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D
ear ladies and gentlemen, colleagues, 
and friends. Let me start by thanking 
IEEE Control Systems Society (CSS) 
President Magnus Egerstedt for the 
kind introduction and thanking the 

members of the Bode Award Committee for this 
amazing honor. In addition, it is a privilege to 
have the opportunity to talk about some of the re-
search that I am currently working on (see “Sum-
mary”). Congratulations also to the 2024 IEEE 
Conference on Decision and Control organizers; 
it has truly been a fantastic week here in Milan. 

The Bode Lecture has accompanied me since 
the beginning of my career. I started my Ph.D. 
studies at Lund University in 1992, just a few 
years after Gunter Stein gave the first Bode Lec-
ture (see “CSS Hendrik W. Bode Lecture Prize”). 
It was titled “Respect the Unstable” and was 
unusual at the time because it was recorded. My 
Ph.D. advisor, Prof. Karl Åström, had a VHS cas-
sette copy of the recording. Watching this video 
was compulsory for Ph.D. students at Lund Uni-
versity, in Sweden. Despite the video quality of 
the recording being subpar compared to today’s 
standards, the lecture was beautiful, and it was 
easy to understand why it has become a classic in 
the control systems community and beyond. Dr. 
Stein used the example of a very simple flight 
control system and showed that there exist fun-
damental limitations on what feedback can 
achieve in practice related to the location of the 
system’s right half-plane poles and zeros; the lec-
ture convincingly illustrated how control theory 
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(in this case, Bode’s sensitivity integral) has had a signifi-
cant impact on the understanding of what engineering can 
do (how to build flight control systems). 

I am happy to recommend that all the students in the 
audience watch this video. My advisors, Profs. Åström 
and Rantzer, emphasized in the very same spirit to me 
that the development of good theory should be motivated 
by applications, and conversely, good methods being 
developed should have an impact on real systems. This is 
something I have carried with me throughout the 
research we have been conducting in my group. At the 
core of our approach is the mitigation of uncertainty 
through feedback control at multiple layers of transporta-
tion systems. This is the main message that I would like 
to convey in this article.

THE TRANSFORMATION OF THE TRANSPORT SECTOR
Let us first discuss why there is such a large and urgent need 
for a technical and digital transformation of the transport 
sector. The aim is to achieve zero emissions from transporta-
tion by 2070, limiting the global temperature rise. In Figure 1, 
we see the carbon dioxide emissions from transport in the 
“Sustainable Development Scenario” of the International 
Energy Agency. Thanks to future technical and other advances, 
the emissions are expected to decrease considerably. Note that 
the relative impact of emissions from various transport modal-
ities is predicted to change; for example, the transportation of 
goods through heavy-duty vehicles may play an increasingly 
important role in the future. 

How do we achieve this positive development to reach 
zero emissions from transportation? It will be an essential 
task for many of the students in the audience to dedicate 
their careers to innovate in this space. Only with new 
groundbreaking research, where I believe control engi-
neering will play a crucial role, will we see this evolution 

Summary 

The transformation of the transport sector is continuously 

in motion. Through advances in sensing, connectivity, 

computing, and electrification, the control community has 

been and will continue to be actively engaged in the shap-

ing of a sustainable and efficient infrastructure for moving 

people and goods. Although self-driving technologies have 

garnered significant attention, achieving widespread and 

safe deployment remains a challenge. Meanwhile, innova-

tions are continuing to occur to optimize and improve the 

resilience of transport systems, highlighting the broader im-

pact of control technology on mobility. This lecture explores 

intelligent transport and the influences of the emerging field 

of cyberphysical–human systems, using three case studies: 

1) vehicle automation and occlusion, 2) traffic control using 

physics-informed machine learning, and 3) rollout-based 

planning for electric truck charging coordination. These 

case studies are used to illustrate how uncertainty can be 

represented and mitigated using safety-first reachable set 

computations, a mix of physics- and data-driven models, 

and stochastic forecasting with dynamic programming (DP). 

The article highlights joint work with students, postdoctoral 

researchers, and collaborators in academia and industry.
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(see “IEEE Control Systems on Auto-
mated Vehicles and Transporta-
tion”). There are also significant 
commercial opportunities in this 
development, which the automotive 
industry has already recognized. 
Many of its R&D strategies revolve 
around the key areas indicated  
in Figure 2.

Sweden is uniquely positioned in 
this field, as it has a long tradition 
in the automotive industry, and some 
of the key innovations in this area 
were developed by Swedish engi-
neers, such as the three-point seat-
belt, which dates back to the 1950s. 
Volvo Group and Scania are two 
leading truck manufacturers inter-
nationally, both of which invest 
heavily in supporting long-term 
research collaborations with us and 
other research groups as well as 
developing experimental vehicle 
concepts (Figure 3).

IEEE Control Systems on Automated Vehicles and Transportation

Over the last 20 years, there have 

been many articles on vehicle auto-

mation and road transport in IEEE Con-

trol Systems magazine as well as spe-

cial issues (Figure S1). The optimization 

of hybrid electric vehicles is discussed in 

[S1]. The authors of [S2] present novel 

truck platoon controllers and their ex-

perimental evaluations. Formal methods 

for controlling traffic flow are described 

in [S3]. Experimental testbeds with real 

or miniature robotic vehicles, such as the one discussed in 

“Small Vehicles for Autonomy: A Rapid Experimental Tes-

tbed for CAVs,” are important for research and education. 

