 
main task of getting to its destination on time (i.e. deteriorating the task 
performance) which might as well end up with the car standing still to 
satisfy the constraint. On the other hand imagine the complement of 
this scenario based on some average risk measure, where the vehicle 
arrives at its destination on time after making a couple of collisions 
with its surroundings to achieve its objective. In Section 3.3, we report 
some of the risk metrics currently used in motion planning in robotics 
to answer the above questions (Majumdar and Pavone, 2020).
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Fig. 2. Example of the prediction–planning pipeline on an intersection scenario. In the first step, the AV (white) observes two human-driven vehicles (dark blue) 
approaching the intersection. The AV keeps track of the other vehicles’ history as well as the layout of the intersection as its observation. The observation is then 
used by the prediction model to predict the intents of the human driven vehicles—for simplicity we only depict two. The predicted trajectories are shown with 
associated uncertainty depicted with the colored ellipsoids, where intent uncertainty determines possible motion modes (shown in blue and yellow) and trajectory 
uncertainty reflects variation within each mode. The prediction is then used in the planning. Depending on whether the AV is (a) risk-seeking, (b) risk-averse, or 
(c) risk-neutral the resulting plans can differ from each other, with the AV speeding up in the intersection expecting the human-driven vehicle to yield for it as 
in the first case, being too cautious and stopping outside of the intersection in the second case, or following a strategy based on the expected outcome that may 
result in collision as in the final case.
3.2. Motion prediction under uncertainty

Operating in dynamic human environments is a challenging prob-
lem for AVs. One fundamental challenge arises from the inherent 
uncertainty in human behavior, otherwise known as aleatoric uncer-
tainty. Aleatoric uncertainty refers to the intrinsic randomness of a 
process, such as the variability in human actions due to different 
cognitive states or external influences (Ferro and Sornette, 2020). This 
type of uncertainty cannot be reduced with more data, making it partic-
ularly important for AVs to accurately model the aleatoric uncertainty. 
Take the previous example of the driving scenario in Fig.  2; relying 
on merely deterministic predictions or having inaccurate uncertainties 
can easily lead to catastrophic safety outcomes. The main task of 
prediction models is to inform the motion planner about the uncertain 
future outcomes of the surrounding agents. In this paradigm, prediction 
models use information about the past of the surrounding agents and 
often the static environment as well to condition their predictions on a 
given situation. The predictions aim to capture the future states of the 
agents in the scene which can be modeled as random variables, with 
their variability depicted as ellipsoids as shown in Fig.  2. One can think 
of the variability of the agents’ states coming from slight variations in 
velocity and steering in similar situations. Accurately predicting such 
uncertainty can in theory lead to better decisions for the motion planner 
of the AV.

Technically, a random variable is an uncertain quantity defined on 
a probability space consisting of: (i) a sample space of all possible out-
comes, (ii) a collection of events, and (iii) a probability rule that assigns 
each event a number between 0 and 1. In the context of our motivating 
example, this random variable captures the uncertainty associated with 
the discrete modes and the continuous trajectory variations given the 
mode.

Prediction Models. There are two types of methods for capturing the 
aleatoric uncertainty over people’s future behavior—methods that pro-
vide an implicit uncertainty over the predicted samples, and methods 
that provide these uncertainties explicitly. While implicit uncertainty 
methods are common in trajectory prediction (Gupta et al., 2018; 
Kawasaki and Seki, 2021; Wang et al., 2022; Niedoba et al., 2023), they 
only generate samples of possible futures. A majority of uncertainty-
aware planners, however, need access to the probability of those futures 
to evaluate how likely a given outcome may be and plan accordingly. 
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To avoid extracting this information from samples generated by im-
plicit methods, one can directly learn models that explicitly provide it. 
Explicit uncertainty methods strive to provide either the likelihood of 
individual samples or a closed-form description of the full probability 
distribution.

A simple way of capturing aleatoric uncertainty in this manner is 
to only focus on the high-level decisions (Zhi et al., 2021; Narayanan 
et al., 2021; Shi et al., 2023). This approach consists of providing a 
representative trajectory for each of the modes and a corresponding 
classification score indicating how likely each mode is out of a fixed 
number of predicted modes. The main issue with this is that the 
variability within the modes is entirely disregarded. This variability 
is generally important for adequately informing motion planners and 
providing safety guarantees. To address this issue, one can instead use 
methods which learn continuous distributions. One way of doing this, 
is explicitly learning the parameters of multi-modal distributions such 
as those of a Gaussian Mixture Model (Salzmann et al., 2020; Shi et al., 
2022; Varadarajan et al., 2022; Nasr Azadani and Boukerche, 2023) or 
of a mixture of Laplace distributions (Zhou et al., 2022). However, these 
approaches are often limited to assuming a specific type of distribution 
(often Gaussian) as the components of the multi-modal distribution, 
which can lead to inaccuracies if the assumption is incorrect. To 
combat this, Normalizing Flows (NFs) (Sun et al., 2021; Schöller and 
Knoll, 2021; Mészáros et al., 2024) can be used to capture multi-
modal distributions without assuming the form of the distribution. To 
be able to provide an explicit likelihood of a drawn sample, NFs are 
built on the principle of bi-directional transformation functions which 
transform a high-dimensional, multi-modal distribution into a Normal 
Gaussian distribution. Since Gaussian distributions are easy to sample 
from and the likelihood of drawn samples is known, together with the 
transformation functions of the NF it is possible to obtain samples and 
their likelihoods in the multi-modal distribution.

