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ABSTRACT

This work develops and implements an NMPC control system to facilitate fuel-optimal platooning of
Class 8 vehicles over challenging terrain. Prior research has shown that Cooperative Adaptive Cruise
Control (CACC), which allows multiple Class 8 vehicles to follow in close succession, can save between
3 and 8% in overall fuel consumption on flat terrain. However, on more challenging terrain, e.g. rolling
hills, platooning vehicles can experience diminished fuel savings, and, in some cases, an increase in fuel
consumption relative to individual vehicle operation. This research explores the use of Nonlinear Model
Predictive Control (NMPC) with predefined route grade profiles to allow platooning vehicles to generate
an optimal velocity trajectory with respect to fuel consumption. In order to successfully implement the
NMPC system, a model relating vehicle velocity to fuel consumption was generated and validated using
experimental data. Additionally, the predefined route grade profiles were created by using the vehicle’s
GPS velocity over the desired terrain. The real-time NMPC system was then implemented on a two-truck
platoon operating over challenging terrain, with a reference vehicle running individually. The results
from NMPC platooning are compared against fuel results from a classical proportional-integral-derivative
(PID) headway control method. This comparison yields the comparative fuel savings and energy efficiency



benefit of NMPC system. In the final analysis, significant fuel savings of greater than 14 and 20% were
seen for the lead and following vehicles relative to their respective traditional cruise control and platooning
architectures.

1 Introduction and Motivation

Fuel is one of the most expensive operating costs for Class 8 trucks, second only to driver wages [l]. Platooning
technology has been shown to save significant amounts of fuel for a team of Class 8 vehicles traversing level ground.
Fuel savings while platooning are a strong function of the gap between vehicles, which is here defined by the time
gap from the rearmost part of a lead vehicle to the nose of a follower. Under steady-state conditions and for vehicle
gaps of less than 0.8 seconds, both leader and follower vehicles have been shown to save fuel, with the platoon team
saving at least 7% fuel [2,B,H]. As the vehicle gap decreases and the number of vehicles in the platoon increases,
the fuel savings will trend even higher [B,6,[1].

Platooning saves fuel by reducing aerodynamic drag, which at constant speeds‘on level ground often represents
over half of the energy used by Class 8 vehicles [§]. As shown in the energy balance from fuel energy to the wheels
for a Class 8 vehicle depicted in Figure [ll, fuel energy can also be allocated to kinetic and potential energy. There
are no changes in kinetic and potential energy for a semi-truck that is at a constant speed on level ground, but
once speed or grade variations are introduced, kinetic and potential energy are stored and released according
to the speed and elevation profiles a vehicle experiences. The kinetic and potential energy can be regarded as
both a source and sink of mechanical energy which can bedissipated by the road loads or shed directly by active
deceleration. Thus active deceleration, either by braking or retarding, is regarded as particularly wasteful, as it is
an intentional loss of energy. It is clear that optimizing platooning in any conditions beyond constant speeds and
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Fig. 1: Energy Balance for a Fully Loaded Class 8 vehicle at Constant Speed on Level Roads, Road Load Breakdown
from [§]

level ground relies on optimizing the flow of kinetic and potential energy, and controlling how platooning dynamics
will influence those loads. This starts with an understanding of the optimal speed profile for each single vehicle,
which can then be applied in the context of cooperative platooning.

There is a wide body of research that aims to optimize the speed profile of a single vehicle over terrain.
Studies in Economical Cruise Control (ECC) have found that constant speed is the optimal strategy for fuel
consumption [§], provided the gradients meets one of the following conditions: (i) the gradient ascends slowly
enough that it does not exceed vehicle power limitations, or (ii) the gradient descends slowly enough as to not
require braking. A given hill is said to be steep if it violates one of these road geometry constraints. Due to
the limited power of heavy-duty vehicles, it is often impossible to maintain constant velocity on ascending grade.
Additionally, higher mass vehicles accelerate more rapidly on downhill segments [[10]. To overcome these issues,
prior research has used a grade preview for look-ahead or Model Predictive Control (MPC) to reduce the impact
of steep hills on consumption. Under a top speed limit constraint, the resulting optimal solution preemptively
slows down a truck before a steep downhill, and conversely increases speed before a steep uphill [L1]. Simulations
of a real-time optimal cruise strategy using authentic road geometry claimed up to a 2.5% benefit in 2006 [12].
Further work utilizing MPC with a grade preview found up to a 3% benefit in simulation over rolling hills, but
was unable to replicate the results experimentally over mountainous road geometries with steep, long slopes [13].
It can be safely stated that deviations from optimal behavior stem from poor powertrain brake efficiency (as in
the case of a downshift) or from active deceleration.



