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Supervisory controller for minimizing fuel consumption
and NOx emissions of plug-in hybrid electric vehicles
operating in zero-emission zones

Douglas Uberti Pinto'( Benjamin Pla'{» André Nakaema Aronis'j
Emmanuele Frasci?® and Ivan Arsie?

Abstract

This paper introduces a supervisory controller designed for Plug-in Hybrid Electric Vehicles (PHEVs) to minimize total
energy consumption and tailpipe NOx emissions while adhering to Zero Emission Zone (ZEZ) constraints. The case
study exploits historical driving cycle data from an urban bus route in Zurich to analyze trip correlations, where a ZEZ
restriction was added to assess the vehicle performance under such conditions. A PHEV bus model was built, integrating
the powertrain and After-Treatment System (ATS), where an electric heater is included to mitigate NOx emissions. The
supervisory controller is tasked with determining the optimal power split and the electric heater power to ensure
adherence to feasible operating conditions along the route. Historical driving cycle data analysis demonstrates
that the speed profiles along the selected route exhibit similarities. This observation is leveraged by a Dynamic
Programming (DP) optimization, where an arbitrary bus trip is employed to generate a cost-to-go matrix. Then, the
resulting cos-to-go matrix was indexed by the position in the route and is used on the real-time controller by applying
the one-step look-ahead roll-out algorithm. Simulation results demonstrate the controller effectiveness in addressing
ZEZ restrictions, presenting a trade-off between energy consumption and tailpipe NOx emissions. A benchmark was
carried out, comparing the results obtained with the DP solution as the baseline, assuming perfect knowledge of driving
cycle disturbances, revealing a 7% increase in tailpipe NOx emissions and a 1.3% increase in fuel consumption compared
to the theoretical minimum and fulfilling the ZEZ restrictions in all the cases.
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Introduction These zones impose stringent restrictions on pollutant
emissions or, in some cases, implement outright bans,
as seen in ZEZs where internal combustion engines are
prohibited from operating within designated regions,
so the use of conventional internal combustion engine
vehicles is restricted in these areas.’

Nations globally have established diverse policies to
achieve carbon neutrality to mitigate environmental
problems." As of February 2021, 124 countries have
committed to achieving carbon neutrality by 2050 or
2060.> To reach these targets, national governments
and the European Union have implemented a range of | N ) o L L
e . . . CMT-Clean Mobility & Thermofluids, Universitat Politecnica de Valéncia,
initiatives, with one of the most widely adopted Valencia, Spain.

strategies being the promotion of electrified vehicles, 2Department of Engineering, University of Naples “Parthenope”, Napoli,
which includes Battery Electric Vehicles (BEV) and  NA Italy

Hybrid Electric Vehicles (HEV).> Another policy that c .

has gai,ned traction ,and expanded across _m?'jor urban Dg:;:l:PL?;:I'It?Ei::cl)t,'gl":l.'l'-CIean Mobility & Thermofluids, Universitat
areas is the establishment of Low-Emission Zones Politécnica de Valéncia, Camino de Vera s/n, Valencia, 46022, Spain.
(LEZ), or in the limit Zero-Emission Zones (ZEZ).*  Email: dpdouube@mot.upv.es



http://crossmark.crossref.org/dialog/?doi=10.1177%2F14680874241297393&domain=pdf&date_stamp=2025-01-07

In adherence to stringent emission regulations within
ZEZs, only Battery Electric Vehicles (BEVs) or Plug-in
Hybrid Electric Vehicles (PHEVs) operating in electric
mode are allowed to access these regions.” While BEVs
contend with limited driving range,® PHEVs offer
versatility by seamlessly transitioning between electric,
hybrid, or pure Internal Combustion Engine (ICE)
modes, thereby accommodating diverse operating con-
ditions.” This flexibility enables PHEVs to mitigate
range constraints and sustain electric operation over
prolonged periods.'® However, to fully access the
capabilities of HEVs, the effective management of the
Energy Management System (EMS) is crucial. The
EMS oversees the energy flow within the vehicle, with
a focus on minimizing fuel consumption while
satisfying driving power requirements. Additionally, it
must address various constraints, including maximum
power limits, and ensure that the battery State of
Charge (SoC) remains within specified parameters.'!

