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Abstract

The combination of extensive fuel costs and outsized emissions impact make heavy duty
trucking an ideal target for energy saving measures. To limit energy consumption in this
transportation sector, platooning efforts have been explored to reduce aerodynamic drag. However,
an impediment to platooning adoption is its poor ability to handle real world disturbances. One of
the more effective methods to overcome disturbance sensitivity is the implementation of predictive
control strategies, which can relieve concerns around the real-world platooning practicality. The
performance impacts brought on by the introduction of a predictive longitudinal controller was
explored herein. Predicative control with a cost function jointly optimizing for inter-vehicle
distance and fuel utilization intentionally allowed more variation from the set following distance
to reduce the severity and frequency of high load (torque/fuel) operational points. While current
predictive controls strategies operate using fuel consumption predictions, this limits the
applicability of these control strategies in vehicles with nonconventional powertrains. Therefore,
developing a powertrain independent metric capable of replacing fuel rate in the predictive control
cost functions would allow facilitate modularity in the platooning setup.

An exploration of Vehicle Specific Power, VSP, as a powertrain independent platooning
metric was conducted. This exploration compared three possible methods of replacing fuel rate
with VSP: direct replacement, a mean sum of absolute VSP differences method, and a sum of
positive VSP method. The sum of positive VSP was found to be more accurate and less
cumbersome than other proposed methods. This method was also amenable to linearization. For
these reasons, the sum of positive VSP was found to be the preferred powertrain independent

energy parameter for usage in a future predictive longitudinal control strategies.
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Chapter 1: Introduction

Heavy duty truck transport accounts for an outsized portion of greenhouse gas emissions
from the transportation industry. Despite the relatively low percentage of traffic, heavy duty trucks
account for 23% of the greenhouse gas emissions when measured on a C0O, equivalence [1].
Additionally, fuel costs are the second largest portion of operating cost [20,29]. As a consequence
of environmental and fiscal concerns, heavy duty transport is an ideal target for energy saving
measures. One of the methods investigated in the attempt to reduce the energy consumption for
this section of the transportation industry is platooning. Platooning is a cooperative driving strategy
by which a following truck is placed in the wake of a leading truck in order to apply aerodynamic
benefits to both trucks involved. The following truck benefits from reduced frontal pressure
resulting in a pulling effect. The leading vehicle in turn experiences an increase of the base pressure
immediately behind the truck receiving a pushing effect. These effects are maximized at close
following [10, 11] distances motivating the use of cooperative adaptive cruise control (CACC) to
safely maintain the platoons intervehicular distance.

Platooning research has been conducted using several different methods and in wide
variety of settings. A table summarizing some of the research and the benefits of platooning as

seen in wind tunnels, test tracks, and real road testing is shown in Table 1.1.



Table 1.1: Table Summarizing Platooning Benefits for Previous Research
Source Context Results

For ‘aligned platoons’ leaders receive an 8% reduction

McEAlil]i ffe oﬁ{/r%c?: in Aerodynamic drag and followers receive a 20%
reduction in drag.
[14] Wind Tunnel Found a wind averaged drag coefficient reduction of
McAuliffe 0.1 or 20% of the isolated truck’s magnitude

aerodynamic benefit for a two-vehicle platoon was
[15] Salari Wind Tunnel found to be from 21% to 23% for vehicles with
boattails and 10% to 13% without trailer boattails,

[11] Cqmputerlzgd Yaw averaged Aerodynamic drag was reduced by 8%
Fluid Dynamics . .

Vegendla (CFD) for leaders and 38% for following vehicles
On Road: Found a maximum fuel reduction of 4.7 to 7.7% when

[16] Alam Swedish trucks are identical and the effects of a lighter truck
Highways both leading and following
On Road:

[17] Alam Swedish Heavy Duty vehicles saw a 3.9-6.5% fuel reductions
Highways

[26] Stegner NCAT 6-8% fuel savings for the entire platoon.

et al.

The benefits of platooning are promising in stable environments devoid of disturbances.
When the cooperating platoon interacts with disturbances, the control schemes generate
unnecessary acceleration events. These extraneous acceleration events result in energy
consumption counteracting aerodynamic benefits. In extreme cases, the added platooning
dynamics increase energy consumption when compared to the trucks driving independently. The
extra acceleration events have also been shown to be passed back in platoons. This means that

control errors experienced by the leading vehicles results in magnified acceleration events in the



trucks that follow. Concerns over the nebulous benefits have damped down the enthusiasm
surrounding the adoption of platooning as an energy saving methodology.

One solution proposed to limit the effect of disturbances on platoon performance is the use
of predictive control strategies [2, 27, 28]. By using information on the upcoming road conditions,
the trucks are able to react earlier and less aggressively. Predictive strategies have been successful
in achieving this goal [6, 12]. However, the current iteration of this control scheme relies on using
fuel rate as a factor in its cost function. This has the limitation of only being operable on
conventional powertrain vehicles. However, Platooning’s benefits are powertrain agonistic.
Therefore, measuring their success in the same powertrain agnostic would allow for the
replacement of fuel rate in cost functions and increased modularity in platooning control.

The powertrain independent metric of platooning performance candidate investigated in
this study is the use of Vehicle Specific Power (VSP). Vehicle Specific Power uses a first
principles physics-based approach to evaluate the amount of power passed from the powertrain to
the vehicle. Multiple pathways to the utilization of VSP in the analysis of platooning performance
will be investigated and the advantages and disadvantages of the methods will be compared. From

these comparisons, a recommendation for the preferred method of analysis will be provided.



Chapter 2: Trucks and Testing campaigns
2.1 Test Tracks and Testing Campaigns

The data used in this study comes from four different testing campaigns at two test tracks.
The testing campaigns for this study are: NCAT 2019, NCAT 2020, ACM 2019, ACM 2021.

Starting with the test tracks, the significance each of the testing campaigns will be
discussed. The two test tracks where data was collected for this study were the National Center for
Asphalt Technology in Opelika Alabama, abbreviated to NCAT for future reference, and the
highway loop at the American Center for Mobility in Ypsilanti Michigan, abbreviated to ACM.
Both tracks are closed loop test tracks allowing for the isolation of the platoon. As the platoon is
isolated, the only disturbance experienced by the platoon during testing was grade change. The
grade profile and length of track are the meaningful differences between the two tracks relevant to
this study.

The Testing loop at NCAT is a shorter track, roughly 2.73 km, and is largely flat with very
slight slopes that remain generally constant throughout the tracks two straights. NCAT provides
what will be effectively undisturbed platoon operation. NCAT is contrasted by the longer ACM
test track at roughly 3.7 km. The ACM test track has a more aggressive grade pattern. It is not the
severity of the grade that results in platoon disturbances it is the rate of change in the grade. The
disturbance is caused by the trucks operating at different grade profiles either pushing the trucks
closer together or pulling them farther apart. Therefore, the platooning results at ACM test track
will be heavily affected by the impact of grade. This impact has been shown to be strong enough
to overpower aerodynamic savings and result in increased energy consumption. Therefore, ACM
is ideal for the testing of grade-based disturbances. An image depicting the NCAT and ACM test

tracks with their accompanying grade profile is shown in figure 2.1.
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Figure 2.1: Test Tracks used during platoon testing with accompanying grade profiles
reproduced from [2]. (NCAT shown left) (ACM shown right)

The platooning controller was tuned between testing campaigns and eventually the
controller switched from a nonpredictive to a predictive controller. Both of the NCAT testing
campaigns and the first of the ACM testing campaigns were operated using a traditional
Proportional Integral and Derivative, PID, based control. PID control schemes operate to maintain
of the desired intervehicular distance. PID control schemes are blind to upcoming disturbances
and cannot act intelligently to reduce energy consumption. The final testing campaign ACM 2022
was conducted using a newly developed nonlinear model predictive control, NMPC. This
controller operated in a look ahead window and optimized for the minimization of a cost function
that included the use of the predicted fuel rate. The impact of the control change will be analyzed
in the upcoming chapter 3.