The extension of fuel optimization over grade from single vehicles to platoons has universally used MPC
control. The authors in [j] provide an overview of previous efforts to optimize a platoon’s fuel economy over grade,
which is summarized in Table [I| with some additions.

Table 1: Summary of Prior Research in Fuel-Efficient Platooning over Grade Reproduced from [p] with Additions

Author Year Contribution Citation

Alam 2013 Determine fuel-efficient behavior for heavy-duty platoons  [[14]
over grade

Alam 2014 Development of fuel-efficient platoon controllers including  [IL(]

theoretical safety limits and experimental results
Turri 2014 Development of a two-layer fuel-efficient platoon strategy  [[L5]

Alam 2015 Introduce the idea of a transport layer in the context of  [1L6]
platooning

Turri 2017 Present simulation results from ‘a two-layer controller,  [17]
simulation results show up to 12% savings versus stan-
dard platoon controllers

Torabi 2017 Apply Speed Profile Optimization (SPO) to truck pla-  [L§]
tooning

Zhai 2018 Compares simulation results for a novel look-ahead control  [[19]
strategy to constant-spacing and -headway strategies for
a passenger vehicle platoon, claiming reductions in fuel
consumption ranging from 15 to 27%

Ibitayo 2019 Use simultaneous shifting and MPC to improve tracking  [2(]
and fuel efficiency of platoons in simulation

Black 2020 Use Long-Horizon Predictive Cruise Control and simulta-  [21]
neous shifting to improve tracking and fuel efficiency while
platooning

The solution for fuel-efficient platooning over grade shares many characteristics with the single vehicle solution,
with additional nuances. Due to the reduction in aerodynamic drag experienced by following vehicles, a 2014
doctoral dissertation found that a steep downhill requires additional braking for an identical following vehicle
[10]. This issue is exacerbated when the platooning vehicles are of disparate mass, making the optimal platoon
behavior complex. In the same work, several platooning controllers were proposed and simulated, including a
cooperative controller - as platooning vehicles present the opportunity for cooperative control, sometimes referred
to as centralized control. In such strategies, a lead vehicle chooses a speed profile that benefits the platoon as a
whole, but may not necessarily benefit the lead vehicle. Simulation results showed that centralized control comes
very close to realizing the hypothetical optimal fuel consumption reduction of a platoon, which would occur if both
the fuel consumption reduction of optimal single-vehicle velocity profile and maximum possible air drag reduction
of constant-spacing platooning were achieved. Theoretically this hypothetical optimal fuel consumption is possible
if a lead vehicle were to adopt a reverse platooning strategy, i.e. strictly maintain the spacing of the vehicle behind
t [22]. In [L0], following the simulation results, a constant-headway controller [set at t = 1s] was implemented and
experimentally tested on a heterogeneous platoon. Over small gradients (i.e. not steep) the platooning vehicles
achieved fuel savings from 3.9 to 6.5%. However, there were no observed fuel savings over steep terrain due to
unwanted braking, re-emphasizing that active deceleration is a deviation from optimality.

A 2017 simulation study showed that fuel savings of up to 12% could be achieved when a two-layer MPC
architecture was used instead of standard fixed-headway platoon controllers [[17]. Interestingly, the energy balances
in the study show that all road loads are essentially equal between the standard and improved controllers except
for braking, further confirming that active deceleration is an important obstacle to fuel-optimal platooning.



In a 2019 thesis, simultaneous shifting was simulated on a production-intent two-truck platoon controller [@]
Tracking was greatly improved, but there was no change in fuel economy. The thesis also investigated a Route-
Optimized Gap Growth (ROGG) controller, which used MPC on a follower to preemptively open a gap, lowering
the amount of engine saturation. The ROGG strategy demonstrated significant fuel savings over heavy grade
relative to the non-predictive controller.