A PHEYV can run in three main modes. The Charge-
Depleting (CD) mode, which prioritizes electric mode
driving until the battery SoC reaches a predetermined
low level. The Charge-Sustaining (CS) mode, which
operates in hybrid mode to maintain the SoC level and
prevent deep discharges of the battery.'> Alternatively,
a blended operating mode can be utilized if the future
driving conditions are known in advance. In this mode,
both electric-only and hybrid modes are combined
throughout the entire trip to guarantee overall energy
consumption.'*!*

The primary challenge of utilizing a PHEV within a
ZEZ is ensuring sufficient battery energy to enter the
area without engaging the engine, thereby operating in
an electric-only mode in order to avoid engine use
inside the forbidden area, then operate in CD mode."”
Moreover, for PHEVs equipped with diesel ICE, the
After-Treatment System (ATS) assumes critical
importance in managing emissions. In this scenario,
advanced EMS development is vital to accurately
address real-world emissions impact, contrasting with
standard homologation cycles.'® Furthermore, when
exiting the ZEZ, the ATS should be able to abate
the emissions generated by the ICE and consider the
light-off temperature to achieve tailpipe emissions
abatement in such conditions.!” This way, a robust and
comprehensive control system becomes essential in
HEYV control by incorporating the ATS in the control
strategies. Such a system must handle power distribu-
tion between the ICE and the electric motor to maintain
the battery SoC at a desired level while overseeing the
after-treatment system to minimize tailpipe emissions.'®

The control strategies typically used in PHEV
energy management involve rule-based strategies'® and
the Equivalent Consumption Minimization Strategy
(ECMS) approaches.? These methods have the advan-
tage of adaptability for real-time control applications.
However, there is potential for improvement since
their dependence on intensive calibration efforts or in
calibrating the equivalency factor (ECMS) may not

account for the variety of driving circumstances the
vehicle might experience. Moreover, offline optimiza-
tion methods like Pontryagin’s Minimum Principle
(PMP)"? and Dynamic Programming (DP)*'** are
often employed to devise optimal control strategies,
extract near-optimal control patterns, or serve as
benchmarks. Nonetheless, their dependence on perfect
knowledge of driving cycle disturbances makes them
unsuitable for real-time control applications.*

Concerning the development of control strategies
for PHEV surrounding ZEZ, the widespread technique
employed to address this problem is using adaptative
ECMS-based approaches or developing strategies to
calculate a SoC reference to enter the ZEZ with enough
energy storage in the battery. For instance, Soldo
et al.'” combined a rule-based controller and an ECMS
approach, generating an optimal SoC reference trajec-
tory to enable the electric mode in the LEZ. Similarly,
Capancioni et al.>* exploits Vehicle-to-Network (V2N)
communication to estimate future driving conditions
and, with a dedicated algorithm, predicts the SoC value
needed to cover the ZEZ to fulfill the trip in electric
mode. An adaptive ECMS is also employed to reach
the ZEZ limit with the SoC desired level.

In the case of PHEV urban buses or heavy-duty
vehicles equipped with diesel engines, the design of the
EMS must address fuel usage while ensuring emissions
remain compliant with legal standards.?® The efficiency
of the after-treatment system used to reduce tailpipe
emissions is significantly influenced by system tempera-
ture, such as during cold starts or warm-up periods.>¢
These conditions present challenges for controlling
PHEVs in the presence of ZEZ. Consequently, few
studies have proposed strategies for managing PHEVs
within ZEZ environments while considering the impact
on tailpipe NOx emissions. For instance, Kupper
et al.?” proposed a self-learning energy management
system for a PHEV, employing an adaptive supervisory
controller with modular energy and emission manage-
ment capabilities to address the constraints of main-
taining sufficient battery energy while meeting real-
world tailpipe NOx emissions requirements. The study
findings underscore the critical nature of cold starts
upon exiting the ZEZ. To address this issue,'” devel-
oped a thermal management system to precheat the
after-treatment system before entering a green zone,
mitigating the impact of cold and inefficient after-
treatment systems. The strategy employs two engine
operation modes: one that prioritizes fuel efficiency
and another that focuses on heat-up modes, heating
the ATS less fuel-efficiently. However, this approach
does not account for the broader impact of the strategy
on the entire HEV powertrain.

The work described in this paper proposes a supervi-
sory controller for energy management of an urban
PHEYV bus operating along a route with a ZEZ restric-
tion. To account for the tailpipe NOx emissions and
total energy consumption, the complete vehicle model
integrates the powertrain system and the ATS. In this



scenario, the supervisory controller is tasked with man-
aging the power-split and controlling an electric heater
added in the ATS to mitigate issues related to increased
NOx emissions during daily vehicle operation, as well
as during cold starts and warm-up periods, while
achieving minimum fuel consumption. The strategy
does not employ driving cycle prediction or adaptive
ECMS to anticipate the SoC level target needed to
travel in electric mode in ZEZ, as widely implemented
in the literature.">***®?° The proposed solution
employs a DP optimization of a given reference trip
covered by the bus in the route at hand. Once the bus
covers the same route frequently, the periodicity of the
route is exploited by the cost-to-go matrix indexed by
bus position and used as a control policy on the EMS
of the future trips to be covered.

