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Abstract: With the advancement of Vehicle-to-Vehicle (V2V) and Vehicle-to-Infrastructure (V2I) technologies, more and more
real-time information regarding traffic and transportation system will be available to vehicles. This paper presents the
development of a novel algorithm that uses available velocity bounds and powertrain information to generate an optimal
velocity trajectory over a prediction horizon. When utilized by a vehicle, this optimal velocity trajectory reduces fuel
consumption. The objective of this optimization problem is to reduce dynamic losses, required tractive force, and completing
trip distance with a given travel time. Sequential Quadratic Programming (SQP) method is employed for this nonlinearly
constrained optimization problem. When applied to a GM Volt-2, the generated velocity trajectory saves fuel compared to a
real-world drive cycle. The simulation results confirm the fuel consumption reduction with the rule-based mode selection
and the energy management strategy of a GM Volt 2 model in Autonomie.

1. Introduction

The future of transportation system is expected to have
vehicles built to communicate with each other and with the
transport infrastructure, which are referred to as Vehicle-to-
Vehicle (V2V) communication and Vehicle-to-Infrastructure
(V2I) communication, respectively. The connectivity among
vehicles and infrastructure allows to reduce traffic congestion
[1], improve safety on road along with reduction in travel
time [2] and reduce vehicle fuel consumption [3, 4]. An
important part of implementing V2V is utilization of Internet
of Things (IoT) to perform pervasive computing [5, 6]. In
recent literature by researchers [7, 8], real-time information
from Road Side Units (RSU), such as signalized traffic
intersections, charging stations and traffic congestion
monitoring units, enables vehicle controllers to optimize
power-train efficiency.

Connected and Automated Vehicles (CAV) have the
potential to bring significant change in transportation sector
by improving traffic throughout and automobile efficiency
[9]. In CAV scenario, each vehicle in connected environment
shares information about its travel behaviour, energy usage,
surrounding traffic information, congestion and road
incidents. Also, vehicles in platoon can respond appropriately
to boost the utilization of road networks and increase
efficiency of transportation [10]. Dedicated Short Range
Communication (DSRC) allows very high data transmission
rate thus promoting a cascading system of information
transmission among connected vehicles for a larger outreach
in the traffic network. Enhanced safety in transportation
systems is achieved and adaptability is increased to the
changes in travel demand and dynamic traffic situations [11].
Authors in [12] have surveyed different smartphone-based
ITS technologies, which could be utilized to implement CAV
and improve driving.

Standard drive cycles, such as Urban Dynamometer
Driving Schedule (UDDS), Highway Fuel Economy Test
(HWFET) and Federal Test Procedure (FTP), are useful to

measure the vehicle efficiency. However, standard drive
cycles do not necessarily represent an individual’s driving
pattern that varies individually from aggressive to relaxed
driving style [13]. Researchers have demonstrated a direct
dependence of vehicle fuel economy/emission on its
operational speed profile [14, 15]. The variation of emission
due to varied acceleration/deceleration profiles was also
conducted in [16]. For vehicles with hybrid powertrain,
characterizing a drive cycle allows powertrain controller to
determine torque blending parameters from electric motors
and ICE [17-21].

Various methods have been investigated to a realistic
and optimal velocity profile by synthesizing traffic condition,
congestion levels, environmental factors and road networks.
In [22], investigators have developed stochastic modelling to
predict preceding vehicle velocity with information sources
such as V2V, V2I and radar signals to enhance vehicle
performance. In article [23], investigators were able to form
velocity predictors based on stochastic Markov Chain,
Artificial Neural Network Model, and exponentially varying
model. Researchers have also used cloud networks to acquire
CAV data and synthesize a drive cycle using Markov chain
models [24]. A dynamic programming controller performed
fuel optimization on the drive cycle to report significant fuel
improvement [25]. Article [26] describes a mechanism to
periodically operate automated vehicle in freeway case.
Authors have utilised S-shaped engine fuelling rate and
traffic information to improve fuel economy. The possibility
of CAV provides an opportunity to develop a real-time
adaptive and dynamic velocity model for vehicles. As every
vehicle co-operates by sharing the information to its
neighbour and surrounding vehicles. A suitable framework
could be employed to pre-emptively modify the energy
management strategy: thus adapting to future traffic flow [27].