A 2020 thesis that built upon the work in [@ investigated the value of implementing an MPC controller on
the lead vehicle instead of the following vehicle E] The designed Long-Horizon Predictive Cruise Controller
(LHPCC) was compared to a cruise controller with and without droop. Droop is a cruise control parameter that
acts as a threshold allowance for speed error over grade. For instance, a downhill (or lower) droop of 3 mph would
allow a vehicle to increase its speed by 3 mph on a downhill section before applying the retarder. For a single
lead vehicle over heavy grade, LHPCC saved 1.8% fuel over a cruise controller-with maximum droop, which itself
saved 6% over the cruise controller with no droop. For a two-truck platoon with the leader using a no-droop
cruise controller, the following vehicle required enough active deceleration that fuel consumption was increased
relative to single-truck driving, in spite of aerodynamic savings. With observed savings of less than one percent for
simultaneous shifting, the thesis also reaffirmed that simultaneousshifting has limited to no impact on fuel savings.
From the prior research outlined above [10,[17, 20, 21], it is clear that over steep gradients active deceleration has
the potential to negate platooning aerodynamic benefits.

This study follows the development and experimental-testing of two different platoon controllers: (i) a string-
stable PID controller and (ii) an NMPC controller. ~The desire to develop a string-stable PID controller was
motivated by velocity traces from a 2019 four-truck platoon test over the highway test track at the American
Center for Mobility, which has a rolling grade of 3%. Each subsequent truck in the platoon formation during
those tests experienced higher acceleration demand than the preceding truck due to the grade disturbances. Figure

exemplifies the grade-induced velocity amplification experienced by platooning test vehicles.
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Fig. 2: Velocity Traces from a Four-Truck Platoon over Grade 3% Demonstrating String Instability

This phenomenon is known as string instability. As a result of string instability, significant braking was
reqﬁred and fuel consumption correspondingly increased, as is shown by the increasing aggressiveness in Figure
[

l.
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Fig. 3: Increasing Aggressiveness and Power Consumption of the Platoon in Figure E Due to String Instability,
Reproduced with Permission from [23]

While the NMPC controller developed in this paper is similar to those done in previous works, there are a
few key distinctions. The first key distinction” is that the sharing of information from the preceding vehicle to
the following vehicle is not necessary. In this work, the following vehicle does use the lead vehicle’s acceleration
value to obtain knowledge of the preceding vehicle velocity profile. However, if this information is not available
the following vehicle can still operate under a lead vehicle constant-velocity assumption. Additionally this work
does not take advantage of a platoon coordinator. The platoon coordinator is typically a low update rate process
that assigns the optimal velocity trajectory to every vehicle in the platoon. The NMPC controller in this work
instead uses a distributed approach with each vehicle planning their own independent velocity profile which also
accounts for safety constraints.

While the PID controller is not expected to save as much fuel as the NMPC controller, it is more practical:
the ease of implementation and computational speed are much higher, and the PID controller does not require a
grade database. The remainder of this work is organized as follows: in Section 2, the CACC system hardware,
software, and models are overviewed. In Sections 3 and 4, the string-stable PID and look-ahead NMPC control
strategies for lead and following vehicles are developed. In Section 5, simulation and experimental results for the
newly-developed control architectures are presented. Finally, Section 6 presents the conclusions and suggestions
for future research.

2 Overview of the Auburn CACC System
2.1 Vehicle Models

Most traditional platooning control methods mainly rely on the transfer function from torque to velocity.
This means that only the basic longitudinal equation of motion of the vehicle is needed in order to perform
the necessary PID control synthesis. Because this work is focused not only on the relationship between engine
torque and velocity, but also velocity and volumetric fuel flow rate, an additional relationship is needed. This
section will introduce the longitudinal equation of motion and a three-link method of relating velocity to fuel rate.
Additionally, a brief overview of the hardware and software of the system will be provided to allow for a better
understanding of the physical implementation of the controllers developed in this work.

