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―Personal + industrial context

―Applications and system architecture

―Why MPC for heavy vehicles

―Vehicle models and model-choice trade-offs

―LTV-MPC for nominal driving (and stability considerations)

―Reversing with trailer

―AllDrive project: Low-friction driving and winter testing

―MPCC for combined lat-long control

―Contingency MPC for slope handling

―Autonomous driving on the limits of handling
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AGENDA
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ABOUT ME – PEDRO LIMA
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―2012: MSc in Electrical Engineering,
Systems, Control and Robotics

―KTH Royal Institute of Technology, Sweden

―IST, University of Lisboa, Portugal (MEEC)

―2018: PhD in Electrical Engineering 

―Automatic Control (2013-2018)

―KTH Royal Institute of Technology, Sweden

“Optimization-Based Motion Planning and 
Model Predictive Control for Autonomous Driving”

―Since 2017: Motion planning and control teams at Scania CV AB 
(now TRATON AB) Autonomous Transport Solutions 

―Since 2022: Project manager of AllDrive – 
All-weather autonomous driving research project 
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4
Commercial vehicle brands 

Countries1

Production sites 

13

26
1 Number of countries where the TRATON GROUP has production sites. In addition, our brands Scania, MAN, International, and Volkswagen Truck & Bus also have regional product centers, assembly sites, 
sales offices, and research & development facilities in many countries around the world.

TRATON AT A GLANCE:
OUR GLOBAL FOOTPRINT 

25/05/2026



MPC for automomous heavy-vehicles 6

SAE LEVELS OF AUTOMATION
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iQMatic project: develops fully autonomous heavy-duty 
vehicles for mining applications;

Autonomous vehicles in closed, special environments (e.g. 
mining areas)

―easier to implement compared to urban environments;

―eliminates repetitive jobs.

Rigid vehicle, conservative driving:

―a kinematic model is usually sufficient;

―a good trade-off between simplicity and accuracy.

Need for a motion controller that

―minimizes “wear and tear” of the vehicle;

―maximizes accuracy when driving on tight roads.

AUTONOMOUS MINING TRUCKS
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Autonomous vehicles in highway environments
e.g. hub-to-hub transport:

―strong business case for long, repetitive missions; 

―driverless operation, with the planner as the main authority. 

Tractor-trailer vehicle at high speed:

―articulation and trailer tracking must be modeled; 

―driving around 80-90 km/h requires accurate, stable control. 

Need for a motion controller that

―tracks planner commands with high accuracy; 

―handles tractor and trailer constraints; 

―remains robust to surrounding traffic and complex scenarios.

AllDrive: R&D project focusing on all-weather autonomous truck-
trailer vehicle combinations.

AUTONOMOUS LONG-HAUL TRUCKS 
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Partially autonomous vehicles on public roads
e.g. highway pilot / L2+:

―closer to market than full L4 autonomy; 

―driver in the loop, supervising and able to override; 

―collect data for future AI-based autonomous driving. 

Shared control with the driver:

―controller must assist, not fight the driver; 

―comfort and natural behavior are key for acceptance; 

―mass-production ECUs bring computational constraints. 

Need for a motion controller that

―combines lateral and longitudinal assistance; 

―respects safety, comfort and vehicle constraints; 

―remains predictable in mixed traffic scenarios.

ADAS NEXT GEN (HIGHWAY PILOT ASSIST)
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SYSTEM OVERVIEW (SIMPLIFIED VERSION)

HD Map Mission planning

Dynamic and 
static objects

Localization

Perception

Scene 
interpretation

Object prediction 

Situation awareness

Motion planning Motion control

Post-perceptionEgo position
Tracked objects Scene map

Trajectory

Road 
infrastructure

Mission

Acceleration
Steering

25/05/2026



MODEL PREDICTIVE CONTROLLER (MPC)

―MPC predicts vehicle behavior over a horizon using a vehicle 
model; 

―Minimizes a chosen cost function by computing an optimal 
sequence of inputs; 

―Systematically handles nonlinear, time-varying models and 
constraints; 

―Particularly relevant for HDVs, where mass, load, axle 
configuration, trailers, and road friction strongly affect 
motion; 

―Enables explicit constraints on steering, braking, 
acceleration, articulation, road boundaries, and comfort; 

―NMPC captures nonlinear vehicle dynamics more directly than 
linearized or purely kinematic approximations; 

―If implemented properly, NMPC can still be feasible in real 
time
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TRACTOR-TRAILER VEHICLE MODEL
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VEHICLE MODEL TRADE-OFFS
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Kinematic model

Pros
• Simple and fast
• Easy to tune
• Strong fit for low-speed control
• Efficient for real-time MPC

Cons
• No tyre forces or slip angles
• Loses accuracy at high speed
• Misses understeer and handling effects
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VEHICLE MODEL TRADE-OFFS
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Dynamic model

Pros
• Captures mass, inertia and tyre forces
• Better at capturing high speed and low grip
• Strong when handling behaviour matters

Cons
• More parameters and computation
• Can be numerically fragile at low speed
• Discretization choices matter more
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―The cost function is related to driving smoothness.

―Driving smoothness is related to the steering wheel rate;

―Driving smoothly decreases the “wear and tear” of the vehicle.