This research focuses on developing a novel algorithm
for the optimization of vehicle velocity profile to demonstrate
the benefit of CAV technologies. Fig. 1 shows a framework
of V2V and V2I communications in a fleet of interconnected



vehicles to exchange information with each other through a
cloud-based broker. The vehicles and RSUs broadcast their
information such as speed, position, modes, and traffic light,
periodically to a cloud broker. A traffic-simulation server
processes data available on the cloud broker system to
identify congestion levels, select an optimal route and
generate projected velocity bounds for a prediction time
interval. The server would then relay the generated speed
bounds and route information to individual vehicles to
improve vehicle fuel economy and achieve the functions of
Eco-routing, speed harmonization, Eco-approach and
departure at signalized intersections and cooperative adaptive
cruise control.

Traffic simulation server

Cloud broker

Velocity bounds over
prediction horizon
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Fig. 1. Framework for traffic information supported velocity
optimization

The presented algorithm is an improvement over
existing methods by characterizing dynamic traffic and
vehicle powertrain conditions. Different from Markov Chain
and Neural Network predictions, which are typically based on
historical data [14, 23, 25, 28]. The developed algorithm uses
a moving horizon - based optimization to minimize vehicle
dynamics power losses and required propulsion power. The
dynamic traffic conditions are described by an adaptive time-
based velocity bounds as would be experienced by each
vehicle in near future. With these maximum and minimum
speed bounds, the presented algorithm generates an optimal
velocity trajectory for a vehicle by minimizing power
consumption over the prediction horizon under dynamic
powertrain constraints. The effectiveness of the developed
algorithm has been validated using MTU drive cycle.
Consequently, the speed trajectories generated by the
algorithm is evaluated by a multi-mode plug-in hybrid
electric vehicle in Autonomie software [29].

The remainder of the paper is structured as follows:
Section 2 formulates the optimization problem and presents
the pseudo code of the optimization algorithm, which is used
to investigate and generate optimal velocity trajectory.
Section 3 validates the effectiveness of the optimal velocity
trajectory using a real-world drive cycle. Section 4 presents
the final conclusion and future work.

2. Formulation of Optimal Velocity Prediction

The optimal velocity prediction aims at incorporating
vehicle dynamics, powertrain capabilities, and traffic
conditions to generate a velocity trajectory over a prediction
horizon. The presented speed profile minimizes dynamic and
static losses at vehicular level while operating within the
speed boundaries. The plant model considering longitudinal
vehicle dynamics includes drag, inertial, gradient and rolling
resistance forces as shown below.

E — Ftraction(t)
dt m
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Where, m is mass of the vehicle; Fyqcti0n 18 traction force;

p is density of air; Cp is the coefficient of drag; g is the

acceleration due to gravity; p is the coefficient of friction.
The control states for the optimal velocity prediction

algorithm are defined as
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where vj,,, and thctioni . Tepresent velocity and traction

force of vehicle over the control horizon window. A control
law minimizing the dynamics losses and power requirement
over the control horizon is established as

1
L:wy (mgsine + umgcosO + E'DCDAVZ) v+

2
Wy thraction + W3 (Saccum - Sref) (4)

where w;,w, and w; are weights assigned to vehicle
dynamics loss, traction force, and the deviation of travelled
distance comparing with a reference distance, respectively.
The values of weights are selected to make the distance
travelled by optimized drive cycle close to original drive
cycle and having good fuel economy. The dynamics power
losses are associated with gradient, rolling resistance and drag
forces  while traction losses for  unnecessary
braking/acceleration of vehicle operation within velocity
bounds. S,ccum 1S an accumulated distance travelled till
current time and S, is a reference distance for current
control horizon as shown in (5)