A summary table of the testing campaigns is shown in table 2.1.



Table 2.1: Table summarizing testing campaigns

Campaign Name | Test Location Test Year Control Type Trucks Involved

NCAT 2019 NCAT 2019 PID Al, A2, T13,T14
NCAT 2020 NCAT 2020 PID Al, A2, T13,T14
ACM 2019 ACM 2019 PID Al, A2, T13,T14
ACM 2021 ACM 2021 NMPC Al, A2, T13,T14

2.2 Trucks Used in Testing
The data collected came from four different trucks: a pair of Peterbilt trucks designated
with the letter A, and a pair of freightliner military trucks designated with the letter T. A table

containing relevant data for each of the trucks shown in table 2.2.

Table 2.2: Table Summarizing Trucks Used in Testing

Truck ID Al T14 T13 A2
Manufacturer | Peterbilt Freight-liner | Freight-liner | Peterbilt
Model 579 MOI15A5 MOI15A5 579
Model Year 2015 2009 2009 2015
Engine Paccar MX- | Detroit Diesel | Detroit Diesel glér(nlr?_ms
13 IV S60 IV S60 415ST2
Peak Torque | 2372 Nm 2237 Nm 2237 Nm 2237 Nm
Rated
Horsepower 430 bhp 500 bhp 500 bhp 415 bhp
Truck and
Trailer Gross | 16175 kg 17235 kg 21295 kg 17245 kg
Weight

The following other parameters necessary to the analysis are: the truck’s frontal area (A4),
drag coefficient (Cp), coefficient of rolling resistance (Cgg), and rolling mass factor (¥). The
frontal area of the trucks is approximated as the frontal area of the trailer. The Auburn trailers were

measured, and the frontal area was determined to be 10.6 meters. The drag coefficient was taken



using models produced in [3]. This study provides the drag coefficient of heavy duty trucks based
on the fairings used on that truck. The Peterbilt trucks both had the same set of fairings resulting
in a drag coefficient of 0.63. The two military trucks have no fairings and the drag coefficient is
approximated to 0.79. Rolling resistance can be difficult to estimate. In a previous study [4], the
rolling resistance of the trucks was estimated experimentally and the value of 0.0045 will be used
in this study. The rolling mass factor was calculated using a model from [5]. The model is a
function of gear ratio and is shown in equation 2.1.
y =1+ (0.04 + 0.0025 - Gear Ratio?)

As will be discussed later, during testing campaigns the gear was fixed to allow for
repeatable results. Therefore, a single value for rolling mass factor for each of the trucks was used
for the calculations. Al: y = 1.0425 for a gear ratio of 1.0; A2: y = 1.0425 for a gear ratio of 1.0;
T13: y = 1.0425 for a gear ratio of 0.764; T14: y = 1.0425 for a gear ratio of 0.764.

Finally, air conditions need to be approximated. All tests were run at relatively similar
atmospheric conditions. The density of the air will be approximated to 1.2 Kg/m3for all tests and
the wind velocity was not measured during testing and will be neglected. The impact of this
neglection will be discussed when interacts future analysis. A tabulated representation of all of the
calculation parameters is shown in table 2.3 below.

Table 2.3: Table of Estimated Truck Parameters Used for Calculations

Truck ID Al A2 T13 T14
Mass (Kg) 16175 17245 21295 17235
Cr 0.0045 0.0045 0.0045 0.0045
Y 1.0425 1.0425 1.0415 1.0415
A (m?) 10.66 10.66 10.66 10.66
Cp 0.63 0.63 0.79 0.79
pa (Kg/m3) | 1.2 1.2 1.2 1.2
W, (m/s) |0 0 0 0

2.1)



2.3 Data Collection and Platoon Setup

Auburn’s platooning setup works through the preexisting adaptive cruise control setup.
Auburn’s system differs from common platooning setups in that the trucks are controlled in a
decentralized manner. The control system works through the trucks controller area network or
CAN to provide the truck with commanded torque inputs. The control computer on the truck takes
in radar messages, GPS inputs and GPS inputs from the truck in front of it to determine the current
intervehicular distance. The relative positional data is combined access to the J1939 CAN BUS
messages, to record relevant data and calculate controller outputs. A diagram showing the

communication pathways within the truck is shown in figure 2.2.

J1939 BUS Novatel GPS

o

CAN Gateway Central Computer

Emergency Stop Delphi Radar

Figure 2.2: Auburn CACC Platooning Setup Recreated from [18].

In all platooning testing campaigns, the trucks were organized in one of three
configurations. There were two different two truck platoon configurations and a four truck
configuration. In the two truck configurations, Al leads T14 and T13 leads A2. When the two
smaller platoons are joined the four truck platoon is created. In the resulting four truck

configuration Al is the leader. When referring to platooning configurations the following



abbreviations may be used: 2T 50 represents a two truck platoon operating with a 50 foot spacing.
A diagram displaying the platoon configurations is shown in figure 2.3.

Two-Truck Platoon: A2 follows T13

A2 Cu-mms ( ;H [T13- ARIORED ’

H Four-Truck Platoon

A2 - Cu (HINb b T13 ARAOHH) [T14 UhAHHW@ A1 - PACCAR
00 OF'EJ}T‘

Each Two-Truck Platoon Combined [

Vv

[T14 - Unaruoreo | & " A1-PACCAR | Eq_h
00 00 g L0

Two-Truck Platoon: T14 follows A1
Figure 2.3: Platooning Test Configurations. Figure Recreated from [6].

To ensure the same operating conditions are present during all test laps, a constant testing
procedure was followed. The trucks were all warmed up for an hour before any testing began.
During testing the trucks were not allowed to break for longer than 30 minutes. Tire pressure was
monitored and held constant. The diesel particulate filters auto regeneration function was disabled,
and the trucks were forced through parked regeneration outside of testing to regulate exhaust
system backpressure.

After the test laps were run, outlying laps were removed from the data sets. The first set of
removed laps were the laps where the truck does not operate in the set gear. Laps where the engine
fan was operating at the wrong setting were also removed. Both a gear change and differing fan
conditions could cloud fuel results taken from the data. The remaining laps were down selected
for self-similarity using a mean absolute difference method generated in a previous [7] study.

Using the velocity traces, if 10% of the lap’s velocity trace fell outside of two standard deviation



bounds the lap was discarded. This process was conducted iteratively until the process removed
zero laps. These steps were taken to generate a set of self-similar set of laps that were representative

of the each of the platooning cases being tested.
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Chapter 3: Impacts of Predictive Control on Platoon performance

In order to justify the pursuit of a powertrain independent control parameter, the effects of
the use of predictive control on the behavior of the platoon will be analyzed. The goal of this
analysis will be identifying the differences in predictive and non-predictive control schemes on the
platoon response. First the behavioral changes in the platoon operation will be explored. Then the
impacts of these differences on the larger scale measure of platoon success will be discussed. This
analysis was conducted using data from the ACM 2019, and ACM 2021 testing campaigns. The
ACM test track’s rapidly changing grade provides a higher difficulty challenge. The grade based
challenge comes from leading and following trucks operating in different grade conditions. If the
leading truck is currently climbing a positive grade and the follower is falling down a negative
grade, the characteristics of the road will push the trucks closer together. The resulting behavior is
counteracted by the controller attempting to maintain a constant headway. The severity of the
change in grade over short distances is the cause of grade based disturbances to platooning
operation. While ACM’s test track does not have particularly steep slopes, the rate of change is
quite aggressive. ACM provides an ideal testing ground for the rejection of grade based
disturbances.