Uncertainty Quantification in Prediction Models. Although the above 
methods aim to achieve the best possible fit over the distribution of 
people’s future actions, they do not provide information on how good 
the predicted distributions are. This is important since it is difficult to 
ensure a perfect fit even on the training data. It is even more difficult 
to guarantee perfect generalization to situations that the models have 
not seen in the training data, particularly when these new situations 
differ substantially from the training data. Take for example a model 
trained in the UK, where people drive on the left, and deployed in 
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the Netherlands, where people drive on the right. Or imagine a model 
trained in the US, where urban environments are often well structured 
and the main form of transportation is cars, and deploying this model 
in Vietnam which is governed by chaotic scooter traffic. Even everyday 
events such as changing weather conditions, wildlife on the road, 
roadworks, etc. can place a model in previously unseen situations which 
can negatively impact its predictions.

Since inaccuracies in the prediction’s risk negatively impact the 
motion planner’s perception of the future trajectories of the AV’s sur-
rounding agents, it can be valuable to quantify these inaccuracies using 
uncertainty quantification (Ghanem et al., 2017) to provide a form of 
confidence bound around the predicted trajectories. A possible way of 
achieving this is by leveraging conformal prediction (Lindemann et al., 
2023; Dixit et al., 2023). This approach generates bounds for a pre-
dicted variable which guarantee that the true outcome will lie within 
these bounds with a specified level of confidence. This means that if 
a confidence of 90% is specified, the true value will on average fall 
within the confidence bounds 90% of the time. The current application 
of these approaches has thus far been limited to uni-modal predictions 
and has yet to be extended to multi-modal predictions. Another way 
of obtaining this form of uncertainty quantification is through a model 
that provides both aleatoric and epistemic uncertainty, where the epis-
temic uncertainty is an indicator of how much new situations differ 
from the model’s training data. The epistemic uncertainty can then 
be used to assess the predicted aleatoric uncertainty (Neumeier et al., 
2024; Suk and Kim, 2025).

With many models increasingly being obtained as neural networks 
trained by deep learning, it bears special consideration how uncertainty 
is quantified in these types of models. Roughly, these approaches can be 
divided into two groups: deterministic methods and Bayesian methods 
(Gawlikowski et al., 2021). In a deterministic deep network, each 
predictive distribution is estimated by a single forward propagation 
through the network after which a softmax function is applied—the 
outputs of the softmax are then interpreted as predicted probabil-
ities. While feasible, these methods tend to be overconfident (Lak-
shminarayanan et al., 2017; Gawlikowski et al., 2021). A Bayesian 
network directly outputs probabilities by marginalizing the likelihood 
of the input with the estimated posterior distribution; this however 
is generally intractable. Tractable approximation methods have been 
demonstrated to work well, and include Monte-Carlo-dropout (MC-
dropout) (Gal and Ghahramani, 2016), which repeatedly assesses each 
sample in perturbed versions of the network, and deep ensembles 
(Lakshminarayanan et al., 2017), where a collection of networks is 
trained and each sample is inferred in each network. For energy-
efficient hardware, analogs have been developed for spiking neural 
networks suitable for implementation in neuromorphic hardware (Sun 
et al., 2023; Sun and Bohté, 2025).

3.3. Risk metrics for motion planning

To assess risk in motion planning, we require a cost function that 
captures the utility of the AV’s task objectives. From a numerical 
optimization perspective, the motion planner attempts to minimize a 
cost that depends on the AV’s decision variables and on uncertainty. 
Common terms in such a cost include a weighted distance between 
the car’s current and target positions, a safe collision distance with 
the surrounding agents, and a penalty on control effort to reduce fuel 
consumption.

In Section 3.0.0.1, the uncertainty corresponds to the trajectories 
of the surrounding agents in the scene. A risk metric then maps this 
uncertain cost to a single number that represents risk. A simple example 
is the average (expected) cost, which reflects average task performance.

Several risk metrics are widely used in operations research and 
recently robotics—that shape motion planning for autonomous driving 
along safety (risk-averse vs. risk-seeking) and conservativeness. Worst-
case (robust) optimization minimizes the maximum cost over bounded 
7 
uncertainty, commonly via Robust Model Predictive Control (RMPC) as a 
minimax formulation (Gandhi et al., 2021; Tolksdorf et al., 2023; Zhou 
et al., 2025); by considering only the support (e.g., two-sigma bounds) 
rather than full distributions, it can guarantee safety within assump-
tions but is often conservative. Risk-neutral planning instead minimizes 
expected cost, favoring computational efficiency and unbiased behavior 
but remaining vulnerable to rare events (Nyberg et al., 2021). Risk-
averse methods leverage distributions to allow controlled violation 
probabilities: Value at Risk (VaR) sets a threshold 𝛼 such that costs stay 
below it with probability at least (1 − 𝛼), enabling chance-constrained 
trade-offs between safety and performance (de Groot et al., 2021; 
Nair et al., 2022; Mustafa et al., 2023; Ren et al., 2024); Conditional 
Value at Risk (CVaR) further penalizes tail severity by minimizing a 
threshold plus the mean excess in the worst (𝛼) outcomes, aiding heavy-
tailed settings and yielding more conservative behavior; CVaR-based 
chance constraints can be embedded in receding-horizon optimization 
to bound, for example, distance to safe regions within the (𝛼) quantile 
(Hakobyan et al., 2019; Chen et al., 2022; Lew et al., 2023; Yin et al., 
2022). Finally, risk-sensitive metrics expose a tunable parameter to 
span risk-seeking to neutral to risk averse behaviors: mean–variance
minimizes expected cost plus (𝛾) times its variance, where 𝛾 < 0
encourages variance (risk-seeking), 𝛾 = 0 recovers risk-neutral, and 
𝛾 > 0 reduces variance (risk-averse) (Sobel, 1982). Entropic risk uses an 
exponential utility with sensitivity (𝜆) to summarize all moments and 
exponentially weigh losses, generalizing mean–variance and empha-
sizing tails, particularly under non-Gaussian, heavy-tailed uncertainty 
(Marthe et al., 2025).