―Trade-off between accurate path tracking and smooth driving;

―Road-aligned vehicle model linearized around the reference path 
leading to linear time-varying (LTV) model.

LTV-MPC FOR AUTONOMOUS MINING
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max

subject to

Tracking accuracy + Driving smoothness

Vehicle dynamics

Input constraints

State constraints
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What can go wrong with MPC?

―Feasibility: no control sequence exists that satisfies the constraints;

―Stability: state does not converge to the reference.

―Reason: a poorly tuned and/or designed MPC controller is too short-sighted.

Solution?

―increase the prediction horizon;

―add a terminal cost;

―add a terminal state constraint set.
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LTV-MPC STABILITY
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For LTI-MPC, stability and feasibility can be proved if:

―The terminal cost is a quadratic term depending on the solution 
of the algebraic Riccati equation;

―The terminal state set is the maximal positive invariant set for 
the closed-loop system, when using a control law associated 
with the LQR.

For LTV-MPC, we proposed:

―Representing the LTV model using a multi-plant model consisting 
of a set of LTI models;

―The terminal cost is then a quadratic term depending on the 
solution of the algebraic Riccati equation of the worst time-
invariant model if used as prediction model;

―The terminal state set is the maximal positive invariant set that 
is invariant for all LTI systems.

LTV-MPC STABILITY
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Hard problem:

―Complex tractor-trailer configurations;

―Unstable reversing dynamics;

―Jackknife risk;

―Tight parking and loading areas.

Proposed solution:

―Lattice-based motion planner

―MPC controller based on:

―Kinematic vehicle model;

―Road-aligned coordinate frame;

―Linearized around the reference path.

―Trailer(s) states estimation:

―Kalman filter based on LIDAR measurements.

REVERSING WITH A TRAILER

MPC for automomous heavy-vehicles 18

Ljungqvist, Oskar, et al. "Path following control for a reversing general 2-trailer system." 2016 IEEE 55th Conference on Decision and Control (CDC). IEEE, 2016.
Ljungqvist, Oskar, et al. "Lattice-based motion planning for a general 2-trailer system." 2017 IEEE Intelligent Vehicles Symposium (IV). IEEE, 2017.
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ALLDRIVE PROJECT 
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Research and develop solutions for autonomous driving with 
trucks and trailers on low-friction roads.

― Vinnova/FFI sponsored project.

― Partners: Klimator AB, KTH and LTU.

Södertälje

Colmis
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Model Predictive Contouring Control (MPCC)
Popularized in “Optimization-based autonomous racing of 1:43-scale RC 
cars” (Liniger, Domahidi, and Morari, 2015).

Main idea:

―NMPC formulation where path progress is also optimized rather than 
fixed in time;

―Balances path-tracking accuracy and forward progress;

―Minimizes contouring error and lag error;

―Useful when strict trajectory tracking becomes too restrictive.

Main benefit:

― The controller decides how fast to move along the path, not only how 
to track it.

FRICTION-AWARE AUTONOMOUS DRIVING
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― Conducted on Ice Handling Track 2 at the Colmis proving grounds;

― Flat handling track with varying curvature: 1.8 km long, 10 m wide;

― Surface: scraped ice.
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FRICTION-AWARE AUTONOMOUS DRIVING
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FRICTION-AWARE AUTONOMOUS DRIVING
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FRICTION-AWARE AUTONOMOUS DRIVING
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Considerations

―Uphill/downhill sections require long-range decision making;

―Perception and friction estimation are spatially limited;

―Planning is computationally limited;

―Goal: ensure that we can stop within our planning horizon under low-
friction conditions.

Solution

―Use long-horizon contingency MPC to:

―Constrain predicted nominal and contingency states within the friction 
diamond/circle;

―With the nominal horizon, optimize for longitudinal velocity tracking;

―With the contingency horizon, ensure we can reach a safe terminal 
state, vx=0.

FRICTION AND SLOPE-AWARE AUTONOMOUS DRIVING
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― Conducted on the circle-track access road;

― Near-straight hilly road: 1.0 km long, max 10 % slope;

― Surface: packed snow.
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FRICTION AND SLOPE-AWARE AUTONOMOUS DRIVING
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FRICTION AND SLOPE-AWARE AUTONOMOUS DRIVING
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― Conducted on the dynamic area;

― Surface: packed snow.

Main idea with MPCC:

1. Modify the velocity term in the cost function to 
maximize speed along the trajectory.

2. Challenge the controller by gradually increasing the 
friction-utilization limits.
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AUTONOMOUS DRIVING ON THE LIMITS
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AUTONOMOUS DRIVING ON THE LIMITS
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AUTONOMOUS DRIVING ON THE LIMITS
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―AI-based architectures: learned nominal driving, supervised by verifiable safety layers (guardrails); 

―Multiple HDV configurations: axles, trailers, and payloads; 

―Predictable degradation: safe fallback/handover when assumptions break; 

―From L2+ to L4: reusable safety evidence and data from ADAS/L2+ towards driverless HDV operation.
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FUTURE OUTLOOK – SAFE AUTONOMY AT SCALE
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THANK YOU!
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pedro.lima@scania.com
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