2.1.1 Longitudinal Vehicle Model

The most fundamental model for vehicle control is the differential equation that relates a vehicle’s engine
torque to vehicle acceleration. Figure § shows a basic powertrain model relating engine rotational speed Weng to
wheel speed Wyheel. In this figure, the subscripts eng, trans, ds, and diff stand for engine, transmission, driveshaft,
and differential respectively. This model assumes no transmission slip, no backlash, and no shaft compliance.
These assumptions greatly simplify the driveline model without a substantial loss in model fidelity.
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Fig. 4: Class 8 Vehicle Powertrain Model

Applying Newton’s Second Law to the entire powertrain_and applying the resulting force to the vehicle Free-
Body Diagram (FBD) shown in Figure f results in Equation [ll, where hgit, hirans and ress are the differential gear
ratio, transmission gear ratio and effective wheel radius respectively.

teng hdif f htrans

Meffx"'BeffX"'Fdrag: fort
e

Frr I:grade (1)

Additionally, Fyr is theforce due to rolling resistance, Fgrage is the force due to grade, and Fyrag is the force
caused by air drag. The effective mass and effective damping, Mess and Befs respectively, are both functions of
the current vehicle gear and can be written as

)
Jaitr . Jenghgif £ Nirans
Mett = (Mtractor + Mtraiter) + 5 2
Mt Mt

. 2 2 2
Baitf +Birans Ngiss +Beng NFiss Dirans

(3)

Befr =
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with Jeng and Jgiff being the engine and differential inertia respectively. Additionally Beng, Bdiff, and Btrans
are the damping values for the engine, differential, and transmission.

The relationships in Equations [l B, and B are crucial for the development of the NMPC controller because
they constitute the dynamic equation that is simulated forward in time. Now that the longitudinal dynamics of the
vehicle have been derived, the following sections will now cover specific relationships within the vehicle powertrain
that provide the relationship between wheel speed and fuel consumption. This relationship will be covered in the
three-link description motivated by work done by [] and also used by [@]

2.1.2  Wheel Speed to Engine Speed
The first of the three links between wheel speed and fuel rate is the relationship from wheel speed to engine
speed. Using the diagram in Figure {], one can derive

haitt  h
Weng = %% Wivheel (4)



Fig. 5: Class 8 Vehicle Free-Body Diagram

where Wyheel is the vehicle wheel speed in % and Weng is in RPM. This equation again implicitly assumes no shaft

compliance, backlash, or transmission slip. This model is verified in Figure f.
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Fig. 6: Validation of Wheel Speed to Engine Speed

2.1.3 Engine Speed to Engine torque

The second link is the relationship between engine speed and engine torque. All vehicles have a torque curve
which relates the current engine speed to the peak engine torque available at the current engine speed. The engine
used in this work is a Detroit Diesel Series 60. The torque curve for this truck is readily available online and
can be used to create a third-order polynomial to fit the curve. The third-order polynomial follows the form of
Equation

_ 3 2
Leng = C1Weng + C2Wegng + C3Weng + C4 (5)

where teng is the peak engine torque available at a given engine speed. Using least squares regression, the
coeflicients Cj-C4 are solved for and the resulting polynomial is overlaid in Figure ﬁg
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The equation to relate the peak engine torque, tpeak to the actual engine torque teng is

teng = tpeak Uthrottle (6)

where Utprottle is the normalized throttle position between 0-1. This provides a good approximation of the
engine torque, as shown in Figure §, and is further validated in the next section.

2.1.4 Engine Torque to Fuel Rate

The final link to obtain fuel economy from wheel speed is the conversion of engine torque to fuel rate. To
accomplish this, volumetric brake-specific fuel consumption (BSFC) is utilized. BSFC provides a functional rela-
tionship from engine power and engine speed to fuel rate. Because of friction, pumping losses, and heat transfer,
this relationship is nonlinear. In order to generate the full BSFC map for a given engine, typically the vehicle
must go to a dynamometer or the OEM must provide it. Because this work was not supported by an OEM and
access to a dynamometer was not possible, an alternative method was used.

The trucks used herein were interfaced such that the Auburn team was able to collect all of the vehicle CAN
data, including fuel rate. The research vehicles were then operated over the same terrain profile on which the final
test event would be conducted, ensuring that the relationship developed would encompass the requisite operating
points. A three-dimensional plot was then generated of fuel rate versus engine power and engine speed. From
this plot, a linear and nonlinear fuel model were fitted using least squares regression with the resulting coefficients
being listed in Table P. Equations H—E represent the linear and nonlinear models respectively, where Peng is the
current engine power and Weng is the current engine speed.