The earlier testing campaign was conducted using a non-predictive proportional integral
derivative (PID) control scheme and the later testing campaign was conducted using a non-linear
model predictive control (NMPC) scheme. Both control schemes were developed by the GPS and
Vehicle Dynamics Laboratory at Auburn University. The more conventional PID control scheme
operates to maintain the set following distance or headway. The goal of such a system is to rigidly
maintain the set point headway. The commanded accelerations that are generated are blind to

upcoming conditions and as a consequence simply react to as they are encountered. The reacting

11



behavior is contrasted by the NMPC’s ability to proactively adjust for changing conditions. The
NMPC looks forward onto the road and simulates the trucks behavior within a look ahead window.
The fuel cost associated the with simulated path is then added to a cost function containing relevant
headway error parameters. The NMPC generates a commanded torque and velocity profile for the
truck to follow that minimizes headway error, headway error rate, and fuel used. The cost function

used in the NMPC is shown in equation 3.1.

]Optimalfollowing = Ql z hdwyzerr + QZ z hdwyzrate + QS z fuelzconsumed 3.1

The values of the leading coefficients Q;, Q,, and Q5 are 5, 1, and 5 respectively. A more

detailed description of the NMPC controller can be found in a previous publication [6].

3.1 A2 Headway, Commanded Torque, and Fuel Rate Variance

Starting with the behavioral changes brought on by predictive control, the following
parameters where examined: the headway, the commanded torque signal, and the fuel rate signal.
The predictive controller is expected to allow for more headway variance resulting in the reduction
of the severity and frequency of high load points seen in commanded torque and fuel rate. For the
initial comparisons, the truck A2 was chosen. A2 is always a follower in all platooning
configurations and is the final truck in the four truck platooning cases. This allows for the use of
all platooning headway and truck count configurations to be considered in the analysis.
Additionally, the effects of imperfect control are known to cascade and be amplified through
platoons. A2 being the last truck in four truck platoons will exhibit the largest sensitivity to

controller imperfections.
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In figure 3.1, the error of headway traces from an indicative lap of the truck A2 in a two
truck platoon with a set headway of 50 feet is plotted. In the figure, a positive error represents the

gap between the trucks being larger than was specified.

50 r N
f\ ———ACM 2021 (NMPC)
Average ACM 2021
40 ——ACM 2019 (PID)
— — Average ACM 2019
30 -

20| /\ ;
[\ / A |

in Feet

Actual Headway - Set Headway

0 500 1000 1500 2000
Time Steps At ~10 Hz

Figure 3.1: Headway Trace from A2 in a 2T 50 configuration from ACM 2019 and ACM 2021
recreated from [18].

The size of the headway spikes in the NMPC based control lap is considerably larger than
those from the PID based lap. This follows the expectation for the differences in the impacts of the
control changes. This behavior caused by the NMPC being concerned with fuel rate in addition to
the headway error. The PID controller is considerably less tolerant of headway errors. Note that
the increased variation in the headway seen by the NMPC based lap is not centered around the set
following distance. The average following distance falling back is a consequence of a restriction

on a safety based minimum headway and no restriction on a maximum headway. The increase in

13



the average following distance should predict a slight decrease in the drag based reductions for the

NMPC based laps when compared to the PID based laps.

To explore whether the increased flexibility resulted in the reduction of high load points as

predicted, the traces of commanded torque and fuel rate from the same indicative laps are shown

in figures 3.2 and 3.3.
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Figure 3.2: Commanded torque trace from A2 in a 2T 50 configuration from ACM 2019 and
ACM 2021 recreated from [18].
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Figure 3.3: Fuel rate trace from A2 in a 2T 50 configuration from ACM 2019 and ACM 2021
recreated from [18].

This comparison validates the claim that the increase in headway variation results in the
reduction of the high load points. During each of the fuel rate and commanded torque spikes, the
NMPC controller laps show a reduction in the magnitude of the instantaneous energy demand. The
spikes in torque and fuel rate in the NMPC results also begin earlier in time relative to the PID
controller laps. The acceleration is being executed earlier into the process as a consequence of
preplanning. Additionally, the trends seen in commanded torque and fuel rate closely resemble
each other. This is an expected outcome as an increase in commanded torque results in an increase
in the fuel needed to provide that torque. For that reason, the following analysis will only utilize
fuel rate trace to represent the results for both.

The expected results hold when only considering a single lap. To expand to include all of

the available data, the standard deviation of the relevant parameters was calculated for each lap of
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test data. The resulting set of standard deviations was averaged to represent the data from that
platoon configuration and testing campaign. Then the change in standard deviations of headway,
commanded torque, and fuel rate from the NMPC data was compared relative to the PID based

data. Figure 3.4 shows the percent change in standard deviation between the two data sets.
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Figure 3.4: Percent change in the standard deviation of platoon behavior metrics for A2 recreated
from [18]. Percent changes are relative to ACM 2019 behavior.

Shifting from the non-predictive to the predictive control, the general trend of increased
headway variance and decreased commanded torque and fuel rate variance appears. The variance
in commanded torque and fuel rate is reduced in all platoon configurations. The reductions in these
values is maximized in the four truck data. The standard deviation in headway increases in three
of four platooning configurations. The exception to the trend comes from the four truck platoons
with 50 foot a following distance. the percent change in the standard deviation of headway is

almost zero for this configuration.
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3.2 A2 Four Truck Outlying Behavior

To further investigate the outlying behavior, a representative lap from this case was taken
and the previous lap based analysis was applied. Figure 3.5 shows the headway trace for a
representative lap from ACM 2019 and ACM 2021 for A2 in a four truck platoon with 50 foot

spacing. Figure 3.6 shows the accompanying fuel rate trace.
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Figure 3.5: Headway traces from A2 in 4T 50 configuration from ACM 2019 and ACM 2021
recreated from [18].

The headway traces from A2’s four truck platoon at a 50 foot spacing result show an
inversion of the previously shown trends. The headway spikes seen by the PID control are much

larger than those of the NMPC based control.
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Figure 3.6: Fuel rate traces from A2 in 4T 50 configuration from ACM 2019 and ACM 2021

The fuel rate results appear to follow the other platoon configuration’s results. The
explanation for this behavior is in the nature and purpose behind the commanded accelerations.
The PID controller is failing to maintain the set headway and not adapting to reduce energy
consumption. This behavior creates a corollary to previously seen variance trends. Purposeful
increases in headway variance as driven by energy reduction concerns reduce the size of high load

points. This revelation is not deeply surprising, but it is an important factor to remember when

Another expected benefit of predictive control is a reduction in the scaling errors passing
back through the platoon. As each truck within a platoon adheres to the optimized path, it will be
less sensitive to leader dynamics. In figure 3.7, headway traces from representative laps for A2 in

two and four truck platoons with 50 foot following distance are plotted with the grade profile at
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Figure 3.7: Headway Traces from A2 2T 50 and 4T 50 configurations from ACM 2019 plotted
with the grade Profile from ACM recreated from [18].

The headway crests occur at the same time in both two and four truck platoons. The truck
is reacting at the same point in the lap as it is the location where it encounters the differential grade
behavior. The behavior is amplified in the four truck data. The amplification is caused by lead
vehicle’s response to grade and then the resulting behavior being amplified as it is passed back.
The growing imperfections in the controlled responses long platoons impractical when using non
predicative control strategies.

The same figure replacing the results from ACM 2019 with the results from ACM 2021 is

shown in figure 3.8.
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Figure 3.8: Headway Traces from A2 2T 50 and 4T 50 configurations from ACM 2021 plotted
with the grade Profile from ACM recreated from [18].

In contrast to the PID laps, the headway crests have a slight temporal lag in the four truck
data. This is caused by the preemptive behavior of the trucks ahead in the order. In the NMPC
data, the headway crests are roughly the same height. The only exception to this pattern is the spike
occurring around 750 time steps. The headway traces retaining the same shapes is evidence of a
reduction in passed dynamics for NMPC based control. The predictive control is following a
constant “optimal” path independent of the trucks position in the platooning order. The NMPC is
strategically acting to overcome the grade disturbances instead of blindly encountering it as the

PID control scheme.
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3.3 A2 Fuel Consumption Improvements

Having thoroughly discussed the changes in headway variance, commanded torque
variance, and fuel rate variance, the impact of these changes on the fuel consumption can be
discussed. The average fuel consumption for each of the platooning configurations for A2 from

both the testing campaigns can be seen in figure 3.9.
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Figure 3.9: Lap wise fuel consumption results from A2 during the ACM 2019 and ACM 2021
testing campaigns separated by platooning configuration recreated from [18].