_ STrip
of =
f TTrip

Sy (teurrent T Size of control horizon) (5)

where Sr,.q;, is total trip distance and Tr,, is total trip time.
The optimal velocity prediction algorithm is subjected
to following constraints:

dv
m (E) + mgsin® + umgcos©
1
+EPCDAUZ — Feractiom =0 (6)

Taxlemax (V)
Ftraction = R (7)
wheel

where Ry, pee; 18 the wheel radius of the vehicle.
The limiting tractive torque values are interpolated
from Volt Gen 2 torque maps to obtain maximum torque
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available at different speeds as shown in Fig. 2. The axle
torque map data which is as function of velocity are
considered for the traction inequality constraint (7). Thus,
tractive force is a function of velocity.

The bounds of states are defined in (8) and (9).
Firactionma, 18 upper bound for tractive force, which is
considered as 7081.9 N based on physical limit of vehicle,
such as adherence limit and weight distribution of the vehicle.
Firaction,y;, 18 considered as negative value of the upper
bound. The vypper and vy, are the upper and lower
velocity bounds as a function of time available over the

control horizon as shown in (10) and (11).

Ftractionmin = Ftraction = Ftractionmax (8)
Viower () < v(t) < Vypper () (€
vupper (t)|te[1,tc] = [vupperl: vupperZ' [E] vuppe‘rtc] (10)
Viower (t)|te[1,tc] = [vlowerl' Viower2s ++» vlowertc] (1 1)

Road grade information over the control horizon is
given as a function of distance (s)
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Fig. 2. Maximum torque available at wheels for GM Volt
Gen 2 [30]

The position of the vehicle is tracked by accumulated
distance travelled in the presented algorithm. The position of
vehicle is used to decide the immediate grade. The maximum
distance that can be travelled in the control horizon is added
to accumulated distance to find the future possible position of
the vehicle. Grade corresponding to intermediate distance are
available in a form of map against distance. For all the other
values of distances, which are between the current position
and future possible position, grades are interpolated.

A smaller window of control horizon is
adopted (tc|t; < tcyce) while performing each run of
optimization. This enables the optimizer to adapt to changes
in velocity pre-emptively in the control horizon window as it
progresses along cycle as shown in Fig. 3. Towards the latter
stages as t. gets greater than remaining cycle, the control
horizon window is reduced. After each course of optimization
with control horizon window, the control inputs for first
sample are applied to the vehicle.

The pseudo code of the optimal velocity prediction
algorithm is shown in Table 1. Sequential Quadratic
Programming (SQP) optimizer is employed to solve this non-
linear optimization problem [31]. SQP is very popular and
robust algorithm. SQP is helpful in finding an optimization
problem solution by iterating a sequence of approximate
solutions for quadratic sub-problem and thereby converge to
an optimal local solution. The benefit of utilizing SQP is its
properties of handling non-linear constraints. Non-linear
constraints can be equally expensive and difficult to solve as
a non-linear objective function.

— — Upper bound
Lower Bound

257

t. = control horizon for optimization

v,
[Fto] = control inputs of first instance as optimized in control horizon
o
ig. 3. Control horizon-based optimal velocity prediction
Fig. 3. Control h based optimal vel dict

for given velocity bounds

Table 1: The pseudo code of the optimal velocity prediction
algorithm

Velocity Prediction Algorithm

Input — Velocity bounds (Vyppers Viower ), grade (0), trip
distance (Strip) and Trrip

Output — Optimal velocity trajectory

Define Parameters
Mass of vehicle (m), Coefficient of drag (Cy), Air density
(p), Frontal area cross section (A) etc.

Initialization
STrip .