Another such testbed is described in [S4]. Earlier this year, 

there was a whole issue of the magazine dedicated to mixed-

autonomy traffic [S5]. One of the articles presents an open-

road field experiment with 100 connected and automated 

vehicles (CAVs) [S6].
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FIGURE S1 Issues of IEEE Control Systems dedicated to vehicle automation, mixed-
autonomy traffic, and related control applications.
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FIGURE 1. Gigatons of carbon dioxide released into the atmosphere each year for various 
modes of transportation from 2000 to 2070. The prediction into the future corresponds to a 
sustainable development scenario in which significant future technical and other advances 
help to reduce the emissions considerably. (Source: International Energy Agency [1]; used 
with permission.) 
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TRANSPORT AUTOMATION AND UNCERTAINTY
Ten years ago, the Society of Automotive Engineers (SAE) pre-
sented a vehicle automation taxonomy that defined six levels, 

ranging from no driving automation (level 0) to full autonomy 
(level 5) [2] (Figure 4). The SAE inspired a road map describing 
the path from human-driven vehicles to increasingly auto-
mated support systems. Even 10–15 years ago, the leadership 
of some major corporations, such as Google and Tesla, consid-
ered autonomous driving to be a solved problem. Fast-for-
warding to today, the picture is somewhat different. We are 
still quite far from autonomous vehicles on every road; there 
are several fundamental challenges to be overcome. At the 
same time, it should be pointed out that great progress has 
been made, such as large-scale deployments of robot taxis 
underway in San Francisco, CA, USA, and other cities; auto-
mated buses demonstrated in the Stockholm, public transport 
system (see “Self-Driving Buses in Stockholm Pilot Study”); 
and autonomous vehicles for mining operations tested world-
wide, including in the northern part of Sweden.

Have we solved the vehicle automation problem? No, not 
really. We do have impressive experimental tests going on, 
but we still have a long way to go in terms of fatalities. The 
crash rate per million miles for automated vehicles remains 
more than 10 times higher than that of human-driven vehi-
cles [3]. Healthy skepticism about building fully automated 
vehicles capable of driving in any road and traffic conditions 
was raised early by many academic leaders, including Dr. 
Steven Shladover, a world-leading researcher in vehicle 
automation and a key contributor to the creation of the intel-
ligent transportation systems program in the United States.

Why is vehicular transportation difficult to automate? In 
this lecture, we argue that uncertainty is the key reason. 
Cars, buses, and trucks are driven in highly dynamic envi-
ronments under drastically different conditions depending 
on the time of day, day of the year, location, and so on. 
Despite even more sophisticated sensor technologies and 
data collection, representation, and prediction of all possi-
ble corner cases that may arise, including cases that occur 

Automation

Electrification Connectivity

FIGURE 2. Three key areas of the automotive industry’s R&D strategies. 

(a)

(b)

FIGURE 3. (a) An autonomous Scania concept truck for mining 
applications and (b) an electric Volvo garbage truck. (Sources: 
Scania and Volvo Group; used with permission.)

SAE
LEVEL O

SAE
LEVEL 1

SAE
LEVEL 2

SAE
LEVEL 3

SAE
LEVEL 4

SAE
LEVEL 5

You are driving whenever these driver support features
are engaged – even if your feet are off the pedals and

you are not steering

You are not driving when these automated driving
features are engaged – even if you are seated in

“the driver’s seat”

These automated driving features
will not require you to take

over driving

When the feature
requests,

you must drive

You must constantly supervise these support features;
you must steer, brake or accelerate as needed to

maintain safety

FIGURE 4. The SAE suggests six levels of driving automation, with increasing levels of automation from level 0 to level 5. The text below 
the levels indicates the expectation on the driver. (Source: SAE International; used with permission.)
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rarely, remain important and continue to be challenging. 
Imagine a truck running downhill in suddenly changing 
weather conditions and having to deal with rapidly deterio-
rating road surface conditions. Or consider the difference in 
situation awareness and driving behavior between an 

experienced bus driver in London, U.K., and a teenager 
behind the steering wheel for the very first time. Feedback 
control is the science of mitigating uncertainty. Hence, we 
believe that the control systems community has some of 
the fundamental tools needed to take the next major set of 

steps in the development of auto-
mated vehicles. This is not just about 
new control algorithms but also 
about novel architectures and pro-
viding the right information at the 
right time to simplify decision 
making (Figure 5).

The remainder of this lecture 
focuses on three case studies that 
illustrate aspects of how control con-
tributes to this thesis in three 
“layers” of the transport system. We 
first demonstrate how an individual 
automated vehicle can handle traffic 
situations with occlusion. Then, we 
discuss how uncertain road traffic 
can be predicted and controlled 
using physics-informed machine 
learning models. Finally, we study 
rollout-based planning for electric 

5G

FIGURE 5. An intelligent intersection supporting safe interaction between a runner and an 
automated bus. A camera in a roadside unit detects the runner and communicates the infor-
mation over a 5G cellular network to the bus despite the occlusion by the building, resulting 
in the bus slowing down and stopping at the pedestrian crossing. (Illustration from [4].)

Self-Driving Buses in Stockholm Pilot Study

Self-driving buses were tested in regular service in the 

Stockholm region during 2018–2023. Figure S2 shows 

one of the buses deployed.

Residents of the Barkarbystaden suburban area [S7] could 

take the self-driving bus to travel within their residential area or 

connect to an electric bus rapid transit (BRT) system (B), which 

led to a metro station (T) or a local train station (J), as indicated 

in Figure S3. Various technologies were evaluated in the study, 

including vehicle operation [S8] and human–machine interac-

tion [S9] by KTH researchers, vehicle technology by Nobina, 

and 5G communication by Ericsson.
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FIGURE S2 A self-driving bus integrated into the regular public 
transport system of the Stockholm region. (Source: Nobina; 
used with permission.)