3.4. Collective risk in motion planning

Motion planning for AVs has a strong impact on the distribution of 
risk among road users. While AV passengers may favor risk-minimizing 
strategies that prioritize their own safety, such behavior can increase 
risk for vulnerable road users (VRUs) such as pedestrians and cyclists, 
raising ethical concerns about fairness in risk allocation (Kirchmair and 
Paulo, 2023; Gros et al., 2025). To address this, researchers have ex-
plored ethical risk allocation frameworks that balance self-preservation 
with collective safety. Approaches like in Geisslinger et al. (2021, 2023) 
incorporate ethical principles into risk–cost functions, ensuring AVs 
consider their impact on surrounding agents. Similarly, Schwarting 
et al. (2019) model AV interactions as a dynamic game using Social 
Value Orientation (SVO) to quantify selfishness or altruism, enabling 
AVs to predict human behavior and generate socially aware control 
policies that balance individual and collective risk.

Beyond ethical considerations, predictability is key to mitigating 
uncertainty-induced risk in motion planning. AVs that behave in a 
legible and socially consistent manner reduce the ambiguity experi-
enced by human drivers, fostering smoother interactions and improving 
coordination. Studies in Human–Robot Interaction (HRI) highlight the 
importance of clearly communicating intent to improve coordination. 
This principle has been applied to autonomous vehicles (AVs) through 
various motion planning frameworks. For example, some approaches 
encourage AVs to signal their intentions early by initiating avoidance 
maneuvers sooner (Geldenbott and Leung., 2024), while others focus 
on reducing uncertainty in collision avoidance by dynamically ad-
justing goal regions around nearby agents (Bastarache et al., 2023). 
Predictability-based trajectory costs have been introduced to ensure 
that AV motions align with human expectations, minimizing the risk 
of unexpected behavior (Brüdigam et al., 2018). Furthermore, Gil et al. 
(2025) introduce a generalizable approach where agents predict their 
own behavior to align with human expectations, fostering implicit 
social conventions without explicit communication.

In all, safe, effective decision-making in autonomous vehicles re-
quires planning under uncertainty through appropriate notions of risk. 
We find that the meaning of uncertainty between neuroscience and 
robotics is essentially the same, building on probability theory given 
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some model. In robotics however, computational tractability and mea-
sures of risk are of prime consideration. As enumerating all agents, 
modes, and futures quickly becomes computationally intractable, the 
planner must rely on prediction models that estimate uncertainty and 
derived risk metrics to act sensibly in real time. Beyond individual 
safety, collective considerations have to be included, like how risk is 
allocated across road users and how legible, predictable AV behav-
ior may reduce others’ uncertainty (Dey et al., 2020). Thus, while 
capabilities are rapidly increasing, open challenges include real-time 
effective solutions, which is particularly complicated and important 
when human agents are present.

4. Psychological uncertainty in human–automation interaction

Rowe (1994) conceptualizes uncertainty as a state of not knowing. 
Beyond the direct measures of uncertainty when planning with noisy 
and limited sensory information, behavior is also shaped by a more 
meta-cognitive perspective: autonomous agents and people mutually 
shape each other’s behavior, with human plans and actions that could 
be influenced by the uncertainty they feel based on noisy percep-
tions and fluctuating internal states, including when interacting with 
technology.

In this context of Human–automation interaction (HAI), we define 
human psychological uncertainty as, ‘‘a perceived inadequacy, during 
the interaction, to form an accurate prediction about their role as a 
user or the intention of the automated agent’’. This inadequacy can 
have significant implications for human decision-making during HAI 
(Lindley, 2013), as individuals rely on their expectations of the agent’s 
actions to guide their responses. For example, when there is a mismatch 
between expectations and the behavior of an AV, increased uncertainty 
can affect the driver’s behavior, leading to hesitation, greater risk, or 
even crashes (Victor et al., 2018). Beyond the scope of user’s safety, 
experiencing uncertainty could lead to negative emotions or undesir-
able feelings. Such uncertainty takes many forms, for example about 
future outcomes like delays, and, as a trait-like construct, therefore 
term psychological uncertainty is used to emphasize the subjective and 
psychological nature of the construct (Windschitl and Wells, 1996). 
It can mediate human responses (Kappes et al., 2018; Windschitl and 
Wells, 1996) and is associated to negative emotions (Anderson et al., 
2019; Morriss et al., 2022; Franssen et al., 2024b).