This paper is structured into six sections. Section
“Case study and route analysis” outlines the case
study scenario and provides an analysis of the bus
route. Section “PHEV system description” offers a
comprehensive description of the considered PHEV
architecture and its unique features. The formulation
of the optimal control problem and the operation of
the supervisory controller are detailed in Section
“Supervisory controller.” Section “Results and discus-
sion” presents the simulation campaign and discusses
the obtained results. Finally, the conclusions are
presented in Section “Conclusions.”

Case study and route analysis

The study aims to propose supervisory energy manage-
ment for a plug-in hybrid electric urban bus operating
within the restriction of a ZEZ. The analysis focuses on
the Line 72 urban route in Zurich, utilizing data
sources from an open-access dataset.’* This dataset
encompasses several years of data collected from two
trolley buses operating in Zurich across various routes,
comprising over a thousand missions conducted in
different seasons. The dataset includes detailed infor-
mation on vehicle power demand, propulsion system,
odometry, global positioning, ambient temperature,
and other relevant parameters. Further information on
the dataset and measurement methodology can be
found in Scientific Data.™

Figure 1 shows the path of the selected bus line, a
completed trip spans 18 km, with the bus initiating the
journey at location A, reaching the destination B, and
subsequently returning to A. To simulate the effect of a
ZEZ, a restriction was added to this specific route,
where the PHEV bus must operate in electric mode
within the confines of its area. Consequently, the bus
traverses the ZEZ twice (round trip), covering a total
of 8 km exclusively in fully electric mode, during which
the ICE must be switched off. The used data period
contains measurements collected from June 22, 2019,
to August 3, 2019, consisting of 108 complete trips. In
addition to the speed profile derived from the dataset,
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Figure 1. Bus odometry presents the bus position covering
route 72 in Zurich, assuming the ZEZ restrictions on the
percurse.

factors such as road slope, the total number of passen-
gers, and ambient temperature are also considered as
disturbances in modelling the problem.

As discussed in previous work,?! urban bus routes
may exhibit similarities across different journeys. These
similarities stem from factors such as traversing the
same path, passing through bus stops, encountering
similar traffic lights and driving conditions, or to a pre-
defined schedule between stops that drivers must
adhere to. Figure 2 illustrates the speed profiles uti-
lized, plotted over both spatial and temporal axes for
the 108 available driving cycles. It is evident that each
complete trip exhibits varying time durations. For
instance, from trip 30 to 50, the bus frequently stops at
the end of the outward trip, at destination B, then
spends some time until the start of the return trip to A.
However, when examining the speed profiles in the spa-
tial domain, a stronger correlation between driving
cycles becomes apparent. Therefore, the driving cycle
study will focus on the speed profile data considering
the bus distance inside the route instead of time.

An in-depth analysis of driving history data is cru-
cial for two main reasons. Firstly, to verify the degree
of similarity between driving cycles, determining how
representative any individual driving cycle is compared
to others. So, in this case, merely observing the velocity
profiles in Figure 2 is insufficient to provide any con-
clusion. Secondly, it is important to investigate whether
stronger correlations exist between consecutive trips,
trips conducted at similar times, or trips on the same
day, as the bus can be subject to similar driving condi-
tions. For example, comparing peak traffic hours with
late at night, the traffic conditions may be less con-
gested for the second case, or even due to variations
in passenger numbers resulting from people use of
the public transport system. Therefore, identifying a
driving cycle that is more representative of typical con-
ditions could offer a valuable opportunity to develop a
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Figure 2. Upper plot: Bus velocity traces in time and distance domain for the 108 trips covered by the bus between June 22, 2019,
and August 3, 2019. Bottom plot: Bus trip schedule organized by day and hour in ascending order.
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Figure 3. Representation of the correlation coefficients between the 108-vehicle-speed traces in distance.

control policy that enhances the energy management
strategy for the bus.