FIGURE S3 The self-driving bus picked up passengers on 
demand (indicated by the yellow path) and typically brought 
them to the BRT system (the blue path), which was connected 
to the wider Stockholm public transport network. (Source: 
Järfälla municipality; used with permission.)
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truck charging coordination, considering large fleets of 
vehicles driving across Sweden under shared and varying 
resource constraints.

VEHICLE AUTOMATION AND OCCLUSION
Let us start with the first case study on vehicle automation 
and occlusion. Pravin Varaiya, a pioneer in control theory, 
gave a thought-provoking talk at a 2018 workshop in Stock-
holm about an Uber accident that had occurred the previous 
year in Tempe, AZ, USA. He described how a human-driven 

car turned left at an intersection while an automated Uber 
entered the intersection in the opposing lane. There were 
several other vehicles at the intersection. Neither the human 
driver nor the automated vehicle saw the other, resulting in 
a fatal collision in the middle of the intersection. The natural 
questions raised were how automated vehicles should 
handle occlusion and how they resolve the situation when 
vehicles have insufficient information [5], such scenarios 
can be tested in practice, see “Small Vehicles for Autonomy: 
A Rapid Experimental Testbed for CAVs”).  

Small Vehicles for Autonomy: A Rapid Experimental Testbed for CAVs

Connectivity has the potential to improve the safety and ef-

ficiency of automated vehicles significantly. By connecting to 

other vehicles, roadside units, or network infrastructure, CAVs 

can overcome their limitations in safety and efficiency, such as 

sensor occlusions or traffic congestion. However, despite the po-

tential benefits, the validation and deployment of new CAV ser-

vices have been hindered by slow and expensive testing. Many 

complex scenarios and rare events require systematic evalua-

tion. One such example is illustrated in Figure S4, in which multi-

ple CAVs and human-driven vehicles interact in a scenario where 

a truck has broken down and blocks part of the road. To resolve 

the situation, the vehicles are supported by an intelligent road 

infrastructure that shares information with them over multiple 

communication networks. A control tower with a human operator 

supports the vehicles in difficult traffic situations.

The Small Vehicles for Autonomy (SVEA) platform in Figure S5 

has been developed with Swedish industry to support the rapid de-

velopment and experimentation of new CAV services. The SVEA 

platform consists of several automated vehicles of 1/10 scale con-

nected over a private 5G network and has been extensively used 

for testing and evaluation in various projects [S10], [S11].

REFERENCES
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FIGURE S4 A traffic scenario with a mix of human-driven and auto-
mated vehicles supported by traffic signals, roadside units, and 
communication networks. Intelligence is distributed over the vehicle 
network to resolve most traffic situations that can appear, while a 
traffic control tower is prepared to assist in more complex situations.

30

Cellular
Wi-Fi
Wired

FIGURE S5 The KTH Smart Mobility Lab SVEA platform inte-
grated into the Kista Innovation Park, where a private 5G net-
work is deployed to support small-scale connected vehicle 
experiments.

The development of good theory should be motivated by applications, and 

conversely, good methods being developed should have an impact on real 

systems.
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The question of how to handle the limited information 
available for vehicles in certain traffic situations, which 
arose as a result of this fatal Uber accident, directly 
inspired our group’s recent focus on how automated 
vehicles can reason with other vehicles and road users in 
occluded areas. Our approach [6] to model occluded areas 
is based on classical reachable set computations [7]. To 
illustrate the approach, consider an automated blue ego 
vehicle that is waiting at a T intersection (Figure 6). A 

yellow car not only hinders the ego vehicle from entering 
the intersection but also occludes the lane and the area 
behind it. A worst-case approach in this situation corre-
sponds to the case where one or more vehicles are in the 
occluded area. We assume that this is the case and that 
any vehicle in the occluded area follows the traffic 
rules. It is then possible to propagate the set corre-
sponding to the occluded area forward in time and, in 
this way, overapproximate the location of any potential 

hidden vehicle, as indicated in the 
figure. The propagated set can be 
fused with information from the 
ego vehicle’s sensors and roadside 
units. This enables the ego vehicle 
to reason about and predict the 
state of traffic in the near future, 
thereby increasing the vehicle’s so-
called situational awareness, which 
is crucial for making informed 
decisions about when it is safe to 
drive (Figure 7).

Let us now evaluate our approach 
to dealing with occlusion in a 
slightly more complex scenario. 
Figure 8 demonstrates how the ego 
vehicle turns left at an intersection 
under four different levels of infor-
mation and reasoning. The first two 
are based on onboard information, 
and the last two utilize information 
from a roadside unit mounted on a 
building. The dark color indicates 
occluded areas. The ego vehicle 
remains safe in all four cases, but 
in the fourth case, the vehicle is 
able to pass a longer distance due to 
the shared information and reason-
ing. For details on how to do the 
reachability set computations and 
implement the safe planner, see [6], 
[8], and [9]. We have also evaluated 
the approach to occlusion in prac-
tice at an intersection similar to 
the one above (Figure 9). An auto-
mated Scania truck (ego vehicle) 
waits at a T intersection while 
processing lidar scans from the 
ego vehicle (green) and from a 
roadside unit (blue). Using these 
scans, the truck can determine 
whether it is safe to drive or not. For 
automated vehicle experiments under 
more complex driving conditions, see 
“Automated Truck Driving Under  
Low-Friction Conditions”).
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FIGURE 6. An automated (blue) ego vehicle is waiting at a T intersection. A (yellow) car 
passing by is occluding the field of view of the ego vehicle. Reachability analysis can be 
used to compute overapproximations of possible vehicle trajectories in the occluded region. 
(a) The occluded area could potentially hide vehicles or pedestrians. (b) The area can be 
represented as one or more sets. (c) The sets are propagated forward in time using reach-
ability computations. (d) The sets reduce as information from new sensor readings is 
integrated. (Illustration from [6].)
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FIGURE 7. The planning and control of the ego vehicle are based on information received 
from the vehicle’s own sensors together with external sensors, which form the situational 
awareness of the vehicle. (Illustration from [6].)
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Onboard Information