In HAI, psychological uncertainty influences trust (Lee and See, 
2004; Hoff and Bashir, 2015; Schaefer et al., 2016); for example, 
users may distrust a delivery drone if they feel uncertain about its 
flight behavior (Lingam et al., 2025c). Psychological uncertainty likely 
affects acceptance and perceived risk, and may contribute to errors 
(Lingam et al., 2024a). Addressing it is critical for natural human–agent 
interaction (Muthugala and Jayasekara, 2016) and public acceptance. 
In Human–Drone Interaction (HDI), a new and developing mode of 
interaction compared to autonomous cars, experts argue that managing 
psychological uncertainty is essential for deploying drones in public 
spaces (e.g., emergency response, delivery, surveillance) (Lingam et al., 
2024a). Lingam et al. (2025c) define psychological uncertainty in HDI 
as ‘‘a state of doubt experienced by humans when drone interactions 
deviate from expectations, leading to a loss of understanding of the 
drone’s intentions or next actions’’. Previous research further empha-
size that agent understandability and predictability are core to this 
construct (Lingam et al., 2025c). Franssen et al. (2026) further define 
psychological uncertainty through a systematic review as ‘‘the mental 
experience of a lack of knowledge about the past, present, or future, which 
makes it impossible to accurately predict outcomes or determine which 
of multiple possibilities will be true, and which in turn shapes emotional 
responses and behavioral output’’.

Psychological uncertainty in HAI is typically measured as user-
perceived uncertainty. Prior work has used subjective ratings towards 
an agent or its elements (Franssen et al., 2024a; Lingam et al., 2025c). 
Franssen et al. (2024a) assessed responses to static AV design elements 
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with a 7-point Likert scale (‘‘Absolutely Uncertain’’ to ‘‘Absolutely not 
Uncertain’’), showing uncertainty varies across individuals in similar 
conditions. Lingam et al. (2025c) introduced a continuous Likert scale 
to track perceived uncertainty across interaction stages with a delivery 
drone, revealing stage-dependent variation. To probe implications for 
mental states, researchers correlate uncertainty with emotions to ex-
plain choices (e.g., travel) and explore alternative measures (Franssen 
et al., 2024b). Because emotions such as fear, frustration, and anxiety 
are associated with psychological uncertainty (Grupe and Nitschke, 
2013; Morriss et al., 2022), mapping these patterns can refine mea-
surement and guide the design of automated systems (e.g., drones, AVs) 
towards more transparent and predictable interactions.

4.1. Factors affecting psychological uncertainty in human–automation in-
teraction

Given the variety of human–automation scenarios, many factors can 
influence psychological uncertainty. We focus on automated vehicles 
(AVs) and drones—domains where trust, acceptance, and physical risk 
are acute and important.

Automated vehicles. AVs differ in form, context, and capability, see 
for instance (SAE International, 2021). Psychological uncertainty arises 
for occupants and other road users. Market deployment proceeds in-
crementally, with benefits tempered by unanticipated failures: drivers 
can be surprised by AV behavior, leading to errors (de Winter et al., 
2023), especially when systems communicate poorly (Sarter et al., 
1997). Transparency supports trust (Choi and Ji, 2015), which influ-
ences perceived risk (Choi and Ji, 2015) and relates to psychological 
uncertainty (Mayer et al., 1995; Mitchell, 1999). Although trust, ac-
ceptance, and safety are often studied, psychological uncertainty itself 
is not. One of the few studies on psychological uncertainty in an AV-
context found that passengers of an AV can experience uncertainty 
about the design and functioning of the automated vehicle in traffic. 
For example, passengers report that interior features such as opaque 
windows or removing the steering wheel increase uncertainty (Franssen 
et al., 2024a).

From outside the vehicle, diverse road users, such as pedestrians, 
cyclists, and manual drivers, face their own uncertainties (Rasouli and 
Tsotsos, 2019; Dey et al., 2020; Faas et al., 2020a). Factors related to 
automated vehicles could lead to uncertainty, as AV driving styles can 
differ from human drivers’ (Bazilinskyy et al., 2021) which complicates 
anticipation of future actions. The absence of a human interlocutor 
inside the AV may further increase uncertainty in situations requiring 
explicit communication or after incidents. Faas et al. (2020b) found 
that pedestrians face greater uncertainty when interacting with self-
driving vehicles because they can no longer rely on traditional social 
cues from a human driver, such as eye contact or gestures. This can 
lead to uncertainty to be present in potential space sharing conflicts, 
which can be solved through acquiring more information about the 
situation or by a road user changing their behavior (Markkula et al., 
2020). One way to provide such additional information to those outside 
of the vehicle, is by adding external human–machine interfaces (eHMI) 
on an AV (Faas et al., 2020a; Dey et al., 2021, 2020). Such eHMIs can 
then influence human’s interactions with AVs, as demonstrated by Faas 
et al. (2020b) who found that when eHMIs provided clear information 
that the vehicle intended to yield, pedestrians initiated crossing earlier 
(shorter crossing onset times), reported higher perceived safety, and 
evaluated the interaction more positively. Like eHMIs, road infrastruc-
ture can also be used to influence human interaction, both by providing 
information about regulations (e.g., right of way) and by influencing 
vehicle kinematics (Kalantari, 2023; Rasouli and Tsotsos, 2019).