The changes in the platoon fuel usage is down in every following case for A2. The
improvements are the largest in the four truck configurations. The four truck platoons consequently
provide the greatest opportunity due to poor PID control. The NMPC controller produces 25.5%
and 31.6% fuel consumption reductions for four truck platoons with 50 and 100 foot spacings
respectively. The PID results from two truck platoons were controlled more stably giving the two

truck results less available improvement. The fuel consumption is reduced by 5.9% and 10.7% for
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the two truck cases. Even with the reduced improvement, the fuel results reinforce the improved
performance of the NMPC controller. Additionally, the fuel results for the NMPC controlled laps

are relatively flat. The NMPC controller performance is no longer a function of platoon position.

3.4 Expansion to T14 and T13

Moving to the other trucks in their following configurations, results seen from T14 will be
discussed. T14, like A2, is a follower in all of its platooning configurations. T14 is always second
in the platooning order. The statistical changes in the standard deviation of headway, commanded

torque, and fuel rate when comparing ACM 2019 to ACM 2021 are plotted in figure 3.10.
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Figure 3.10: Percent change in the standard deviation platoon behavior metrics for T14. Percent
changes are relative to ACM 2019 behavior recreated from [18].
Similar to A2 results, T14 shows increased headway variance in all platooning
configurations and a corresponding reduction in fuel rate and commanded torque variance. The

largest headway variance shifts occur in the four truck data. The four truck platoons, as a
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consequence of always being second in the platooning order, show an increase in headway
variance where A2 did not. The PID controller did not struggle to maintain headway as
significantly when controlling the second truck as compared to the fourth truck.

Next, the fuel consumption from each of the platooning configurations at both testing

campaigns is plotted in figure 3.11.
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Figure 3.11: Lap wise fuel consumption results from T14 during the ACM 2019 and ACM 2021
testing campaigns separated by platooning configuration recreated from [18].

T14 also has fuel reductions in all of the platooning configurations. The relative size of the
improvements seen by T14 are reduced when compared to A2. The relatively smaller effect is
likely due to the constant position as second in the platooning order. The cascading dynamics are
operating in the same way for both two truck and four truck platoons. The fuel improvements for
T14 range from 2.1% - 10.9%. These results are on the same order of magnitude as the two truck

results from A2.
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Finally, T13 follows in four truck platoons. The fuel consumption results for the two testing

campaigns are plotted in figure 3.12.
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Figure 3.12: Lap wise fuel consumption results from T13 during the ACM 2019 and ACM 2021
testing campaigns separated by platooning configuration recreated from [18].

T13 has fuel reductions in both of its following configurations echoing the trend found in
previous trucks. T13’s results show fuel consumption reductions of 7.9% and 13.8% for 50 and
100 foot spacings. The magnitude of the improvements seen for T13 are between the results seen
by T14 and those by A2. Again, the result is explained by the platoon order. T13 sits third in the
platooning order giving it more available improvement than the results for T14 and less available
improvement than for A2.

The NMPC control strategy improves platooning performance when encountering grade
based disturbances. By balancing the cost of fuel rate usage and headway error, the NMPC
strategically allowed for greater headway variance resulting in a reduction in fuel rate and

commanded torque variance when compared to a traditional PID based control. The behavioral
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changes resulted in fuel consumption decreases for every following vehicle from the two ACM
testing campaigns. These gains come in spite of the reduced drag reduction coming as a
consequence of a slightly further following distance. For each additional truck that leads in front
of the analyzed vehicle, the observed benefits increased. The NMPC controller mitigated the
amplification of inherited dynamics during platoon operation. The resulting string stability
removes one of the primary hurdles to platooning adoption.

The improvements from a predictive control strategy more than justify their usage in
platooning applications. However, predictive control is dependent on foreknowledge of the
upcoming grade is needed. For on track testing the upcoming grade is easily defined. This can be
much more difficult to acquire outside of a test track environment. Additionally, the predictive
control scheme relies on a predicted model for fuel rate in the truck the control is optimizing for.
Therefore, the controller is inflexibly tied to the truck it was designed for. The benefits of the
improved control and platooning more generally are independent of the powertrain of the vehicles
used. A revised controller cost function uncoupled from the powertrain would allow for the

improved controller performance on vehicles of all types.
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Chapter 4: Methods of VSP Utilization in Platooning Analysis
The benefits of a predictive control scheme could be extended to trucks of all powertrain
types. Given the success of such control schemes and the growing number of nonconventional
powertrain trucks on the road [20], the development of modular predictive control strategy is
desirable. A powertrain independent metric to take the place of fuel rate is necessary to achieving
this goal. A powertrain independent platooning metric needs to have at least the following three
properties:

1. Independence: The metric should be physics based. This means that the quantification of
energy needs to be separate from the engine or motor system. This quality allows for the
desired powertrain independence.

2. Accuracy: The metric should accurately represent the energy consumed. Meaning the
results found using this metric should resemble the results of the existing powertrain
dependent measures (Fuel Rate/Consumption).

3. Simplicity: The metric should be able to be calculated without complicated post processing
requirements. Allowing for its application in a real time control strategy.

The candidate explored in this work is Vehicle Specific Power (VSP). VSP was developed by
Jiménez [8] for the use in emissions tests [21-25]. It was a metric devised to provide a comparison
for vehicles of different sizes on EPA drive cycles. Auburn University began to investigate as an
implement for platooning in 2022. The previous work showed [7] that the variance around a
targeted VSP value could be used to analyze platooning performance. The analysis is going to be
expanded and improved on in this study.

Vehicle Specific Power is an enticing candidate for a powertrain independent platooning

metric. VSP was built using a first principles physics based approach. The forces acting on a
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vehicle were considered, and a formulation representative of these forces was created to represent
the instantaneous power input to the vehicle. Fuel rate being another measure of instantaneous
power, VSP appears a natural replacement for fuel rate. The formulation for VSP is shown in

equation 4.1. The formulation has a dynamics term and an aerodynamics term.

Cp-A
VSP =v(a(1+7y) + g(Grade + Crg)) + paz_—TDn(v +1,)% v (4.1)

Where v represents vehicle velocity, a represents vehicle acceleration, y represents a
rolling mass factor, g represents gravitational acceleration, Grade represents the road grade as a
percentage, Crp represents the coefficient of rolling resistance, p, represents air density, Cp
represents the coefficient of drag, 4 represents the frontal area, m represents the vehicles mass,
and v,, represents the velocity of wind in the direction of motion.

Recall that wind velocity was not measured during testing and is assumed to be zero. The
neglection of wind velocity was determined to be inconsequential for two primary reasons. The
first, on a circular track, given a constant wind condition, the impacts of the wind would offset.
The second is that the wind velocity is only appears in the drag based term. This term is divided
by the mass of the truck resulting in a relatively smaller size of the drag term when the truck states
are dynamic. Given that platooning introduces dynamics, the small magnitude effect of neglecting
wind velocity had little impact on the results generated.

To better understand VSP as a metric, VSP can be divided into three primary regions of
operation. The first of these (i) represents the area in which the vehicle is accelerating. This region
exists above the zero acceleration VSP. The next region (ii) represents the area in which the vehicle
decelerates under power. The vehicle is still applying energy to move, but the energy inputted does
not overcome the road loads and the vehicle decelerates. This region exists below the zero

acceleration VSP and above the coasting VSP. The coasting VSP is definitionally at zero as there
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is neither energy being given to the vehicle nor taken away from the vehicle in an active manner.
Finally, the third region (iii) represents the region where the vehicle is actively braking. All
negative VSP values exist in the braking region. A figure showing the regions described is shown

in figure 4.1.

—— Zero Acceleration VSP
6l —— Coasting VSP (VSP = 0)

(i) Truck Accelerating

(i) Truck Decelerating Under Power

VSP

(iii) Truck Braking

Figure 4.1: Three Zones of VSP recreated from [19].