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Onboard Information and Reasoning

Shared Information

Shared Information and Reasoning

FIGURE 8. Simulated scenarios with the ego vehicle turning left at an intersection. Our research shows how using more sensor information and 
reasoning allows the vehicle to move faster through the intersection while still maintaining a guaranteed level of safety. (a)-(c) illustrate three 
snap shots when the ego vehicle uses only onboard information, while in (d)-(f) it uses onboard information together with reasoning based on 
reachability computations. In (g)-(i), the ego vehicle uses also shared information from  a road side unit (blue dot by the building), and in (j)-(l) it 
uses the shared information together with reasoning. (Illustration from [6].)
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TRAFFIC CONTROL USING PHYSICS-INFORMED 
MACHINE LEARNING
Our second case study examines the application of machine 
learning techniques to address uncertainty in traffic con-
trol. This is important because poor traffic control results 
in an enormous waste of energy and time for road 
users  worldwide. The sensors and actuators in this net-
worked control system  are connected and automated 
vehicles (CAVs). In particular, we consider the truck pla-
tooning technology we developed more than 10 years ago 
[10]. As trucks and truck platoons in Sweden maintain a 
speed of about 85 km/h, while cars drive at 110 or 120 
km/h, cars overtake the trucks. In fact, a truck acts as a 
moving bottleneck, as there are fewer lanes for cars to use 
when they overtake the truck (Figure 10).

Lagrangian Traffic Control
Modern traffic control, based on the use of CAVs for 
mobile sensing and actuation, is sometimes referred to as 

“Lagrangian traffic control” due to its similarities to how 
Joseph-Louis Lagrange modeled fluid motion [11]. On the 
other hand, classical traffic control [12], [13], which is 
based on sensors fixed in road infrastructure to measure 
vehicle densities and flows, with control actuation imple-
mented through digital speed signs, is denoted as “Eule-
rian traffic control” (see “Eulerian and Lagrangian Traffic 
Control”). In what follows, we outline a control architec-
ture based on the Lagrangian approach (Figure 11) intro-
duced recently (see, for example, [14], [15], [16], and [17]). 

The objective is to reduce traffic congestion by smooth-
ing the flow of vehicles. Flow and density measurements 
from a few connected probe vehicles (red) are used to learn 
a traffic model for the remaining vehicles (blue). One such 
classical model is the Lighthill–Whitham–Richards (LWR) 
partial differential equation (PDE)

( , ) ( ( , )) ( , )
t
x t

x
V x t x t

0
2

2
2

2t t t
+ =

(a)

(b)

FIGURE 9. The experimental evaluation of automated safe driving under occlusion. An automated truck is waiting at a T intersection, 
processing sensor data to determine when it is safe to drive. (a) The ego vehicle can reason about whether the occluded area is occu-
pied or not. (b) A roadside unit shares information about the occluded area with the ego vehicle. (Illustration from [6].)

Even 10–15 years ago, the leadership of some major corporations,  

such as Google and Tesla, considered autonomous driving to be a  

solved problem.

Authorized licensed use limited to: KTH Royal Institute of Technology. Downloaded on January 09,2026 at 11:37:46 UTC from IEEE Xplore.  Restrictions apply. 



OCTOBER 2025  «  IEEE CONTROL SYSTEMS  37

which describes how vehicle density ( , )x tt t=  varies over 
space x and time t [18], [19]. Here, ( )Vt t  represents how 
traffic flow depends on density. The velocity of individual 
probe vehicles can be modeled by the ordinary differential 
equations (ODEs)

( ) ( ( , ( ))), , ,x t V t x t i N1i i ft= =o

where N is the number of probe vehicles considered in a 
given scenario. The traffic system to be controlled is con-
sequently governed by a coupled system of PDEs and 

Automated Truck Driving Under Low-Friction Conditions

Automated heavy-duty vehicles present a promising so-

lution to improve the safety and efficiency of freight 

transport at scale. This emerging technology is increasingly 

relevant due to a lack of drivers, long-haul demands, and 

shorter delivery cycles. To ensure high operational reliabil-

ity regardless of the diverse environment and changing road 

conditions, these vehicles must perform consistently not only 

for logistic continuity but also to ensure safety in scenarios 

that challenge professional human drivers.

Among the most critical scenarios for automated trucks 

are those involving snow and ice (see Figure S6), as they 

pose significant challenges to vehicle stability and control.  

Low-friction surfaces alter brake performance, steering au-

thority, and lateral stability, particularly in articulated vehicle 

configurations, where trailer swing, traction loss, or jackknifing 

may occur. Under such conditions, robust and adaptive vehi-

cle dynamics models become essential, especially when the 

vehicle’s interaction with the road changes rapidly and cannot 

be precisely predicted.