J.R.E. Cooke et al. Transportation Research Interdisciplinary Perspectives 39 (2026) 102141 
Drones. once primarily used for aerial photography, are now increas-
ingly being utilized in delivery, surveillance, entertainment, and war-
fare. As they enter everyday public spaces, the importance of both 
physical risks and psychological uncertainty increases. A human-centered 
interview and design study identifies several drivers of uncertainty dur-
ing public-space deliveries: the degree of human involvement (e.g., tele-
operation vs. autonomy), the dynamics and crowding of the setting, 
people’s familiarity with the technology, and the criticality of the task 
(Lingam et al., 2025d). Uncertainty often differs between direct users, 
such as package recipients, and non-users, such as bystanders, largely 
due to knowledge gaps (Lingam et al., 2025d). Responsibilities (who 
must act or yield), proximity to the drone, and environmental and 
situational factors, such as landing-site geometry, birds, children, and 
pets, further influence uncertainty (Lingam et al., 2025d).

Design and behavior play a central role. Echoing (Franssen et al., 
2024a), specific design choices can raise or reduce uncertainty for both 
users and non-users. Flight behavior, proximity during approach/hover, 
acoustic signature, and visual appearance all influence judgments
(Lingam et al., 2024a, 2025c, 2024b, 2025b). For instance, straight-
line approaches were perceived as less predictable than curved paths, 
increasing uncertainty and reducing trust (Lingam et al., 2025c). Across 
studies, a consistent driver of uncertainty is insufficient information 
about drone intentions; HDI experts (Lingam et al., 2024a) and par-
ticipants emphasize the need for visual interfaces and behaviors that 
explicitly communicate state and intent (e.g., approach path, landing 
point, next action) (Lingam et al., 2025d,a).
Causality and inherent uncertainty. Establishing causality for factors 
that contribute to uncertainty in the context of automation can be diffi-
cult. Features like tinted AV windows (Franssen et al., 2024a) or nearby 
children around a delivery drone (Lingam et al., 2025d) may heighten 
uncertainty, yet similar effects could occur without automation. Thus, 
not all uncertainty-inducing factors are unique to automated agents.

4.2. Preliminary model of psychological uncertainty in human–automation 
interaction with vehicles and drones

To explore the impact of psychological uncertainty on decision-
making and responses within HAI, we propose a preliminary model that 
outlines the key factors contributing to this psychological uncertainty 
in the context of autonomous agents (Fig.  3). We expect this model 
to serve as a foundational step towards understanding and mitigating 
uncertainty in HAI, ultimately improving the design of more intuitive 
and user-trusted automated systems.

The proposed model is inspired from the models of human-
information processing by Parasuraman et al. (2000) and Wickens et al. 
(2021). The model comprises four primary stages in a linear manner: 
human sensory processing, human perception, human decision-making, 
and human response execution (including no response). These pro-
cesses provide feedback that can influence the automated systems 
(Wickens et al., 2021). In line with Wickens et al. (2021), the at-
tentional resources stage is incorporated to account for the finite 
cognitive capacity humans possess for processing and acting on in-
formation. Given the perceptual nature of psychological uncertainty 
and its dependence on available attentional resources, this construct is 
positioned between perception and attention in the model. At the start 
of the interaction, the ‘Sensory processing’ stage involves acquiring and 
registering multiple sources of information from the automated agents. 
This includes positioning and orienting sensory organs, processing 
inputs, filtering the information cognitively, and selectively attending 
to relevant stimuli from automated agents. The ‘Perception’ stage 
centers on conscious perception and the manipulation of processed 
and retrieved information within working memory. When there is 
a lack of or difficulty interpreting the information in ‘Perception’, 
‘Psychological uncertainty’ arises. ‘Attentional resources’ are used to 
select information, that helps with interpretation and potentially re-
ducing ‘Psychological uncertainty.’ In the ‘Decision making’ stage, 
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decisions are formed, and responses are selected based on prior cog-
nitive processes. Finally, the ‘Response selection’ stage involves the 
implementation of these responses, which may translate to various 
forms of actions or inactions with respect to the automated vehicle. The 
system then has the chance to respond to this action. This could be a 
responsive action, by the system, aimed at reducing the psychological 
uncertainty of its user or an action that is counterintuitive to the user 
thereby increasing uncertainty.

Compared to the classical models of Parasuraman et al. (2000) and 
Wickens et al. (2021), which treat information processing as a largely 
feed-forward chain and do not represent subjective uncertainty as a 
distinct construct, here psychological uncertainty is given an explicit 
function between perception and attentional resources, where it both 
arises from and modulates information processing. Additionally, we 
close the loop: the human’s response feeds back to the automated 
system, which can then act to raise or lower the user’s uncertainty. 
This bidirectional coupling thus connects the otherwise human-internal 
model to the AV’s own prediction-and-planning loop (Section 3.2).