Vigel = Peng bo (7)

Vigel = Pezng Weng bo + Peng  Weng b, + Peng b, (8)
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Table 2: Least-Squares BSFC Coefficients

Coefficients Coefficient Value
Linear: by .2819

Nonlinear: by | -7.699¢-06
Nonlinear: b; | 2.1131e-07
Nonlinear: by | 0.2101

Due to numerical issues in the optimization which caused software crashes, combined with and testing/time
constraints, the linear model had to be used for the remainder of this work. The linear and nonlinear fuel rate
models were evaluated in order to assess what level of accuracy is lost by using a linear BSFC assumption and
to determine any disparity in optimization performance. Figure
CAN-recorded total fuel consumed. The nonlinear model clearly outperforms the linear model in this case. The
main areas of improvement of the nonlinear model versus the linear model are at the boundaries of the engine
operating conditions. At higher engine speeds when the nonlinear trends become more pronounced, the linear
model will underestimate the fuel rate. Additionally, when the engine power demand is low, the linear model will

overestimate the fuel rate.

displays the residuals of each model versus the
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Fig. 9: Linear and Nonlinear Fuel Model Errors

While the linear model does have more error in predicting the magnitude of the fuel rate, it captures the
general trends accurately. While it is possible that the nonlinear fuel model would generate a different optimal
control output, it is not expected that there would be any real change in the overall performance of the system.
Future work using a nonlinear fuel rate model is required to confirm this.

2.2 Hardware Setup

Two Freightliner M915A5s with unloaded box trailers served as the test vehicles in the present work. A
Peterbilt 579 pulling a fully loaded trailer was used as the control vehicle. Fifth wheels were set to the rearmost
position. A general overview of the trucks used during testing is provided in Table B.

Table 3: Specifications for the Trucks Used in the Present Work

Truck Model Mass [kg] Power [kW] Transmission
Leader 2009 M915A5 22888 322 Allison 4500 6 Sp
Follower 2009 M915A5 19513 322 Allison 4500 6 Sp
Control 2015 Peterbilt 579 32000 322 Eaton Fuller 10 Sp

The range estimation and vehicle communications on the test vehicles use a lean sensor package of radar,
Dedicated Short-Range Communication (DSRC) radios, and GPS in conjunction with the vehicles’ J1939 CAN
networks. A central computer unites the system, shown in Figure [LJ. Further detail on the control hardware setup
can be found in [24].
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2.3 Software Setup

All vehicles use Robotic Operating System (ROS) as the software platform. However, the software was written
to be platform-agnostic. The PID controller is implemented in C++. The NMPC controller is also implemented
in C++ and takes heavy advantage of the symbolic CasADi interface. CasADi is an automatic differentiation tool
that generates all Jacobians and Hessians for the optimizer, which in this case was the software package IPOPT.
Due to CasADi’s symbolic language, the software package has the ability to update variables in real time, such as
vehicle drive ratio due to gear shifts and the associated vehicle dynamic changes. Further detail on the controller
architectures and syntheses can be found in Sections 4 and 5.

3 String-Stable Controller Development
3.1 H-Infinity Control Synthesis

Results such as those shown in Figure H demonstrate that designing a PID controller without respect to string
stability will yield a controller that is insufficient to maintain adequate safety factors or fuel consumption. This
motivates the need for a more advanced controller that can satisfy string stability constraints or greatly reduce
the effects of disturbances on a platoon. While there are several methods to achieve this, the authors attempted
a method with reduced implementation overhead and lower technical overhead. This method is called H-infinity
optimal control.

What sets H-infinity control apart from other control methods such as MPC is that H-infinity control is
generally applied to optimize control gains for a state-space or fixed-structure PID controller. Additionally H-
infinity methods can account for model uncertainty and sensor noise. The H-infinity optimization generates the
control gains such that a chosen design criteria are optimally met. The job of the controls engineer in this case is
to adequately select weightings on various system inputs and outputs such that the desired level of performance
or robustness can be achieved. Once this optimization process is complete, the controller may run in real-time at
any frequency that a traditional PID controller would run, with no online optimization libraries needed.