The values used to create the figure above use the truck parameters for A2 and assumes the
truck is driving on flat ground at 45 mph with no wind velocity. These conditions unsurprisingly
effect the placement of the zero acceleration VSP in the figure. The adjustments to the VSP

formulation necessary to calculate the zero acceleration VSP are shown in equation 4.2.
Pa CpA
VSPsero accer = V* g(Grade + Crp) + %(v +v,)% v (4.2)

The zero acceleration VSP is representative of the minimum power input needed to

maintain the vehicle’s current kinetic energy level.
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This study will be focused on the use of VSP in three ways.

1. VSP as a direct replacement for fuel rate: the viability of simply replacing fuel rate
with VSP will be discussed. This will be examined by looking at the correlation
between these two variables during platoon operation.

2. The variance/MSAD approach: This method will look at the accuracy of using the
variance around a target VSP as a method of platoon analysis. The lap-wise VSP
variance will be compared to the lap-wise fuel consumption to examine this use
case.

3. The Sum of Positive VSP approach: This method will look at the cumulative
tractive VSP as a measure of energy consumption. The calculated sum of positive
VSP evaluated in a lap-wise manner will be compared to the lap-wise fuel
consumption.

The qualities of each of the proposed methods will be compared and conclusions will be

drawn from the results.

4.1 VSP As A Direct Replacement for Fuel Rate

The first method to be considered for fuel rate replacement is a direct replacement. The
direct correlation between the two metrics should provide evidence to the viability of a direct
replacement. The averaged fuel rate trace and the a representative VSP trace from A2 in a four

truck platoon with a 100 foot following distance from ACM 2021 is plotted in figure 4.2.
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Figure 4.2: Fuel rate and VSP trace from a representative lap of A2 in 4T 100 at ACM 2021.

The fuel rate trace and the VSP trace appear to mirror each other throughout the lap. The
exception to this behavior is the fuel rate trace never goes into negative values. These points
represent braking events that will not appear in the fuel rate trace.

For the analysis of VSP, the NCAT 2019, NCAT 2020, ACM 2019, and ACM 2021 testing
campaigns were considered. Due to the inclusion of grade in the formulation of VSP and the
continued warm up procedure providing similar truck conditions, data collected at different tracks
will be combined in this section. However, the truck platooning configurations will be separated
into their own sections. This was done as the differing aerodynamic effects of the platoon
configurations will have an effect on the relationship between VSP and fuel rate. The expected
effect is that platoons with greater aerodynamic drag reductions should result in less fuel being
needed to create the same VSP dynamics. The slope of VSP as a function of fuel rate should be

steeper in those cases. Finally, only non-zero fuel rate data points were considered. The zero fuel
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rate data points will contain many different braking conditions that will vary independent of fuel
rate.

In figure 4.3 the fuel rate and calculated VSP for every time step from A2 operating in a
four truck platoons with a 50-foot spacing is plotted. Each of the points in this figure is plotted
semi transparently with the darker regions representing operating points that occur at a higher

frequency.
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Figure 4.3: Correlation between VSP and fuel rate for A2 in 4T 50 from all testing campaigns
recreated from [19].

Unsurprisingly, the two measures of power correlate during platoon operation.
Theoretically, the slope of the line should be a representation of the efficiency of the truck.
That correlation appears linear in the data shown here. The vertical spread in the data is a result of
the uncertainty on the fuel rate signal. The trend is suspected to exhibit some nonlinearity at
extreme load points as the engine efficiency is not constant for all load points. However, a

combination of noise on the fuel rate signal and the limited range of loads results in the observed
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operating window existing in a linear section of the correlation. Extensive operation at high
acceleration values will result in VSP under predicting energy use. The resulting error is survivable
as such accelerations are exceedingly rare as evidenced by the data in this range not appearing in
any testing campaign.

In figure 4.4 all of the lines of best fit cast through the data for all following cases are
shown. Each truck analyzed is shown in the same color and each platoon configuration has its own

line type.
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Figure 4.4: VSP vs Fuel rate trends for all trucks and platooning configurations recreated from
[19].

Trend lines for each truck are similar to the other trend lines for that truck. There is one
exception to this pattern. The fuel rate versus VSP trends for A2 are split into two groups. The
steeper group is the four truck configurations data and the shallower slope is the two truck
configurations. This is explainable by the differing aerodynamic conditions that have not been

accounted for in the calculation of VSP. When A2 is in a four truck configuration, it experiences
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a greater drag reduction. This would mean that the vehicle would be able to apply more energy to
the wheels for each input of fuel in these cases. This results in the steeper slope seen in the four
truck data.

In table #, the fit equations and R? squared values associated with the trend lines is shown.
The best trend lines exist in the four truck results from A2. This is largely due to the expanded
range of fuel rates and VSP values. As discussed in a previous chapter, the non-predictive control
resulted in a large number of high load points. These load points appear in the four truck A2 results

and in no other truck and platoon configuration.

Table 4.1 VSP vs Fuel Rate Trends

Platoon Linear Fit R?
Configuration

A2 2T 50 Fuel VSP=0.341-FR— | 0.465
Trend 1.60

A2 2T 100 Fuel VSP =0.347 - FR— | 0.490
Trend 1.87

A2 4T 50 Fuel VSP =0.427-FR- | 0.6215
Trend 2.66

A2 4T 100 Fuel VSP=0.415-FR— | 0.632
Trend 2.39

T14 2T 50 Fuel VSP=0.211-FR- | 0.407
Trend 0.41

T14 2T 100 Fuel VSP =0.216- FR— | 0.441
Trend 1.47

T14 4T 50 Fuel VSP =0.197 - FR— | 0.362
Trend 1.02

T14 4T 100 Fuel VSP=0.175-FR- | 0.317
Trend 0.56

T13 4T 50 Fuel VSP=0.233-FR—- | 0.511
Trend 2.24

T13 4T 100 Fuel VSP=0.216 - FR— | 0.457
Trend 0.45

The correlation coefficients span between 0.3 and 0.65. These values represent weak to

moderate correlations. The correlations are weakened by the noise on the fuel rate signal and the
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unaccounted for dynamic delay between the fuel rate input and the torque applied to change the

truck states.

4.2 MSAD Variance Based Approach

The next approach to energy prediction using VSP is to evaluate the variance of the VSP
trace around a target VSP. This method was taken from previous work [7]. The target VSP was
selected at the zero-acceleration point. The idea driving this usage stems from the presupposition
that the best velocity trace is constant. This is not without merit as the increased energy expenditure
come from unnecessary accelerations. However, the adherence to a constant velocity could limit
the flexibility of a predictive control scheme to strategically utilize road grade. The target VSP is
calculated for flat ground and applied universally. The target VSP could move the grade covered
but this behavior is not optimal. The increase in energy input occurring simultaneously with the
grade change acts later than the optimal solution see in chapter 3. In fact, the moving VSP target
more closely aligns with the PID results than it does with the NMPC results pointing to the
insufficiency of the moving target. Therefore, a static VSP target is a better representation of
optimal platooning behavior.

To measure the variance, the mean sum of absolute differences or MSAD was used. The

formulation used for the calculation of the MSAD is shown in equation 4.3.

ZZL(VSP(l) - VSPTarget)
n

MSAD =

(4.3)

VSP(i) represents a point in the VSP vector for the lap, VSPrq;4e¢ represents the zero

acceleration VSP target, n represents the number of points in the VSP vector.
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A figure representing showing what is considered in the variance based method is shown

in figure 4.5 using a representative VSP trace from A2 in a four truck configuration with a 100

foot spacing at ACM 2021.
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Figure 4.5: MSAD Variance Descriptive Figure.