4.3. Implications of psychological uncertainty on human behavior

As discussed in the previous section, psychological uncertainty plays 
a critical role in shaping human actions, and thus their behavior. Ac-
cording to both experts (Lingam et al., 2024a) and public users (Lingam 
et al., 2025c,d), such uncertainty – particularly when stemming from a 
lack of awareness about the automated system’s intentions or behavior 
– can elevate perceived risk during interaction. This often leads to 
discomfort and reduces trust in automation. In response, humans tend 
to hesitate approaching the autonomous vehicle and will maintain 
physical distance from the system (Wojciechowska et al., 2019; Yeh 
et al., 2017). Schaefer et al. (2016) found that trust becomes especially 
important when autonomous systems operate in uncertain, unplanned 
circumstances. The degree of psychological uncertainty – ranging from 
mild hesitation to high-risk avoidance – can lead to perceived risk 
and varying behavioral responses, such as slower approach, pausing, 
keeping distance, or complete disengagement. While making the sys-
tem’s intentions explicit (e.g., through visual interfaces) can reduce 
uncertainty and encourage approach behaviors or safe crossing ahead 
of the system (Dey et al., 2021; Hetherington et al., 2021), other forms 
of uncertainty persist. For example, when a drone clearly communicates 
its drop-off intentions, recipients may approach the delivery spot while 
experiencing lingering uncertainty and perceived risk about whether 
it is safe to do so (Lingam et al., 2026). The effects of psychological 
uncertainty on human behavior may also depend on contextual factors, 
such as the urgency of the task (e.g., emergency response vs pizza 
delivery), prior experiences with automation, the human role or social 
norms in public spaces. Future research should investigate how differ-
ent types (e.g., uncertainty about system motion vs. safe to approach) 
and intensities of psychological uncertainty shape human behavior in 
real-world human–automation interactions.

These behavioral signals have a direct, yet underexploited, conse-
quence for the technical pipeline described in Section 3.2: hesitation, 
slowed approach, pausing, and last-moment changes of mind widen 
and multiply the motion modes that a prediction model must represent 
(Kalantari, 2023; Tian et al., 2023), and they inflate the per-mode 
trajectory-uncertainty ellipsoids that the planner ultimately consumes 
(Fig.  2). Effectively, a bystander’s psychological uncertainty, seem-
ingly subjective, feeds back into the objective distribution over human 
motion that the AV must predict and plan against (Markkula et al., 
2020). This gives a concrete yet qualitative link between the two 
perspectives: the measurements of psychological uncertainty point to 
those situations in which human motion becomes harder to predict, 
and thus to situations in which the AV should expect wider predictive 
uncertainty and may need to plan more conservatively or behave more 
legibly to actively reduce uncertainty.
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Fig. 3. The role of psychological uncertainty in the human information processing model for interactions with automated systems. The solid lines illustrate how 
automated systems influence elements of the human information processing model and psychological uncertainty. The dotted lines indicate the potential for 
human responses to impact automated systems during the interaction. Cognitive components like working memory, planning and long-term memory are taken as 
part of perception and decision-making elements. Note that in the brain, decision making and response selection are an integrated and competition-based process 
(Cisek, 2007).
Summarizing, in the presented model, psychological uncertainty 
and perception likely influence each other bidirectionally. Observing 
an automated agent can elicit uncertainty, reallocating attention to seek 
additional sensory input (Dieterich et al., 2016; Rose et al., 2022); in 
turn, the notion of uncertainty shapes how subsequent information is 
processed (Gupta and Solo, 2010). Thus, we argue that in HAI, uncer-
tainty is not a mere byproduct of perception but an active, dynamic 
driver.

5. Synthesis

All three perspectives frame uncertainty as a fundamental and 
pervasive aspect influencing decision-making, perception, and action, 
whether in biological systems, autonomous agents, or human-
automation interactions, as summarized in Fig.  4. Here we study 
in particular how entities (humans, AVs) make decisions and select 
actions despite incomplete or noisy information and an unpredictable 
environment: decision-making under uncertainty.

To solve this, each field relies on models (Bayesian, computational, 
cognitive) that infer current states, predict future states/behaviors, 
and understand the causes of observations. Actions are then selected 
by minimizing a risk functional of the induced cost. In neuroscience, 
this reads as precision-weighted prediction errors and uncertainty-
guided control; in behavioral psychology, as choice-making under risk 
undergoing uncertainty calibration; in robotics, as risk-aware planning 
under uncertainty from posterior predictive scene futures. In all three, 
uncertainty is a critical design parameter : it quantifies and calibrates risk, 
and thus shapes behavior. Whether it is the brain selecting an action, an 
autonomous vehicle selecting a plan, or a human adapting to an AV, all 
perspectives share an underlying goal to perform effectively and safely 
by accounting for uncertainty.

Yet, most neuroscience models focus on the brain’s mechanisms 
and algorithms for representing, processing, and mitigating uncertainty 
at neural and cognitive levels (e.g., neural noise, optimal feedback 
control, causal inference) while using a cost function to determine 
action choices. The robotics perspective and emphasizes computational 
tractability, safety, all explicitly in the context of specific risk metrics. 
HAI then examines factors like trust, predictability, and understandabil-
ity to determine the factors influencing human perception and behavior 
at a more meta-cognitive level. Importantly, human decision making is 
also driven by elicited emotion and motivation, a phenomenon that an 
AV often does not take into account when making choices.
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5.1. A cross-cutting example: a pedestrian at the crosswalk

Rather than three separate problems, we find that the three per-
spectives describe one coupled system: consider a pedestrian deciding 
whether to cross in front of an approaching AV through each view (Fig. 
5).