Applications of H-infinity control for platoon string stability have been studied previously, providing several
good approaches to tackling this problem. The authors implemented the controller design presented in [@] The
work done in [25] introduces a novel definition for string stability of a nonlinear cascaded system. A lumped system
model is then introduced and an H-infinity controller is designed which takes into account system delays such as
communication delays. The cited work defines the design control objective as

u(i)
u(i+1)

<18w=>=>0 9)
¥

which states that the H-infinity norm for the transfer function between the lead vehicle acceleration, Uj+i,
and the follower vehicle acceleration, U;j, must be less than one for all frequencies greater than zero. In a more
applicable sense, this guarantees that, as long as the system model is accurate, the magnitude of the acceleration



of every following truck will be smaller that the acceleration of the truck it is following. This meets the definition
of string stability and allows acceleration perturbations to decay down the line of platooning vehicles.

Figure [L1] introduces the total block diagram for the system. The system block D represents the communica-
tions delay of information being transmitted from vehicle to vehicle. This is characterized as a first-order Padé
delay. The block K is the controller that the H-infinity process will optimize. In this case a PID controller is
selected. The block H is the system spacing policy. Finally, the block G represents the transfer function from
commanded acceleration to actual acceleration. Further details on this control structure can be found in the
referenced paper.
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Fig. 11: String-Stable PID Controller Block Diagram Reproduced from [25]

3.2 Simulation and Validation

The controller adapted from [25] was then evaluated in terms of the system’s complementary sensitivity. String
stability is typically evaluated through system complementary sensitivity defined by Equation §. The following
analyses assume a linear time-invariant system. If a bode plot has a positive spectral frequency [dB = 0], then a
velocity disturbance will grow for each vehicle. Figure shows the system sensitivity of the H-Infinity design
versus the PID controller from Figures P and B. An interesting note on Figure [12.b is that since the spacing
policy is specifically accounted for in the control synthesis, one can identify the closest feasible platooning distance
allowed before losing string stability.
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Fig. 12: String-Stable H-infinity Design

The H-Infinity controller developed satisfies the system sensitivity condition. The controller was then simulated
in TruckSim to validate that the developed controller performance matched that of [@] in response to velocity
changes. As shown in Figure [L3, the implemented controller displays decreasing accelerations down the platoon
when the leader changes velocity, indicating the controller is working as intended.
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Fig. 13: Four-Truck String Stability Simulation

The same controller was then implemented on the vehicles in Table H in C++. As shown in Figure @,
the implemented controller displays decreasing accelerations down the platoon when the leader changes velocity,
indicating the controller is working as intended and that string stability is guaranteed for a non-homogeneous
Class 8 vehicle platoon. The official fuel results over the proposed test area will be described in Section 6.
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Fig. 14: Three-Truck Experimental String Stability Run on Level Ground

4 NMPC Controller Development

Owing to their lack of look-ahead, classical PID platooning control methods are limited in their ability to
minimize the controller saturation and active deceleration that occurs over steep hills. For this reason, NMPC is an
attractive alternative to classical methods. NMPC allows for a nonlinear vehicle model to be propagated forward,
with the inclusion of any future knowledge about external disturbances such as grade. This section presents both
the overall NMPC architecture, and the synthesis of both the leader and follower control architectures.

4.1 NMPC Architecture

NMPC control allows for the minimization of a cost associated with a defined process. Unlike PID control,
NMPC does not require a linear model. NMPC takes in the system model as a differential equation and simulates
the system model forward in time, determining future states of the vehicle and updating cost functions as necessary.
The differential equation used in this work is defined in Equation m Not only does this differential equation capture
air drag as a nonlinear term and allow the air-drag coefficient to be changed as a function of headway, but it also
incorporates the effects of grade on a vehicle.

In order to allow vehicles to use grade to their advantage, the grade profile of the vehicle route must already
be known. By predefining a grade map that contains the East-North position coordinates of road-grade along a
defined local coordinate frame, it is possible to include the upcoming grade in the simulated system model. This
approach was applied in this work, where a vector of grade points are provided to the optimizer, allowing a velocity
profile to be generated that minimizes fuel consumption with respect to upcoming terrain.