Due to the sensitivity of MSAD result to outliers, a representative lap was created to avoid
the inclusion of such outliers. These representative laps were created by taking the average VSP
at each time step of the lap. The resulting data was then smoothed using a locally weighted
scatterplot smoothing (LOWESS) technique. The total process results in a trace drawn through the
cloud of relevant data. All the data from the truck A2 operating in a four truck platoon with a 100
foot spacing during the ACM 2019 testing campaign and the resulting representative trace is shown

in figure 4.6.
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Figure 4.6: All VSP data points and the LOWESS generated representative trace for A2 4T 100
recreated from [19]. The orange points represent calculated data points and the blue line
represents the representative trace created using the LOWESS method.

This trace allows for representative comparisons between testing campaigns without being
beholden to outlying data.

Since the absolute value of the MSAD of the VSP has little practical meaning, the relative
change in this variance with respect to a matching case will provide a clearer picture. The relative
change in the variance of VSP as measured by MSAD was compared to relative change in the
cumulative fuel used over the lap. The fuel used is calculated by integrating the fuel rate signal
over the course of the lap and then averaging the results of all similar cases. This was done for
each truck, platoon size and following distance for each of the testing campaigns. Similarly, the
MSAD was calculated for each of the representative laps. Finally, the percent change in the fuel

consumed was compared to the percent change in the MSAD measured variance. The results of

this process are plotted in figure 4.7.
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Figure 4.7: Percent change in MSAD Variance and percent change in fuel consumption when
comparing the testing campaigns at the same test track recreated from [19].

In this figure, the shape of the point represents the truck configuration (ex 2T 50 Squares).
The color of the point represents the truck used. The filled shapes come from NCAT data and the
hollow shapes come from ACM data. The data could and does fall into four quadrants each having
its own meaning.
1. The upper right quadrant expresses a prediction of increased energy use and a
reality of increased energy use.
2. The upper left quadrant expresses a prediction of decreased energy use and a reality
of increased energy use.
3. The lower left quadrant expresses a prediction of decreased energy use and a reality
of decreased energy use.
4. The lower right quadrant represents a prediction of increased energy use and a

reality of decreased energy use.
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All A2 results, maroon shapes, from the ACM campaign comparison are in the third lower
left quadrant. The largest shift in both fuel consumption and calculated VSP variance is in the 4T
100 platooning configuration. In the NCAT testing, the MSAD variance stretches over a wide
range of values while the fuel consumption operates in a relatively narrow band. Additionally, the
two truck platoons from NCAT are the only configuration that has matching increases in both fuel
consumption and VSP variance.

T14’s results, blue shapes, are more tightly packed than the results from A2. This is a result
of A2 moving from second to fourth when transiting from a two to four truck platoon. T14 always
operates as the second truck in line. This makes its behavior more consistent. T14 saw fuel savings
when comparing the two ACM testing campaigns. The fuel savings are contrasted by the VSP
variance growing in the two 100 foot spacing platoons and shrinking in the two 50 foot spacing
platoons. The NCAT comparisons show a tight cloud of results around the origin. This result is
due to the changes in controller structure being small and in the relative lack of challenge the
NCAT track poses. Three of four points in this cluster are in the upper left quadrant pointing to
inaccuracies in the methods ability to predict energy consumption results.

T13 only has following results in the four truck platooning configurations. ACM results
are both in the lower left quadrant and are not as extreme as A2’s results. T13 is only third in the
platooning order leaving less room for improvement. The NCAT results are clustered around the
origin showing little change between the two testing campaigns.

The result of the data falling into all four quadrants is that the prediction is not always
accurate. However, the shape of the cluster of data suggests that increasing MSAD generally
results in increasing energy use. This does not eliminate the possibility of using a MSAD based

approach but implies that a better methodology could exist.
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4.3 Sum of Positive VSP
Next, the sum of all of the VSP measured above the coasting line will be explored. The
sum of the positive VSP is representative of the tractive power needed to traverse a path. To show
this relationship the first law of thermodynamics for the truck system is shown in equation 4.4.
AEsys = Etractive — Epraking — Eroad Loaa (4.4)
VSP is a measure of the tractive or braking power given to the truck. Rearranging the

equation provides the equation 4.5.

f VSP = Etractive - EBraking = AEsys + ERoad Load (45)

The sum of VSP represents change in energy in the system and the road load. The change
in system energy value be unchanged when comparing any two velocity trajectories that start and
end in the same states. The road load is a function of drag and as a consequence is not constant for
any two velocity traces. However, if we assume that the platoon is operating at set speed, as is the
case for the data discussed within this study. The approximate value of the right side of the equation
will remain constant for all platooning laps. For this reason, only the positive values of VSP are to
be considered. By only considering the positive values, the increased energy consumption from
unnecessary accelerations can be isolated. This is proposed to be able to predict the fuel use during
platoon operation. Similarly, the negative VSP could be used to make predictions. Approaches
considering the braking energy have been used before [9]. The positive and negative VSP are
linked when examining the same data. The increase in energy use is roughly equivalent to the sum
of the negative VSP over the lap. The positive VSP was selected as it represents the total energy
used over the driving period and not simply the extra energy used as a consequence of braking
events. This decision loosens the requirements to make comparisons. Imagine there were two

different roads that could take you to the same destination. One of the roads is twice as long as the
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other. By examining positive VSP, the differences in the length of the roads will scale the size of
the results and allow for a decision between the two paths to be made. This is not possible by
examining the negative VSP. The truck could drive both paths without braking and would return
the same negative VSP.

A figure representing the portion of the VSP trace included in the integral used to calculate
the sum of positive VSP is shown in figure 4.8. This figure uses A2 in a four truck configuration

with a 100 foot spacing during ACM 2021.
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Figure 4.8: Sum of Positive VSP descriptive figure.

For each of the test laps, the sum of the positive VSP was calculated. This was compared
to the fuel used in the same lap. The results for A2 across all testing campaigns are plotted in figure

4.9.
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Figure 4.9: The lap wise sum of positive VSP plotted with the lap wise fuel consumed for all laps
of A2 from all testing campaigns recreated from [19].

In this figure, the testing campaign is represented by the shape and the platooning
configuration is represented the color. The laps from the two NCAT testing campaigns are tightly
stacked together. This is due to the relative lack of grade based disturbances and the control
methodology not changing. The ACM data is spread out over a much wider range of both fuel
consumption and positive VSP consumption. This is due the increased grade challenge resulted in
poor control. The first conclusion that can be drawn from this result is that there is a trend between
the sum of the positive VSP in a lap and the fuel consumed in that lap. Additionally, as was seen
in a previous chapter, the NMPC based control outperformed the PID based control in the ACM
data.

For greater visual clarity, the representative laps generated for the variance based approach

were subjected to the same analysis. These points will represent the generalized result of the laps
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of their type for each campaign. The transformation is similar to taking the geometric average of
the all of the points in the figure. However, due to the preference for points closer to the mean in
the LOWESS based smoothing, the representative laps are shifted to marginally smaller positive
VSP values than the average location of the platoon type and year configurations. The

representative laps’ positive VSP and fuel consumption is shown in figure 4.10.
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Figure 4.10: The lap wise sum of positive VSP plotted with the lap wise fuel consumed for
averaged representative laps of A2 from all testing campaigns recreated from [19].
In contrast to the previous figure, color now represents the testing campaign the data was
taken from and the shape represents the platooning configuration. The results appear to fall on a
trend line. The NCAT results are tightly clustered around a constant value for both testing
campaigns. The ACM test results show improvements in both fuel consumption and positive VSP
consumed for all platooning configurations. The flat behavior in the ACM 2021 data occurs in the

order of increasing aerodynamic benefits. 2T 100 being the least beneficial aerodynamic case
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appears furthest to the left and 4T 50 the best aerodynamic case appears the furthest to the right.
If a straight line is drawn between the data points of the same platoon configuration in the two
ACM testing campaigns, the slope of the created lines increases as the aerodynamic benefit
increases. The order of differing slopes echoes the results seen in the VSP-Fuel rate correlations
calculated in section #.

Moving to the results seen by T14, the representative laps’ positive VSP is plotted with the
average fuel consumed by laps of that type in figure 4.11 The plot containing all laps can be found

in appendix 1.
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Figure 4.11: The lap wise sum of positive VSP plotted with the lap wise fuel consumed for
averaged representative laps of T14 from all testing campaigns recreated from [19].