Accurate and responsive modeling frameworks are thus 

fundamental for such real-time decision making under un-

certainty. Recent advances in learning-based models capa-

ble of taking physical aspects into account have shown great 

potential [S12]. Integrating such models into the motion plan-

ning and control stack enables automated trucks to navigate 

low-friction terrains more safely and effectively, supporting 

critical maneuvers, such as precise stopping on ice, as de-

scribed in Figure S7.

REFERENCE
[S12] M. Selim, S. Bhat, and K. H. Johansson, “Motion planning us-
ing physics-informed LSTMs for autonomous driving,” in Proc. IEEE 
27th Int. Conf. Intell. Transp. Syst. (ITSC), 2024, pp. 2251–2258, doi: 
10.1109/ITSC58415.2024.10920067.

FIGURE S6 An automated truck operating under low-friction 
conditions.

FIGURE S7 An automated truck executing a high-precision 
stopping maneuver on a low-friction surface (polished ice). 
The truck (a) approaches an ice patch, (b) slows down on 
the ice, and (c) stops at a designated point. The objective of 
the vehicle is to safely decelerate and stop at a cone-marked 
target location using only onboard sensors and a motion 
planning algorithm based on a physics-informed machine 
learning model.

(a)

(b)

(c)
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ODEs, which pose significant mathematical chal-
lenges [20], [21].

The traffic model learned from vehicle data is used to 
reconstruct the traffic state throughout the considered road 
segment, as well as for parts where the probe vehicles have 
not been driving. The model and the reconstructed state 
form the basis for predicting the traffic state. Similar to the 
above traffic scenario, this can involve predicting the evo-
lution of a high-density area downstream. Based on the 
prediction, the controller computes the receding horizon 
control actions for the trucks or truck platoons to mitigate 
congestion by potentially slowing down some of the 
trucks slightly.

Learning-Based Traffic State Estimation
The traffic model is learned using physics-informed neural 
networks [23], as proposed in [16] and [24]. We modify the 
original LWR model by adding the second-order term 

/ x2 2 22 2c t  to the right-hand side, obtaining a “diffusively 
corrected” LWR model. This model is learned using sam-
pled measurements { ( ), ( ), ( )}x t t V ti i it  from probe vehicles 

, , .i N1 f=  The goal is to obtain a model for the optimal 
density , , .argmin t t dt

T 2

0
$ $t t t= -_

tct t^ ^h h#  We do that by 
using feedforward neural networks to represent the 
maps ( , )t xt t=H Ht t

t t  and ( ),V VV V t=H H
t t  where Ht  and VH  

denote the parameters of the networks. To train the 

neural networks, the following optimization problem  
is considered:
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where the constraints impose the desired physical proper-
ties of the traffic model. Through Lagrangian relaxation, 
we obtain the optimization problem
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FIGURE 10. When (a) a three-vehicle truck platoon drives on (b) a highway, it acts as (c) a moving bottleneck with respect to the rest of the traffic. 
(Source: Scania; used with permission.)

The crash rate per million miles for automated vehicles remains more than 10 

times higher than that of human-driven vehicles.
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This problem can be solved numerically by primal–dual 
gradient descent iterations based on the primal problem

( ), ( ) ( , )arg minL* *

,
,V V V

V
Vm mH H H H=t t m m t

H Ht
t

and the dual problem

( ), ( ) ( , ) .arg maxL
,

,V V V
V

Vm mH H H H=) )
t t

m m
m m t

t
t

See [16] for further details on the implementation.
We simulate in SUMO [25] a 2.5-km road segment over 

7 min, where the density t  is illustrated by color (Figure 
12). The density of vehicles varies between high (red) and 
low (blue), with black curves indicating how individual 
probe vehicles drive the road segment. Note that when the 
density is lower, the probe vehicles drive faster, and when 
they experience congestion, they drive slower, as expected 

Eulerian and Lagrangian Traffic Control

Traffic control has traditionally been compared to the con-

trol of a fluid [S13]. The Swiss mathematician and physi-

cist Leonhard Euler (1707–1783) focused on specific loca-

tions in the space through which fluid flows as time passes 

when he developed his mathematical model of fluid motion 

[S14]. Inspired by this view, common traffic control based on 

sensors and actuators fixed in infrastructure is referred to 

as “Eulerian traffic control” [S15], [S16], [S17]. As illustrated 

in Figure S8, such sensors can be radar or camera sen-

sors located above a highway that measure the density and 

flow of vehicles at that specific location. Actuators can be 

digital road signs that indicate the desired speed that drivers 

should follow.

The Italian–French mathematician and physicist Joseph-

Louis Lagrange (1736–1813) considered fluid motion from the 

viewpoint that the observer follows an individual fluid parcel  

as it moves through space and time [11]. The corresponding 

traffic control paradigm is based on mobile sensors and actua-

tors, as in Figure S9. Probe vehicles act as mobile sensors by 

estimating and communicating the traffic state information they 

observe [S18]. Some CAVs are controlled (for example, it could 

be the truck in the figure), and thus, they serve as actuators in 

vehicle flow [S19]. 

Eulerian traffic control relies on a substantial fixed infra-

structure and therefore has a high deployment cost and limited 

flexibility. Emerging Lagrangian traffic control has great poten-

tial; however, a system-theoretic foundation is needed for such 

control systems [S20]. Some data-based methods for learning 

Lagrangian traffic models and predicting their traffic state are 

discussed in this article and in further detail in [S21].
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FIGURE S8 (a) Leonhard Euler has his name attached to traffic 
control with (b) fixed sensors and (c) actuators.