Neuroscience. The pedestrian must infer the AV’s state and intent 
from noisy, delayed visual input: its distance and closing speed from 
optic flow, and whether it is decelerating. This is a causal-inference 
problem (has it detected me? will it yield?) whose posterior is multi-
modal: ‘‘it will stop’’ versus ‘‘it will not.’’. The pedestrian then applies 
a risk functional to that posterior, as the cost of being wrong about ‘‘it 
will stop’’ is severe, which rationalizes cautious, risk-averse behavior 
such as waiting or edging forward to gather more evidence (Kalan-
tari, 2023; Tian et al., 2023), an information-seeking, active-inference 
action.

Robotics (the AV). The AV faces the mirror-image problem. From 
the pedestrian’s observed kinematics it must predict a distribution over 
motion modes (cross now/wait / hesitate), with within-mode trajectory 
uncertainty (Section 3.2). It then selects a risk metric (Section 3.3) 
that maps this distribution onto a risk-aware plan, such as risk-averse 
yielding, risk-neutral nudging, etc. Ideally, this also accounts for the 
impact of that plan on the pedestrian (Section 3.4).

HAI. The two inference-then-risk loops are dependent: each agent’s 
action is the other’s evidence. If the pedestrian is psychologically 
uncertain, for instance because he/she is unsure whether the AV has 
seen them, they hesitate, which (as argued in Section 4) widens the 
very motion-mode distribution the AV must predict, making the AV less 
certain in turn. Conversely, an easily interpretable AV action reduces 
the pedestrian’s psychological uncertainty, sharpens their behavior into 
a single predictable mode, and so reduces the AV’s predictive uncer-
tainty as well. The same scenario thus exhibits the gap: the AV’s formal 
risk machinery and the pedestrian’s subjective uncertainty are tightly 
coupled in reality but are usually modeled separately.

5.2. Metacognition as a potential bridge

The clearest pathway from the shared inference-then-risk structure 
to an actual integration runs through metacognition, defined as the 
monitoring and control of one’s own cognitive processes (Fleming and 
Daw, 2017). Under different jargon, Metacognition is studied in all 
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Fig. 4. The role and definition of uncertainty in guiding behavior in Neuroscience, Robotics and Human–Automation Interaction (HAI).

Fig. 5. A single scenario from three perspectives: a pedestrian deciding whether to cross in front of an approaching autonomous vehicle, all described as one 
coupled system. The pedestrian (left, neuroscience) infers the AV’s intent from noisy, delayed sensory input and applies a risk functional to a multimodal posterior 
(‘‘will it stop?’’). The AV (right, robotics) solves the mirror-image problem: it predicts a distribution over the pedestrian’s motion modes and selects a risk metric 
that maps this onto a plan. The two inference-then-risk loops are coupled (center, HAI): the pedestrian’s psychological uncertainty produces hesitation that increases 
the motion-mode distribution the AV must predict, while a clearly communicated AV action reduces the pedestrian’s uncertainty and sharpens their behavior into 
a single predictable mode. Metacognition (Section 5.2) is the suggested bridge to close this loop.
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three fields, and maps cleanly onto the two-stage notion of Section 1. 
We outline a three-part correspondence.

Monitoring vs uncertainty quantification. In neuroscience, metacogni-
tive monitoring produces confidence judgments and error awareness 
as estimates of the reliability of one’s own inference. In robotics, this 
corresponds to the uncertainty quantification of Section 3.2: calibrated 
aleatoric and epistemic uncertainty, conformal-prediction bounds, and 
the use of epistemic uncertainty to detect that a situation lies outside 
the training distribution (Kendall and Gal, 2017; Neumeier et al., 
2024). A metacognitively effective AV needs to have reported confi-
dence that is well calibrated to its actual error rate.

Control vs risk-metric selection. Metacognitive control adapts behav-
ior to monitored confidence, such as slowing down when uncertain, 
and gathering information when prediction error is high. This is the 
function served in robotics by the choice and tuning of a risk met-
ric (Section 3.3): risk-averse planning (e.g., CVaR) is preferred when 
epistemic uncertainty is high, whereas efficient risk-neutral behavior 
is preferred when the situation is familiar (Botvinick and Toussaint, 
2012). In Metacognition terms, the risk-metric then becomes a choice 
that an agent could modulate online from its own confidence.

Communication vs legibility. Finally, people do more than just esti-
mate and act on their uncertainty: they also communicate calibrated 
confidence to others so that partners can anticipate them. This pre-
dictability objective is already pursued in AV motion planning (Sec-
tion 3.4): signaling intent early (Geldenbott and Leung., 2024), shaping 
goal regions to reduce others’ uncertainty (Bastarache et al., 2023), and 
producing self-predictable motion aligned with human expectations 
(Gil et al., 2025). Communicating calibrated confidence as measured by 
metacognition is then the logical solution by which an AV can reduce 
the psychological uncertainty of Section 4 in the people around it.