Rs = , Accumulated distance Sy.cym = 0
TTrip

for (j = 1:(length(Drive Cycle)-1))

if (length(Drive Cycle)-j) < control horizon
control horizon = length(Drive Cycle)-j+1;
end




Start a new control horizon

index1 = Syceum

index 2 = Sgecum + Vupper (1 J + t) * timestep
6(index 1:index 2)

Sref = Rg * (tcyrrent T Size of control horizon)

Cost Function
L:wy (mgsine + umgcosO + ipCDsz) v+

2
2
Wy Ffaction T W3 (Saccum - Sref)

Define Constraints

Bound: 17upper! Viowers Ftractianmax! Ftractionmin
Nonlinear constraints:

F Taxlemax®)
traction = R
wheel

dv .,
m (E) + mgsin® + umgcosO +

1 2
EPCDAV — Firaction = 0

Solve the optimization problem using SQP to minimize
L subject to constraints

Apply the velocity ¥ as optimal speed profile of the
vehicle
Update accumulated distance as below

Saccum = Saccum + V(j) * time step

end

3. Validate the effectiveness of optimal velocity
prediction algorithm with real-world drive cycle

The developed optimal velocity prediction algorithm
is evaluated using a real-world drive cycle (MTU drive cycle)
collected from local Hancock/Houghton area. Fig. 4 and Fig.
5 show the Google map view and elevation of MTU drive
cycle. MTU drive cycle was designed to have similar
characteristics as EPA certification cycles with city and
highway driving along with variation in traffic and
incorporate numerous traffic stops (signs and lights). The
drive cycle was also designed to have significant elevation
changes, consisting of long and short grades. The drive cycle
includes 23.4759 miles of highway, city, urban and rural
driving with +/- 580 feet of elevation change, 12 stop signs
and 3 traffic lights. We have also tested the developed
algorithm in an area that has less elevation change. The drive
cycle data were collected in Pontiac Trail near Ann Arbor,
Michigan. The drive cycle is 17.8966 miles and elevation
ranging from 273.2 meters to 314.1 meters above sea level.
Thus, elevation change is very less compared to MTU drive
cycle. There are 10 stops in total (stop signs and/or traffic
lights) in Pontiac Trail drive cycle.

N Finish at
MTU APS Lab

Fig. 4. Google map view of MTU drive cycle
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Fig. 5. The elevation of MTU drive cycle in meters

The optimal velocity trajectory is generated using
presented optimal velocity prediction algorithm. The
simulation parameters are listed in Table 2. The distance
travelled as result of optimal MTU velocity trajectory is
23.4717 miles and optimal Pontiac Trail velocity trajectory is
17.8924 miles. The upper and lower bounds are generated by
adding and subtracting 2 m/s from the MTU drive cycle.
During the course of simulation, w; = 1,w, = 6 and w; =
245 are selected to achieve an energy efficient speed
trajectory characterized by minimal distance error and
velocity fluctuations. The torque map shown in Fig. 2
describes the maximum torque available at wheel for GM
Volt Gen 2, which is interpolated from a torque map
presented in [30] using [32]. The maximum braking force
available at wheels is assumed to be 7081.9 N. The generated
optimal velocity trajectory together with MTU drive cycle,
upper and lower velocity bounds, are shown in Fig. 6.
Comparing optimal velocity trajectory with MTU drive cycle,
we can see that the optimal algorithm is able to generate a less
aggressive velocity trajectory. The optimal velocity trajectory
remains within the upper and lower velocity bounds. In area
1 from t=215 sec. to 425 sec., the optimal velocity trajectory
has less fluctuations. From 2050 sec. to 2150 sec., the velocity
bounds asks for acceleration from a stop. Again, the presented
algorithm is able to generate optimal acceleration profile
within the bounds and taper off the fluctuation of bounds.
This certainly is helpful in avoiding erratic fuel rate demand
as discussed further in this section.