(a) (c)

(b)

FIGURE S9 (a) Joseph-Louis Lagrange. (b) Lagrangian traffic 
control is based on mobile sensors and actuators, such as traf-
fic state information from wirelessly connected probe vehicles 
and controlled automated vehicles, respectively.

(a) (b)
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from the traffic model. Based on samples obtained by the 
probe vehicles, the reconstructed traffic state is shown 
using the physics-informed machine learning approach. 
Despite the sparse sampling of the spatial–temporal 

domain, the estimated traffic density 
is quite close to the true one.

Vehicle Control to Dissipate 
Traffic Congestion
Vehicles moving slower than the 
average traffic act as moving bottle-
necks, slowing other vehicles [14], 
[15], [21], [26]. By actively controlling 
trucks or truck platoons, it is possi-
ble to slightly reduce or increase the 
traffic flow and therefore influence 
downstream traffic congestion 
(Figure 13). The figure illustrates a 
situation where a car accident hap-
pens at 50 km at time .t0  The acci-

dent gives rise to high density (the yellow area), 
propagating backward in space. The red curve indicates 
that a truck platoon is driving at a constant speed (the 
straight line) until it reaches the congested area (yellow) 

Control Law

Model
Learning

Control Actions Measurements

Traffic Model

CAVs

Traffic State
Reconstruction
and Prediction

FIGURE 11. The Lagrangian traffic control architecture. CAVs are used to gather traffic state 
information and to implement control actions. The controller is based on a machine learning 
model that enables the prediction of future traffic states, which are utilized by the control 
law. (Illustration adopted from [22].)
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FIGURE 12. (a) Simulated traffic over a 2.5-km road segment. The 
color indicates vehicle density; for instance, the red areas have high 
density. The black curves are the trajectories of probe vehicles. (b) 
Estimated densities based on collected data using the described 
physics-informed machine learning approach. The estimated den-
sity agrees quite well with the true density. (Numerical results of [16].)

0 5 10 15 20 25 30 35 40 45 50
00

ρ

x (km)

t (
h)

t0

t1

tend

(a)

0 5 10 15 20 25 30 35 40 45 50
00

ρ

x (km)

t (
h)

t0

t1

tend

(b)

FIGURE 13. (a) A truck platoon (the red curve) driving through a 
highly congested area indicated by the yellow region. (b) By 
controlling the velocity of the platoon, it is possible to reduce the 
traffic flow into the congested area and thereby mitigate the 
influence of the congestion on the total travel time for all 
the  vehicles driving through the considered road segment. 
(Numerical results of [14].)
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when it slows down. After the con-
gested area, it continues with a 
higher constant speed again. The 
size of the congested area corre-
sponds to the severity of the acci-
dent in the sense of how much it 
influences the travel time for gen-
eral traffic. Using the estimated and 
predicted traffic status, it is possible 
to slow down the platoon to reduce 
the congested area. This slowing 
down is illustrated in the figure. 
Note that the slope of the red curve 
is slightly larger with platoon con-
trol compared to without. The slow-
down of the platoon leads to the density behind it being 
slightly higher, and as a consequence, the (yellow) con-
gested area is reduced. It can be shown that the overall 
travel time for all cars in this scenario is significantly 
reduced due to the platoon control [14], [27].

ROLLOUT-BASED PLANNING FOR ELECTRIC TRUCK 
CHARGING COORDINATION
The third case study that we consider to mitigate uncer-
tainty in transport systems is on electric truck charging 
coordination for large heavy-duty vehicle fleets. In many 
regions of the world, there is an electric charging infra-
structure for cars. We do not yet have such an infra
structure to charge heavy vehicles, as they require 
significantly more power to charge, and the number of 
electric heavy vehicles is still relatively small. The devel-
opment of such a charging infrastructure poses some 
interesting control problems under uncertainty, which we 
describe next [28].

Consider an example with 1,000 electric trucks that 
travel daily on the Swedish road network. We are inter-
ested in the following problem: How can electric trucks 
decide where and when to charge, given that they have pre-
planned routes, there is limited charging capacity, and 
travel time and energy consumption are uncertain 
(Figure 14)? The solution to the problem should be scalable 
in the sense that each vehicle computes its own charging 
plan, and the solution should acknowledge privacy con-
straints so that trucks never have to reveal their travel plans 
to other trucks.

A distributed rollout-based solution [30] is developed 
for truck planning. It is based on waiting time forecast 
models for charging stations. Each truck interacts with 
charging stations along its route to obtain estimated 
waiting times, which are used to simulate the worst-case 
scenario if a truck charges at the next station or if it does 
not, following the core idea of rollout-based planning. 
An optimal plan for a single truck is illustrated together 
with its corresponding waiting times (Figure 15). The 
underlying data are obtained from realistic freight 

transport missions [28]. See “Rollout in Approximate DP 
and Reinforcement Learning” for an introduction to roll-
out-based planning.