Before introducing the synthesis of the NMPC algorithm, it is important to note the inputs and outputs of
the system from a high level. The optimizer will output an optimal torque profile and optimal velocity profile
after receiving an input of grade points. After the initial tests of the optimizer were performed, it was discovered
that the optimal controller had a maximum output rate of 9Hz and a minimum output rate of 3Hz, with a mean
output of approximately 8Hz. A simplified longitudinal model for a Class 8 vehicle is presented as

hgiff htrans

V(S): Feff
t(S)  Meft S+ Bets

(10)

Typical control design criteria call for a controller to be 5-10x faster than the dominant dynamics of a system.
Due to this criterion, 20Hz was selected as the desired control rate for this application. This means that some
form of inner-loop control is necessary in order to reliably achieve 20Hz control.



A nested control structure was developed to achieve the desired 20Hz control. The optimal torque from the
optimizer is taken as a feedforward torque, and the optimal velocity profile is taken as a reference velocity from an
inner-loop velocity regulator. Figure [L§ display the control architecture described above. Inputs to the optimizer
are torque, grade, braking, and the vehicle’s current velocity. The outputs are the desired torque, braking, and
velocity.

Outer-loop optimal control:
Feedforward u or b,

Engine or
brake
u or b_feedback _y torque
Feedback | _compensation _\command, |tk Output |
regulation +
B Truck velocity v
Velocity error \
+
Optimal velocity v,
NLP
optimizer
Outer-loop feedback: {u, g, b, v}

Fig. 15: Optimal Control Architecture Adapted from [[13]

4.2 Lead Vehicle Control Synthesis

The main objective of the lead vehicle optimizer is to generate a velocity trajectory that to minimizes fuel
consumed over some predefined terrain. This is a relatively straightforward task given the models already defined
in this article and can be broken down into two distinct parts: propagation of the relevant states and minimization
of the objective function.

The first major step is the propagation of the relevant states. In this work, the lead vehicle is minimizing its
fuel consumption regardless of whether any vehicle is following it. This means there are only two states that need
to be defined, vehicle position and velocity, denoted as states X; and xp

X| =X (11)

Xo = X1 = Vy (12)

Propagation is facilitated by defining the derivative of each of these states which are:

X] = X =V (13)

Xy = X1 = ay (14)

For state X; the derivative is Xp. The derivative for state X; is less straightforward but was previously derived
as the longitudinal vehicle equation of motion Equation [Il. The states are then propagated forward by using the



Runge-Kutta 4th order method. Direct multiple shooting is used to solve for the optimal control horizon and thus
it is necessary for the initial conditions of the optimal-control problem to be defined, as well as the cost function.

Arguably the most important aspect of MPC is the cost function generation because the cost function defines
what the controller is actually optimizing. For the lead vehicle, the cost function is

JEcocruise = Q1 Velezrr +Qs fuelgonsumed (15)

where Q; and Q, are both tunable weights to yield the desired performance. If Q, were zero, the controller
would aggressively track a desired set cruise control speed. By increasing Q, however, the system begins to behave
in a way that allows the velocity to fluctuate over rolling hills, saving fuel. An example of this would be the NMPC
controller allowing a vehicle to coast over its desired set velocity while going down a hill so that the vehicle carries
more kinetic energy into the next hill, requiring less fuel to power itself back up to speed, which was noted in
prior work. This cost function is used for all single-vehicle optimal platooning in this work, which is referred to as
EcoCruise here. The chosen weights for Q; and Q, are listed in Table H.

Table 4: EcoCruise Cost Weightings

Cost function Term | Weighting Value
velerr Q=10

fuelconsumed Q=1

The final parameter to list is the look-ahead distance used. Since the longest half-hill on the experimental test
route is shorter than 1500m thelook-ahead distance for the EcoCruise platform for the remainder of the work is
set to 1500m. Details regarding the half-hill lengths of the testing route are provided in Section 5.1.

4.3 Following Vehicle Control Synthesis

While the leader and following vehicle share the same optimization architecture, the states being propagated
and cost function to be minimized differ. The primary objective of the following vehicle is to maintain a following
distance such that the truck obtains air-drag reduction while allowing enough variation in the vehicle headway
that the aerodynamic benefits are not overshadowed by saturation effects from the controller. Therefore the cost
function is defined as

Joptimal following = Ql hdwygrr + Q2 dey%ate + Q3 fuelgonsumed (16)

where the penalized variables are headway error, headway rate, and the total fuel consumed. The headway-
rate variable is included in this cost function to prevent the following vehicle from falling back and exiting the
aerodynamic benefit zone quickly, or from catching up too fast and needing to use the service brakes. It follows
that the states to be propagated are then:

X1 = Xheadway (17)

X2 :VX(i+l) (18)

X3 = V(i (19)



The propagation is conducted by defining the derivative of each of these states which are

XI=X2 X3 =Vyie1)  Vx() (20)
xo=e 2 (21)
X3 = ax(i) (22)

Vehicle-to-Vehicle (V2V) communication allows for the sharing of vehicle states such as velocity and accel-
eration. This allows for the vehicle headway to be propagated. as the difference between the leader and follower
velocities. Also, due to the following vehicle receiving the leader’s acceleration, a first-order decay is applied to the
leader acceleration and the velocity profile of the leader is generated using a decaying acceleration model. Finally,

the following vehicle’s acceleration is propagated in the'same manner as EcoCruise, where the engine torque can
be optimized to minimize Equation @J

4.4 Simulation Results

Simulation testing played an important role in the development of the EcoCruise controller. As this work
differs from other previous work conducted in this field, a plethora of cost-functions and weightings were tested in
order to pick out a desired performance. Many of these cost functions produced undesirable performance. As a
benchmark for desirable performance in the simulated environment, results from [@] were used.

The results from prior art show that when approaching a decline, it is most optimal for a vehicle to coast
below the setpoint velocity. Once the vehicle is on the downhill segment, the vehicle allows the grade to accelerate
it back up to and possibly higher than the target velocity. Figure [Lf represents the prior work juxtaposed with the
EcoCruise controller. The desired velocity for EcoCruise was selected at 25m/s. With the knowledge of upcoming
grade, the optimizer allows the vehicle to slow down before entering the downhill section, which matches prior
art. It should be noted that because of computational inefficiencies in the optimizer-Simulink interface, as well as
computation power limitations, the EcoCruise controller was only simulated at 2Hz with a zero-order-hold used
for all time steps in between. This is what causes the generated control signal to be "noisy”.
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Fig. 16: Downhill Reference Optimization Scenario versus EcoCruise

The uphill driving scenario was also investigated while using the same dissertation as the baseline for com-
parison. In this scenario, it is deemed optimal by the reference case to begin accelerating before the hill and to
allow the vehicle to slow down below its desired velocity before cresting the hill. There is an added benefit to



this optimal approach. Because the power demand on the engine is not rapidly increasing, gear shifts can be
avoided, helping save even more fuel. The EcoCruise system displays the expected behavior. The optimizer begins
accelerating the vehicle before the the start of the uphill segment and the vehicle avoids the need to downshift.
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Fig. 17: Uphill Reference Optimization Scenario versus EcoCruise

Unfortunately, due to software package integration issues with Simulink and TruckSim, the optimal-follower
software was unable to be tested in‘the simulation environment. To accommodate some level of software testing
and tuning before running on a closed track, data was collected from a two-truck manually-driven platoon over the
planned test path. Using ROS’s rosbag playback features, the compiled C++ optimization software was tested.
By analyzing the output of the prediction horizon for both the vehicle speed and torque, reasonable cost-function
weightings were generated to begin tuning on the physical system. The chosen weights for the following vehicle
were then set to the values in Table f.

Table 5: Optimal Follower Cost Weightings

Cost function Term | Weighting Value
hdwyerr Q=5
hdwyrate Q=1
fuelconsumed Q3=5

The final parameter to be decided was the look-ahead distance for the optimal following vehicle. A key factor in
deciding the look-ahead distance was the accuracy of a first-order acceleration decay model or a constant-velocity
model for the lead vehicle. Both assumptions get worse the further out that the following vehicle predicts. A
look-ahead distance of 100m or approximately 4 seconds was chosen for the following vehicle. This reduced the
size of the optimization problem drastically from the 1500m look-ahead used on the EcoCruise platform and allows
the optimization to generate a new optimal velocity and torque profiles at approximately 10-15Hz. By allowing
the optimizer to run at a higher frequency, a poor constant-velocity assumption is less likely to have a negative
impact on the optimal following platooning method.

5 Results

This section overviews the full development and test cycle that the EcoCruise and optimal following system
underwent. Some of the first development tests were performed in Simulink, utilizing the TruckSim-Simulink
interface. The TruckSim/MATLAB simulation environment is what drove the preliminary development of the
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