4



70

[+}]
(=]

4]
o

B
(=]

Velocity (mph)
W
(=]

N
(=}

10

= = = = Upper Velocity Bound
= MITU Drive Cycle

— Optimal Velocity Trajectory
= @= Lower Velocity Bound

0 1
500 1000

1500 2500

Time (seconds)

Fig. 6. Generated optimal MTU velocity trajectory v.s. MTU drive cycle

Table 2: Simulation parameter values for generating
velocity trajectory

Parameter Name MTU Pontiac Unit
Drive Drive
Cycle Cycle
Mass of Vehicle 1876 1876 kg
(m)
Air density (p) 1.20382 1.20382 | kg/m3
Drag coefficient 0.311 0.311 N/A
(Cp)
Cross sectional area 2.372 2.372 m?
(4)
Friction coefficient 0.008 0.008 N/A
()]
Acceleration due to 9.81 9.81 m/s?
gravity (g)
Weighting factor 1 1
Wy
Weighting factor 6 10
w2
Weighting factor 24.5 77
W3
Wheel radius 0.30139 0.30139 m
(Rwheel)
Brake force limit, 7081.9 7081.9 N
F tractiongin
Control horizon 10 10 N/A
Time step 1 1 second

The performance comparison of optimized velocity
trajectory and original drive cycles on fuel economy and
powertrain operation is conducted using Autonomie software.

A multi-mode plug-in hybrid electric vehicle, Chevy Gen II
Volt is selected for the comparison study. Fig. 7 shows the
Volt Gen II powertrain system, which consists of one engine,
two electric motors, battery/power electronics, three clutches,
and two planetary gear sets. The operation of Volt’s hybrid
powertrain can be classified into two major categories —
Electric Vehicle (EV) operation and Extended Range (ER)
operation. During EV operation, the vehicle runs in pure
electric range with one motor EV (1EV) mode or two motor
EV (2EV) mode based on torque demand and speed demand
from a driver. During ER operation, the engine operates
alongside motors to propel the vehicle. Different
combinations of three clutches operate the vehicle in each of
the Low Extended Range (LER) mode, Fixed ratio Extended
Range (FER) mode, or High Extended Range (HER) mode,
which is extensively described in [30].

oris |.,E cL2

ICE: Way

75 kW/140 Nm  Clutch Final Drive

PG2

MGA: MGB:
48 kW/116 Nm PG1 87 kW/280 Nm

i MGB

cL1 |
frower |
Eectronics |

Battery:
18.4 kWh

Fig. 7. Powertrain architecture of Chevy Gen II Volt

The evaluation examines the fuel economy benefit,
operating regions of powertrain components, regenerative
braking, and energy losses, for both optimized velocity
trajectory and original drive cycles. Original drive cycles are
considered as ‘Baseline’ drive cycles. The evaluation is
performed using Autonomie software and GM Volt 2 model
in Autonomie. The values of simulation parameters are
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summarized in Table 2. Table 3 provides details of initial and
target SOC values, which are defined before Autonomie
simulation.

Table 3: SOC initialization values in Autonomie

Parameter Name Values
Initial SOC 15%
Target SOC 15%
Minimum CS SOC limit 14%
Maximum CS SOC limit 16%

The simulation results show that the generated optimal
velocity trajectories are able to improve fuel economy from
48.4288 miles/gallon (MTU drive cycle) to 50.1340
miles/gallon and 45.1407 miles/gallon (Pontiac Trail drive
cycle) to 46.2468 miles/gallon as shown in Table 4.

Table 4: Observed Fuel Economy Improvements

Drive Cycle Fuel Economy Improvement
(mpg)

MTU Drive 48.4288 +1.7052 mpg

Cycle

Optimal MTU 50.1340

Velocity

Trajectory

Pontiac Trail 45.1407 +1.1061 mpg

Drive Cycle

Optimal Pontiac 46.2468

Trail Velocity

Trajectory

From the simulation results, we also observe that the
engine energy loss is reduced by 5.02% with the optimal
velocity trajectory as shown in Fig. 8. The engine energy loss
can be calculated by (13). The engine energy loss is the
engine power loss multiplies the time of the drive cycle. The
power input to the engine is the product of the instantaneous
fuel flow rate my and the lower heating value of gasoline
(QLuy)- Peng is the output power of the engine. Both thermal
power loss and mechanical power loss are considered in (13).