Calculating the average total waiting time for all 
1,000 electric trucks per day (Figure 16) shows that the 
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FIGURE 14. The route model of each truck, where the preplanned route between the origin 
and destination is represented by the blue path. Charging stations are shown by green 
labels. Green and red blocks at each station indicate the availability of the charging ports. 
(Illustration from [29].)
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FIGURE 15. A charging plan for a single truck going from its origin 
to its destination in the southern part of Sweden. The truck charges 
five times. (Illustration from [28].)
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Rollout in Approximate DP and Reinforcement Learning

Rollout is an approximate solution method for solving opti-

mal control problems with a finite or infinite horizon. The 

main idea of rollout algorithms, which involves obtaining an im-

proved policy starting from some suboptimal policy, has been 

explored in several DP and reinforcement learning settings, 

including policy iteration and computer games, for example, 

in [S22] and [S23]. The term “rollout” was coined in [S23] in 

the context of backgammon, where the name refers to rolling 

the dice. Since then, rollout and its variants have been applied 

to combinatorial optimization [S24], [S25], [S26], stochastic 

scheduling [S27], vehicle routing [S28], Bayesian optimiza-

tion [S29], [S30], multiagent problems [S31], and the AlphaGo 

program [S32]; see the monograph [S33] for a comprehensive 

introduction to rollout and more references. Although rollout 

was initially designed for problems with discrete control space, 

classical model predictive control (MPC) with continuous con-

trol space can also be viewed as a form of rollout [S34], [S35], 

[S36]. In what follows, we focus on the finite-horizon stochastic 

optimal control problem and introduce the rollout, along with 

some of its variants. Most of the material is adapted from [S33] 

and [S37].

FINITE-HORIZON STOCHASTIC OPTIMAL CONTROL

A finite-horizon stochastic optimal control problem involves a 

state equation

	 ( , , ), , , ,x f x u w k N0 1 1k k k k k1 f= = -+ � (S1)

where ,xk  ,uk  and wk  are the state, control, and disturbance, 

respectively, at stage k. The state xk  takes values in the state 

space ,Xk  and the control is taken from the control constraint 

set ( )U xk k  that may depend on the state. The probability distri-

bution of wk  depends on ( , ) .x uk k  A policy r  is a sequence of 

functions { , , , },N0 1 1fn n n -  with ( ) ( ) .x U xk k k k!n  We associ-

ate each policy r  with a cost function ,Jr  defined pointwise 

for each x0  as

( ) ( ) ( , ( ), )J x E g x g x x w
, ,k N
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) 3/

subject to constraints imposed by the state equation (S1), 

where {·}E  denotes expectation, ( , , )g x u wk k k k  is the cost at 

stage k, and ( )g xN N  is the terminal cost at stage N. Our goal is 

to compute the optimal cost function

( ) ( ),  .minJ x J x xfor all0 0 0=)

r
r

Although the optimal cost J)  can be computed via DP in prin-

ciple, it is not tractable for large state spaces. Rollout comes in 

handy for providing an approximate solution with a reasonable 

computational load.

EXACT ROLLOUT AND PERFORMANCE GUARANTEE

Given a policy { , , }N0 1fr n n= -  computed offline, which is 

called the base policy, rollout computes a policy through online 

optimization. The policy obtained is known as the rollout policy 

and is denoted as { , , } .N0 1fr n n= -u u u  In particular, upon reach-

ing state ,xk  the control ( )xk knu  is computed via

	 ( ) ( , , ) ( )arg minx E g x u w J x
( )

,k k
u U x w

k k k k k k1 1
k k k k

!n +
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r+ +u " ,� (S2)

subject to (S1), and for , , ,k N1 1f= -

( ) ( ) ( , ( ), )J x E g x g x x w,

, ,

k k

k N

N N
k

N

1

1

w
n= +

, f

,

,

, , , ,r

= - =

-

,
) 3/

and ( ) ( ) .J x g x,N N N N=r  The values ( )J x,k k1 1r+ +  in (S2) can only 

in rare cases be derived in closed form. Instead, they are com-

puted online via simulation. An illustration of such a rollout to 

compute ( )J x,k k1 1r+ +  via simulation applied to backgammon is 

presented in Figure S10.

In the literature, the minimization (S2), which involves only 

the control of the present stage, is called one-step look ahead. 

In , -step look ahead, the control of rollout policy ( )xk knu  is com-

puted by minimizing over the control of the current stage as 

well as over the functions , , ,k k1 1fn n ,+ + -l l  with future costs 

represented by the function .J ,k , r+  In other words, the on-

line computation of rollout with , -step look ahead solves an  

, -stage optimal control problem. However, once the optimum 

is achieved at , , , ,uk k k1 fn n ,+ +t t t  only the first control ukt  is used 

to define the rollout policy at the stage k, ( ) ,x uk k kn =u t  while the 

functions , ,k k1 fn n ,+ +t t  are discarded.

FIGURE S10 The rollout for backgammon. At a given position 
and roll of the dice, the set of all possible moves is generated, 
and the outcome of the game for each move is evaluated by 
“rolling out” (simulating to the end) many games using a sub-
optimal or heuristic backgammon player and by Monte Carlo 
averaging the scores. The move that results in the best aver-
age score is selected for play. (Source: Athena Scientific [S37]; 
used with permission.)
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Regardless of the number of look-ahead steps, it can be 

shown that the rollout policy is guaranteed to outperform the 

base policy in the sense that

	 ( ) ( ),  , , , , .J x J x x X k N0 1for all, ,k k k k k k f# ! =r ru � (S3)

In particular, ( ) ( ) ( ) ( ) .J x J x J x J x, ,0 0 0 0 0 0#= =r r r ru u

VARIANTS OF ROLLOUT

One challenge of rollout is to compute the values ( )J x,k kr  on-

line. A popular variant that aims to address this difficulty is 

truncated rollout, where the simulation used to estimate the 

values runs for m stages. Some offline computed functions 

Jk m 1+ +
u  are then used to capture the cost beyond these stages. 