Recall, T14 is always second in the platooning order. Controller imperfections are passed
back through platoons. Consequently, the available improvement for the updated controller is

smaller. The data falls into two separate clouds one representative of the NCAT results and the
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other representative of the ACM changes. The two clouds are spread apart and more data in the
gap between the clouds would improve the results.

The last truck with following data is T13. T13 only follows in the four truck platoon
configuration. The results for the representative laps from T13 plotted with the average fuel
consumed by each platoon configuration are shown in figure 4.12. A plot containing the results

for all T13 laps can be found in Appendix 2.
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Figure 4.12: The lap wise sum of positive VSP plotted with the lap wise fuel consumed for
averaged representative laps of T13 from all testing campaigns recreated from [19].

T13 continues the pattern of having a tight cluster of NCAT results and a wider range of
results from the ACM testing campaigns. T13 saw improvements in both fuel used and positive
VSP consumed during the second ACM testing campaign when compared to the first.

In absolute terms, Positive VSP correlates with fuel consumption. To investigate the

predictive power of the positive VSP, the relative change in VSP consumption and fuel
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consumption were compared. The same way the relative changes in MSAD variance were
displayed with the relative change in fuel consumption, the percent change in positive VSP in the

representative laps is plotted with the percent change in fuel consumption in figure 4.13.
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Figure 4.13: The percent change in the Sum of Positive VSP and the percent change in the fuel
consumption between testing campaigns at the same test track.

A trend in the relative change in positive VSP and the change in fuel consumption exists.
The NCAT data tightly packs around the origin. The ACM data exists primarily in the lower left
quadrant. This is expected as the improvement of control scheme resulted in major improvements
between the campaign years. Data results still appear in all four quadrants, but inaccurate

predictions occur over a considerably smaller range of positive VSP changes.

4.4 VSP Method Comparisons
With each of the methods showing merit, a comparison of the relative qualities of each

method is necessary. Returning to the three desired components of the powertrain independent
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metric, all three mythologies achieve the independence goal. VSP is powertrain independent in its
nature and any of its expressions will retain powertrain independence.

The next desired component was accuracy. The direct replacement of fuel rate with VSP
is possible. The calculated VSP is correlated with fuel rate. However, the lack of a strong
correlation prevents the direct replacement from being the preferred solution. The variance based
method and the positive VSP method both have predictive power over the fuel consumption. The

relative change relations for both methods are plotted on the same image in figure 4.14.
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Figure 4.14: The percent change in the VSP metric and the percent change in the fuel
consumption between testing campaigns at the same test track.
The positive VSP method results in fewer inaccurate predictions, has a shorter range under
which the errors occur, and is more closely proportional to changes in fuel consumption. The trend
in the positive VSP results are closer to the slope of one, representing a linear proportional

relationship. The MSAD results show a flatter trend hinting to weak predictive power or a
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nonlinear trend. For these reasons, the positive VSP method is a higher fidelity representation of
the energy used by trucks in a platoon.

Finally, when considering applicability, the number of preconditions needed for a
comparison to be valid is smaller for the positive VSP method when compared to the variance
based method. For valid comparisons with the variance based method the following conditions
must exist:

1. The compared data selections must cover the same distance.
2. The compared data must run in the same road conditions.
3. The compared data must be run at the same targeted speed value.

If any of these conditions are not true, the comparison between the two sets of data would
carry little weight as the absolute value of MSAD variance has limited meaning. All of these
conditions are not necessary for the comparison using the positive VSP method. This is clearly
shown in the positive VSP versus fuel consumed figures, where the NCAT data and the ACM data
fall along the same trend. This property allows for flexibility in the application of the positive VSP

method.

4.1 VSP Methodology conclusions
When looking back to the original set of desirable parameters for a powertrain independent
energy tracking metric, the following conclusions can be drawn.
1. Independence: All three methods have the desired powertrain independence. Each
of the methods could be applied in a nonconvention powertrain truck. This property
is derived from the first principles basis of VSP, and remains consistent for each

analysis methodology.

47



2. Accuracy: Each of the methods has a least some predicative power over the fuel
use in the same driving period. Direct replacement of fuel rate with VSP is less
accurate than the MSAD variance and they are both less accurate than the positive
VSP method. The correlation coefficients for the direct replacement ranged as low
as 0.407 reducing confidence in the accuracy of the method. When comparing the
MSAD method to the positive VSP method, positive VSP exhibited enhanced
accuracy.

3. Simplicity: The direct replacement method requires zero post processing steps and
can be compared for any two points. The positive VSP method requires negative
points to be neglected, adding a slight complexity. The MSAD variance method
requires a large number of post processing steps and requires a large number of
similarities for comparisons.

From these differences, the direct replacement does well with independence and simplicity
but lacks the necessary accuracy to be selected. The variance based method remains independent
and more is accurate than the direct replacement, but the post processing steps leave it as an
undesirable selection. The positive VSP method retains the independence, is the most accurate

method, and requires minimal post processing and as such is the preferred method.
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Chapter 5: Linearization of VSP
The ultimate goal developing a powertrain independent measure of energy usage is the
implementation in a control algorithm. One of the desirable characteristics of terms in a cost
function is linearity or at least concavity. Linearity and concavity prevent optimization solutions
from selecting local minimums. VSP is both nonlinear and non-concave. This does not prevent its
use of VSP in a cost function however it could make its implementation difficult. As such, a
linearization of VSP could make the transition from theory to practice significantly easier.

Equation 4.1 is represented again below.

Cp A
ﬁ(v + 'UW)Z % (41)

VSP =v(a(1+7y) + g(Grade + Crg)) + Pa

The VSP equation is a function of the vehicle’s velocity, acceleration, and the road grade.

A Taylor series expansion in containing each of the input variables was created. The higher order
terms in velocity were ignored to maintain linearity. The introduced error will remain small in

magnitude while operating close to the set point of the linearization. VSP as a linearized field is

shown in the equation 5.1.

dvsp
dGrade

dvspP dvspP
VSP, = VSPy + AV (—) + Aa( )
a, Grade da V,Grade

av + Agrade (

)V'a (5.1)

VSP, represents the linearized function of VSP, VSP, represents the VSP at the set point,

AV represents the difference between the velocity and the set point velocity (V - V),

(dVSP)
av a, Grade

represents the partial derivative in the velocity with acceleration and grade held
constant.
By taking the derivative with respect to each input while fixing the others to a set point

condition, the values for each of the terms can be calculated. The symbolic representation of each

of the terms is shown in equations 5.2, 5.3, and 5.4.
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dvspP
(—) - a0(1+]/) + g(CRR +Gradeo) + SCAVOZ (5.2)
dV a, Grade
dVvspP
= Vo(1+7y) (5.3)
( da )V,Grade 0 4
dVsP _y (5.4)
(dGrade)V,a = Yo '

. . . Cp-A
C, is represents the constant in the aerodynamic term pal—D.

In an effort to explore the linearization the following parameters were selected to represent
the set point conditions. V, = 20.1m/s, a, = 0m/s?, Grade, = 0. These values center the
linearization around the zero-acceleration target VSP from equation 4.2. Using these assumptions
and A2’s truck parameters, the following linear trends for each of the input variables were

calculated for A2.

VSP, = 2.79 W
0o — . kg

%)

(dVSP) 0.3273 w
dV a, Grade . kg m

(dVSP) _ 4105 w
da V,Grade . kg

39

( dvsp ) _ 19718 w
dGrade/y, o " kg

The magnitude of the partial derivatives would suggest that only the change relative grade
matters to the calculation of VSP. However, the size operational range of each of the variables
keeps each of the input parameters relevant. Velocity can be expected to vary between 18.5 and
21.5 m/s in current test data. The acceleration varies between —1 and 1 m/s? during platooning

operation. the grade at ACM varies between —0.025 and 0.025. Using these operational ranges,
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acceleration is the largest driver of VSP. Despite this, velocity errors are the largest driver of
linearization error. The acceleration and grade based derivatives are a linear function of velocity.
While operating at the setpoint velocity there is no errors in the calculation of VSP of the
derivatives in the acceleration and grade direction are linear. As the truck operates further from
the set point velocity, the derivative in the acceleration and grade will diverge from the true values.