Eengloss = Pengloss xT = (mf * Quuy — Peng) xT
= (g * Quay —Te X we) X T (13)
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Fig. 8. Engine energy loss comparison of MTU drive cycle
vs optimal MTU velocity trajectory

From (13) we can see that the engine energy loss is
determined by engine fuel flow rate and engine operating
points. The engine fuel flow rate of optimal velocity
trajectory is lower than that of MTU drive cycle over entire
drive cycle. Fig. 9 shows the comparison of engine fuel flow
rate from 215 to 425 seconds. From figure 9 we observe that
fuel flow rate in case of MTU drive cycle is fluctuating
relatively more than optimal velocity trajectory.
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Fig. 9. Engine fuel flow rate from 215 to 425 seconds in
MTU drive cycle and optimal MTU velocity trajectory

The presented algorithm helps in avoiding frequent
engine on/off as shown in Fig. 10. Engine status change has
considerably reduced and the percentage of reduction is 19.04%
as seen in Fig. 11.
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Fig. 10. Engine ON/OFF status: MTU drive cycle vs
optimal MTU velocity trajectory
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Fig. 11. Engine status change in MTU drive cycle and
optimal MTU velocity trajectory



Fig. 12 shows that the reduction in velocity
fluctuations also helps to increase the chances of operating
engine within minimum Brake Specific Fuel Consumption
(BSFC) region. Such opportunities are one of the contributors
to the improvement of fuel economy due to optimization.
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Fig. 12. Engine operating points from 2050 to 2150 seconds
in MTU drive cycle and optimal MTU velocity trajectory

With the presented algorithm, the motor torque
demand has also been evened off. Frequent peaks have been
avoided. Fig. 13 and Fig. 14 show the regions of motor 1 and
motor 2 torque demand from 215 to 425 seconds of the
simulation.
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Fig. 13. Motor 1 torque demand from 215 to 425 seconds in
MTU drive cycle and optimal MTU velocity trajectory
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Fig. 14. Motor 2 torque demand from 215 to 425 seconds

The total brake energy of optimal velocity trajectory
is less than that of MTU drive cycle. The percentage of
regenerative energy recovered is more with optimal velocity
trajectory against MTU drive cycle as shown in Fig. 15. The
percentage improvement in regenerative energy recovered as
per Autonomie is 2.42%.

35 100
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= 31 =Total Brake Energy (kWh) B
= 80 a
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=] — - E
g2 — -
215 - = 3=
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=11 =
= = 20 ~
" 05 - =
0 — = 0
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Fig. 15. Total brake energy and the amount recovered by
regeneration: MTU Drive Cycle (MTU DC) vs Optimal
MTU Velocity Trajectory (OVT)

4. Conclusion

With forthcoming infrastructure modernization,
availability of real-time traffic information and detailed static
information of road networks can be used for short term
predictions to the benefit of driving optimally and achieving
higher fuel economy. The performance of optimal velocity
trajectory generated by the presented velocity predictor is
evaluated in Autonomie for the GM Volt Gen II model. We
have observed an improvement of 3.521% in fuel economy
due to the optimized velocity trajectory. Fuel rate map shows
that the algorithm has been successful to reduce the
fluctuations and frequent peaks as similar to smoothening of
velocity during the same period. The simulation results in
section 3 show considerable improvements in reducing
engine energy loss, avoiding frequent change in engine status,
and recovering more regenerative energy from total brake
energy. It is also observed that the improvement is more when
the route has considerable elevation changes.



5. Future Work

The future work in this area of research would
consider utilization of predictive control such as non-linear
model predictive control as powertrain controller for multi-
mode hybrid vehicle architecture instead of rule-based
controller to maximize the benefits of available future
information. Also with that, recognition of stop signs and
traffic signals in case of imminent stops to maximize
recuperation energy through upper-level control. With known
upcoming velocity trajectory, real-time decision making of
optimal mode selection can be explored.
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