To understand the similarities among various bus
trips, computing the coefficient of determination,
denoted as (R squared), between pairs of driving cycles
can offer insights into their correspondence. The R>
value is a statistical measure that indicates how well
one set of data points (e.g., the speed profile of a trip)
can be predicted by another. It ranges from 0 to 1, with
higher values indicating a stronger correlation between
the two datasets. Specifically, an R> of 1 indicates a
perfect fit, while an R? close to 0 suggests little to no

relationship between the compared trips. In the first
step, the delays between pairs of driving cycles were
identified to compensate for any measurement error
that may occur during data collection, and then the
speed traces were aligned. The contour plot on the left
side of Figure 3 displays the R? values of the vehicle
speed traces in space basis for the different driving
cycles.

The minimum R? value observed in the contour plot
on Figure 3 (left plot) among all bus trips is 0.4. At the
same time, the maximum coefficient of 1 corresponds
to instances where the comparison is within the same



driving cycle (diagonal). Notably, the contour plot
reveals two prominent regions with a higher correlation
spanning trips. The first group spans from trip 13 to 43
and the second from 44 to 108. Within these regions,
correlation coefficients generally range from 0.65 to
0.85, with occasional dips to 0.5 in the surroundings of
these groups.

These results yield two significant conclusions.
Firstly, individual speed traces from any trip within the
dataset can reasonably estimate the bus velocity evolu-
tion, suggesting that past driving cycle data can be
valuable for optimization tasks or control strategy
development in HEVs. Secondly, despite variations in
starting times, as shown in the bottom plot of Figure 2,
similar trip patterns do not correlate with the journey
commencement time within these regions. For instance,
the two prominent regions span from starting times
ranging from 00:00 to 20:00. Also, a higher correlation
often occurs between two or three consecutive trips, as
opposed to those separated by periods of four trips or
more.

The right plot of Figure 3 compares the mean R?
values, which reflect the correspondence between each
trip and all others. The mean R’ values for the trips
range from 0.5 to 0.73, indicating varying degrees of
similarity between trips. While no clear pattern was
identified across all trips, those on the right side of the
red curve exhibit higher correlations, higher than values
of 0.7, which indicates that they may be more represen-
tative of the overall dataset. Furthermore, there are
trips that mostly fall within the second group (44 to
108), which present a higher correlation with all the
data sets. So, one can expect that selecting one of these
speed traces as a reference for the selected route can
capture, to some extent, the key particularities of the
route.

Both the bus speed/distance trace plots and correla-
tion analyses in the dataset demonstrate a close rela-
tionship between the speed profiles experienced by the
bus during various trips. Consequently, utilizing one of
the trips as reference data could provide valuable infor-
mation for optimizing or developing new energy man-
agement strategies for future journeys along selected
routes. Therefore, Section “Supervisory controller” will
propose a supervisory energy management for control-
ling a PHEYV exploiting the historical driving cycle data
in the control policy of the EMS.

PHEYV system description

This study was conducted in a simulation environment,
and the PHEV model was constructed considering a P2
type parallel powertrain. This configuration was chosen
to comply with the ZEZ restriction, taking into account
the higher battery capacity required for electric driving
mode. However, the proposed method can be adapted
to address other architectures or scenarios.

PHEV model

Figure 4 depicts the PHEV system scheme, highlighting
two main subsystems comprising the model. Firstly, the
powertrain itself, where the power split needs to be con-
trolled to meet the driver power demands while balan-
cing energy consumption from two sources optimally.
Secondly, the ATS plays a crucial role in PHEV config-
urations due to frequent bus stops, especially consider-
ing the ZEZ, where the ICE remains shut off for
extended periods, reducing the ATS temperature and
consequently decreasing SCR efficiency. To address
this issue and study the impact of adding a heating
device, an electric heater was integrated into the ATS.
Both subsystems are integrated by the EMS embedded
in the supervisory controller, which will be described in
the next section. The impact of passenger numbers on
the bus was also investigated to incorporate this factor
into the route analysis. However, no discernible pattern
was found in the route under consideration.

The approach employed in this paper to compute the
optimal power distribution is based on the analysis of
longitudinal vehicle dynamics, backward propagation,
and the quasi-steady behavior of the ICE and the elec-
tric motor (EM). This method has been widely adopted
in various studies focusing on the energy management
system of HEVs. According to the hybrid architecture
in Figure 4, the tractive power demand must be sup-
plied by the ICE and the EM. They share the same
speed due to the connection in the same shaft, so the
relationship between the torque provided by the motor
Tem and the 7., defines as power split must be equal to
the torque in the powertrain transmission 7,.