Together, these correspondences suggest a dynamic description of 
the side-by-side loops of Fig.  4: an AV estimates its own uncertainty, 
lets that estimate modulate how cautiously it plans, and communicates 
the result clearly. This would be a first stab at closing the gap between 
the objective uncertainty it manages internally and the subjective un-
certainty it induces externally. For now, this is a hypothesis: calibrated 
metacognitive models that scale to full driving scenes are an active 
topic (Fleming and Daw, 2017). One open challenge for example is 
mutual adaptation, where as agents continually adjusts to each other, 
coupled interactions can oscillate; clear, confidence-calibrated com-
munication is then a likely fruitful approach to keeping such mutual 
adjustment from locking up.

6. Discussion and conclusion

This perspective sets out to understand how the behavior of au-
tonomous vehicles and systems can be informed by, and aligned with, 
human uncertainty about their actions. Our examinations from three 
perspectives underscores the diverse nature of uncertainty and its 
critical role in the interrelated fields of neuroscience, robotics, and 
human–automation interaction (Schwarting et al., 2019). It also high-
lights the challenge: to integrate autonomous vehicles into society 
will require a probabilistic-computation first approach, for example 
by scaling uncertainty-native neuroscience frameworks to the complex 
environment of autonomous vehicles, while also properly accounting 
for the likely and diverse potential effects of an autonomous vehicle’s 
behavior on that of humans.

Neuroscience reveals the brain’s sophisticated, often-times pre-
sumed Bayesian, strategies for navigating inherent sensory, motor, and 
environmental uncertainty, offering inspiration for robust AI (Knill and 
Pouget, 2004; Pezzulo et al., 2018). At the same time, the current mech-
anistic frameworks in neuroscience are quite far removed from being 
able to tackle the kind of complex problems considered in robotics. 
The robotics perspective advances the mathematical and computational 
frameworks that autonomous vehicles (AVs) employ to predict, plan, 
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and manage risk in dynamic environments (Sadigh et al., 2016; Sun-
berg and Kochenderfer, 2018; Mészáros et al., 2024; Mustafa et al., 
2023). These technical approaches, while powerful, often grapple with 
computational intractability and may not fully capture the nuances of 
interacting with humans. The psychological perspective highlights that 
human interaction with automation is strongly shaped by perceived 
uncertainty, which influences trust, stress, acceptance, and behavior, 
often independent of the objective uncertainty managed by the system 
itself (Hoff and Bashir, 2015; Kohn et al., 2021; Lingam et al., 2025c; 
Franssen et al., 2024a).

These respective areas of focus naturally follow from the problem 
of computational tractability: solving high-level planning and decision-
making under uncertainty requires approximations and algorithms that 
are actively being developed (Mészáros et al., 2024). Only for low-level 
tasks is the problem sufficiently constrained to probe the biologi-
cal solutions that the brain uses at a mechanistic level (e.g. Körding 
et al., 2007). At the high-level, cognitive neuroscience and psychol-
ogy have a long tradition of observing and modeling behavior, yet 
corresponding mechanistic models are both underconstrained and com-
putationally highly intensive. The approaches in robotics as outlined 
underscore this, as they illuminate both the many factors involved and 
the combinatorial explosions that accompany full descriptions.

Thus, a central challenge is the disconnect between the mathemat-
ical representations of uncertainty in AVs and the high-level cognitive 
and emotional factors influenced by notions of uncertainty that drive 
human responses. Bridging this gap is vital for developing AVs that are 
not only technically proficient in managing their own uncertainties but 
also behave in ways that are understandable, predictable, and inspire 
confidence in human users and bystanders. Note that the interaction 
is bidirectional: AVs must model human uncertainty and derived be-
havior, and humans experience uncertainty about AVs that hinders 
interaction, acceptance and integration.

We have argued (Section 5.2) that the most promising bridge across 
these perspectives is the study of metacognition, which studies the 
monitoring and control of one’s own cognitive processes (Fleming 
and Daw, 2017). An AV that estimates and calibrates its own un-
certainty (Kendall and Gal, 2017) uses those estimates to adapt its 
planning through risk-sensitive mode switching (Botvinick and Tous-
saint, 2012), and communicates the resulting calibrated confidence in 
a clear manner (Bartneck and Moltchanova, 2020). Such an approach 
would address both the objective uncertainty it manages internally 
and the psychological uncertainty it induces in others in a single 
mechanism. Mechanistically, such metacognitive models remain an 
active research direction towards the planning-under-uncertainty that 
autonomous vehicles require.

Overall, addressing uncertainty in the context of autonomous ve-
hicles demands an integrated, interdisciplinary approach. The develop-
ment of AVs that seamlessly and safely integrate into human-populated 
environments relies on our ability to understand, model, and manage 
uncertainty from technical, biological, and psychological viewpoints 
(Mavrogiannis et al., 2023). Future research must focus on creating 
unified frameworks that translate insights across these domains. This 
includes designing AVs that not only robustly handle their operational 
uncertainties using advanced prediction and planning, but also ac-
tively consider and mitigate the psychological uncertainty experienced 
by humans. This involves developing more predictable AV behaviors, 
potentially inspired by how humans naturally manage and communi-
cate uncertainty. Ultimately, high-level neuroscientific models have to 
account for both: modeling the ability to mechanistically plan long-
range actions while both accounting for and calculating measures of 
uncertainty, all in a computationally tractable manner. Together, such 
a holistic understanding will enable autonomous vehicles that are truly 
cooperative, intuitive, and trustworthy partners in our increasingly 
shared world, creating safer and more efficient interactions for all.
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