In particular, for rollout with one-step look-ahead minimization 

(S2), the values ( )J x,k k1 1r+ +  are replaced by

( ) ( , ( ), ) .E x g x x wJ
, ,k k m

k m k m
k

k m

1

1 1
1

w
n+

, f

,

,

, , , ,

= + +

+ + + +

= +

+

,

u) 3/

See Figure S11.

Alternatively, we may fix the disturbances , ,w wk N1 1f+ -  at 

some typical values , ,w wk N1 1f+ -r r  and replace ( )J x,k k1 1r+ +  by

( ) ( , ( ), ) .g x g x x wN N
k

N 1

n+ ,

,

, , , ,

=

-

r/

In this case, only one sample trajectory is needed for each 

.xk 1+  This is called certainty equivalence, and it was intro-

duced for rollout in [S27]. For both of these rollout variants, the 

theoretical guarantee for exact rollout in (S3) no longer holds. 

However, extensive computational studies have shown that 

rollout policies obtained via these variants often outperform 

base policies by large margins. This is due to the connection to 

Newton’s method, which holds even when approximations are 

involved; see [30].

Another computational challenge of rollout is the minimi-

zation in (S2). For problems where the minimum cannot be 

attained exactly, one may replace the control constraint set 

( )U xk k  with some suitably constructed subset ( ) ( )U x U xk k k k1r  

such that ( ) ( )x U xk k k k!n r  and compute the corresponding min-

imum instead. This is called simplified rollout. It is related to 

the notion in MPC that obtaining a feasible solution is sufficient 

[S38]. A special form of this variant is multiagent rollout tailored 

for multiagent systems. For this variant, the performance guar-

antee given in (S3) remains intact.

If there are sufficient computational resources, the rollout pol-

icy defined by the minimization (S2) can also be enhanced. One 

such variant is parallel rollout (also known as rollout with multiple 

heuristics), introduced in [S24]. This scheme assumes that there 

are multiple base policies , , , m1 2 fr r r  and that we replace the 

function J ,k 1 r+  with ,Jk 1+
t  which is defined pointwise as

( ) { ( ), , ( )} .minx J x J xJ , ,k k k k k k1 1 1 1 1 1m1 f= r r+ + + + + +
t

It can be shown that for , , , ,m1 2, f=

( ) ( ),  , , , , .J x J x x X k N0 1for all, ,k k k k k k f# ! =r r,u

This variant has been applied for partial state information prob-

lems [S39] as well as problems with continuous state and con-

trol spaces [S40], [S41], [S42].
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by a simulation of the base policy for m steps. An approximate 
remaining cost ( )xJk m k m1 1+ + + +

u  is then added to the cost of the 
simulation, which depends on the state xk m 1+ +  obtained at the 
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proposed rollout-based solution gives approximately 50% 
shorter waiting times compared to an offline strategy. 
See “Multifleet Platoon Coordination for Large-Scale 
Freight Transportation Systems” for another truck plan-
ning problem.

CONCLUSIONS
Let us conclude this lecture with some perspectives. The 
future is not just more data and more machine learning 
computations. The future of advancing intelligent trans-
portation consists of a systematic and effective mitigation 
of uncertainty. The control community has, for decades, 
been developing tools to mitigate uncertainty. In the era of 
big data and artificial intelligence, there is a real need not 
only for these tools but also for the development of new 
and advanced architectures, models, and algorithms for 

accommodating uncertainty. In this lecture, we illustrated, 
through three case studies, how uncertainty can be repre-
sented and compensated for using safety-first reachable set 
computations, a mix of physics- and data-driven models, 
and stochastic forecasting with distributed rollout-based 
solutions, which can be viewed as a first step toward 
this future.

Finally, I would like to congratulate all students in the 
audience; you have chosen the right scientific discipline. 
This scientific discipline of control systems is where sig-
nificant developments are currently taking place and  
will continue to do so in the future. The control commu
nity not only possesses the expertise in creating and 
deploying the mathematical and computational tools but 
also the right spirit to address the great challenges of 
our generation.
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FIGURE 16. The average total waiting time for all 1,000 electric 
trucks per day over about a month. The rollout-based solution is 
significantly better at utilizing existing and uncertain resources. 
(Illustration from [29].)
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Multifleet Platoon Coordination for Large-Scale Freight Transportation Systems

Hub-based platooning enables trucks to form platoons 

at designated points of interest, supporting on-time de-

liveries, reducing fuel consumption, lowering operational 

costs, and improving driving safety [10]; see Figure S12.  

Coordinating platoons across multiple fleets is crucial to ful-

ly unlock platooning benefits, but it poses significant chal-

lenges, including competitive fleet interests, data  privacy 

concerns, high computational complexity, and the need for 

real-time decision making under uncertainties [S43].

Effective platoon coordination over large transportation net-

works requires optimization from various perspectives, including 

efficient route planning [S44], fair market incentives [S45], and 

departure time scheduling [S46]. These strategies maximize the 

number of platooning opportunities, enhancing the resulting ben-

efits for fleet owners as well as society at large (Figure S13).

FIGURE S12 Hub-based platoon coordination. Trucks from dif-
ferent fleets with overlapping routes can be coordinated to form 
platoons at hubs.
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FIGURE S13 Large-scale platoon coordination on the southern 
Swedish road network. (a) The hubs along the route of a single 
truck are shown by red nodes, while other hubs are shown by 
blue nodes. An automated system suggests to truck drivers at 
which hubs it is most beneficial to form platoons with other 
trucks. (b) Trucks traveling in a three-vehicle platoon during an 
experimental evaluation of the system.
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