VSP and linearized VSP as a function of velocity while maintaining acceleration and grade

constants is in figure 5.1.
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Figure 5.1: True VSP and Linearized VSP plotted against a velocity input.
The Linearization is accurate on a range between roughly 15 and 25 meters per second.
This result gives confidence in the linearization’s ability to accurately represent VSP in the

relatively stable platooning environment.
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Using this linearization, the VSP results were recalculated using the updated equation for
VSP. Using a representative trace of 4T 100 from ACM 2021, the true VSP trace and the linearized

VSP trace are shown in figure 5.2.
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Figure 5.2: True VSP trace and Linearized VSP trace of A2 in using the representative lap for the
4T 100 configuration.

The linearized results for VSP closely replicate the true results calculated from the selected
lap. However, platoons operate in stable velocity conditions. Therefore, the platooning case should
be one of the more accurate conditions for the linearization. The errors result in both over and
under estimations of the VSP values allowing for an averaging effect of considering the whole to

remove much of the error.

To show the impact on the positive VSP results, the true VSP and the linearized VSP for

the representative laps are plotted in figure 5.3.
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Figure 5.3: Positive VSP results utilizing the true VSP and the linearized VSP for A2.

The errors generated by the linearization are small in magnitude over the course of the
whole lap. The sum of linearized VSP is sufficiently similar to the true VSP for the use of the
linearized results for controller cost functions. However, steady platoon operation is one of the
best cases for the linearization. The acceleration and grade ranges values will generally center
around zero. This makes each of the partial derivatives in the linearization primarily driven by the
chosen set point velocity. Therefore, operation near the set point velocity will be crucial to the
linearization accuracy. The linearization will lose accuracy while trying to track a dynamic
maneuver. One such maneuver could be stopping at a traffic light and accelerating back to the

nominal velocity.
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Chapter 6: Conclusions and Future Recommendations

In this work, the platoon performance changes brought through predictive control
utilization was examined, and three methods of VSP utilization as a powertrain independent energy
assessment metric were explored. The qualities of the methods were compared, and a clear victor
emerged — sum of positive VSP. Additionally, a linearization of VSP was created and its impact
on results of the platoon analysis.

The predicative control strategy, when compared to the traditional PID based control
strategically, allowed high headway errors to reduce the severity of high load excursions. This
increased tolerance for headway errors was observed in increases headway variance during
predictive control utilization. The resulting measures of instantiations power consumption showed
decreased variance in the same operational cases. Thus, utilization of predictive control resulted
in energy reductions in all examined following cases. The predictive controller also created more
string stable results. The amplification of dynamics passed back through the platoons seen in PID
controlled laps was almost completely absent from the NMPC laps of the same type. This result is
echoed in the increasing benefit of predictive control as the number of trucks in front of the
examined vehicle increases. Relative to PID controlled platooning cases, predictive control
showed 2-11% fuel consumption improvements for trucks second in the platooning order, 8-14%
fuel consumption improvements for trucks third in the platooning order, and a massive 25-31%
fuel consumption improvements for trucks fourth in the platooning order. These growing
improvements come from the deterioration of PID control and the relative stability of the NMPC
control. The resulting stability allows for the usage of extended platoon lengths in the face of grade

based disturbances and points to NMPC’s ability to overcome other predicable disturbances.
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With the clear advantages of predictive control established, the search for a powertrain
independent metric capable of replacing fuel rate in the cost function began. The exploration into
the usage of VSP as a powertrain independent replacement for fuel consumption showed promise.
VSP is correlated with the metric currently used in predictive control, fuel rate. The correlations
suggest that the direct replacement of fuel rate with VSP is possible. The slope of the correlation
is a representation of the efficiency of the truck being examined. Therefore, the slope of the trend
line is dependent on the aerodynamic condition of the truck. As the drag coefficient is decreased
the amount of fuel required to create the energy change seen through VSP decreases. However,
the calculated correlations are not strong. The correlation coefficients range between 0.31 and 0.63.
The dynamic delay between the fuel input and the eventual vehicle response used for VSP
calculation combined with the noisy nature of the fuel rate signal creates uncertainty in predictive
power when using VSP as a direct replacement for fuel rate.

The variance of the VSP around a targeted VSP showed a correlation to the decrease in
fuel consumption. When looking at laps of similar type and location, the increase in the VSP
MSAD measured variance generally resulted in a reduction in fuel consumption. However, the
restrictions in the number valid comparisons of the VSP MSAD variance is a serious limitation.
The absolute MSAD variance value has no practical meaning and only the relative variance change
contains useful information. This makes comparisons using VSP MSAD variance require an
expansive list of conditions. This combined with the needed post processing steps makes the VSP
MSAD Variance based method unattractive.

The Positive VSP method correlates with fuel consumption over a given mission length.
The Positive VSP method was found to be the most accurate of all three VSP-based methods.

Additionally, the calculated positive VSP for a truck can be compared to any other travelled path
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of the same truck and retain the encoded information. The increased accuracy combined with the
wide range of possible comparisons and lack of necessary post processing steps results in the
recommended use of the positive VSP method as the preferred utilization of VSP in platooning
analysis.

The VSP equation was linearized as a function of three input variables. These variables
were velocity, acceleration, and road grade. By creating a VSP plane, the lack of concavity in the
nonlinear VSP equation could be rectified. When the observed results operate near the set point
velocity of the linearization, the introduced errors are relatively small. The resulting errors are
fairly evenly distributed on both sides of zero. Therefore, when the sum of VSP is calculated, the
influence of the errors is largely averaged out of the results. However, as with any linearization,
error increases as the truck operates further away from the set point. To counter act this behavior,
when implementing the linearization, it would be wise to recalculate the linearization terms around
the nominal velocity of the operating platoon. The necessity for the linearization of VSP is unclear.
However, if the lack of concavity in VSP creates issue for the generation of optimal solutions, VSP
can be linearized and the its impact on accuracy is negligible.

The methods used in this study assumed that the truck received no aerodynamic benefit
from being within a platoon. The inclusion of a drag coefficient model as a function of following
distance would improve the accuracy of the results. The inclusion of such an aerodynamic model
should tighten the results when operating in different platooning configurations.

VSP can provide insights on trucks of all powertrain types. As such, adjustments to the
positive VSP method to account for the recuperated energy from regenerative braking should be
explored. The inclusion of a small portion of the negative VSP in the summation could be capable

of representing such an energy recuperation. If regenerative braking is included into VSP
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calculation, the same level of accuracy in the analysis of nonconventional powertrains should be
expected.

The implementation of VSP as a parameter in a predictive controllers cost function should be
investigated. A VSP solution would be less specifically tailored to any particular vehicle.
Therefore, whether the benefits of the predictive controller are preserved should be investigated.
If VSP’s nonlinear and nonconcave nature creates issues in the controller devolvement, VSP can
be linearized to avoid these issues. When implementing VSP in a control strategy, the following
VSP limitations should be considered:

1. VSP does not account for powertrain efficiency. This property is one of the primary
motivations for its usage. However, the nonlinearity introduced through the changing
powertrain efficiency as it operates at different load points will not be included. This means
that at extreme load points the linear addition of VSP may be inaccurate.

2. The usage of a constant value of rolling resistance becomes less accurate at low velocities.

As the operating velocity approaches zero the accuracy of VSP will deteriorate.

These inaccuracies occur during what are most likely undesirable operating conditions but
a VSP based optimization could be drawn to these operating points due to this blindness.
Despite these limitations, a sum positive VSP based control remains a promising pathway to

powertrain independent platoon controllers.
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Appendix 1: T14 Positive VSP vs Lap based Fuel
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