Tg = Tem t Tice (1)

The transmission torque is obtained by discounting the
transmission efficiency and n, computing the final gear
ratio of the selected gear g, from the wheel to the main
shaft:

Tg = Tw Ny & (2)

The gear selection is outside the supervisory control,
and a rule-based strategy is utilized to maintain the
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Figure 4. PHEV schematic overview.



engine and motor speeds within their optimal operating
range. Similarly, the common couple rotational speed
is computed by:

W =Wy, g 3)

Considering the input of the vehicle speed v and
acceleration v and the disturbances provided by the bus
dataset for a given bus trip, the torque at the wheels 7,
can be computed, so:

Ty = (m v mgucosd — mgsing — % pA cdv2> Ty (4)
where w is the rolling coefficient, 0 is road slope angle,
p air density, 4Ac, is the product of the bus frontal area
and aerodynamic coefficient, r,, wheel radius. The num-
ber of passengers on the bus during the trajectories and
the road slope are considered for the tractive demand
computation. The total mass of the bus also accounts
for the number of passengers, which is considered a
mean mass of 70 kg per person.

The engine is represented by a static model,
calibrated with experimental data and based on
stationary maps. To develop these maps, a heavy-duty
diesel engine was tested on a bench under steady-state
conditions. The resulting maps predict several key
output variables, including fuel mass flow my, exhaust
gas mass flow m,,;, engine NOx emissions myo, and
the exhaust gas temperature T,,, according to their
inputs: 7. and wy.

The EM was modelled using a quasi-static approach,
where the map accounts for both positive and negative
torques, where P,, represents its power consumption,
which impacts the battery state of charge, discharging, or
recharging it. A Thévenin equivalent circuit model was
employed to capture the battery dynamics, depicting the
battery as a resistor connected in series with a voltage
source:

V="V — IRy (5)

where R, and V, are the battery internal resistance and
the open circuit voltage based on the battery state of
charge value SoC, respectively. The battery current I
accounts for the electric energy involved in the tractive
task and the electric power consumed by the electric
heater Py, added to the ATS, which will be described in
the following subsection. Thus, the battery power is
defined by:

Py = Poy + Ppyy (6)

and the battery state of charge SoC will evolve as:
SoC= —— (7)

where C, stands for the battery capacity. Once the
torque in the powertrain transmission 7, is defined
based on the disturbance inputs, the 7., and P, are
the control variables that affect the SoC evolution.

After-treatment system model

The ATS thermal model was simplified as a single-
order model, incorporating main components such as
the Diesel Oxidation Catalyst (DOC) and Selective
Catalytic Reduction (SCR) within the ATS. This sim-
plification was necessary to facilitate DP computations,
as the PHEV model already considers the SoC as a
state variable. The decision to simplify was driven by
the computational challenges associated with the curse
of dimensionality, wherein increasing the discretization
and number of system states and actuators demands
significant computational resources to evaluate the
combinations required for problem solution.

However, this approach still enables a meaningful
comparison among different methodologies. The mod-
elling approach follows that proposed in Donkers
et al.*?, where the DOC and SCR are lumped in a sin-
gle node whose temperature, denoted as after-treatment
system temperature 7, representing both catalytic
converters. This simplification involves calculating the
total heat capacity of the entire system by summing the
heat capacities of each individual component. As a
result, the evolution of the ATS temperature is given
by:

Coxh . h b
7(/:)7\mexh(Te‘ch - Tuts) + ﬂ(

ats ats

Tat.\' = Tamb - Tats) + T]h[rPhrr

(8)

where T, Tevn, and T, represent the after-treatment
system, engine-out gases, and ambient temperatures,
respectively. The ATS model parameters ¢y, Caurs, and
hamp are specified in Table 1. The last term in the equa-
tion accounts for the power provided by the electric
heater added to warm the ATS when it is switched on,
and n,,, is the efficiency.

The SCR conversion efficiency mg-r is a nonlinear
function highly influenced by the temperature. This
nonlinearity arises because the chemical reactions

Table I. Description of the PHEV bus model main
characteristics.

Bus model main features.

Parameter name Value
Weight 12000 kg
Frontal area 7.24m?
Drag coefficient 0.78
Motor rated power 180 kW
Battery capacity 78 kWh
Engine rated power 235 kW
Engine displaced volume 6.6L
After-treatment model parameters.

SCR volume 0.0163m*
ATS total heat capacity (Cqs) |65004 K
Ambient heat transfer coefficient (hgmp) 15)K's!
Specific heat capacity exhaust gas (Cexn) 1100) K 'kg!




Pinto et al.

involved in reducing NOx emissions through SCR are
highly temperature-dependent. At lower temperatures,
typically below 200°C, the reduction reactions between
ammonia (or urea) and NOx proceed too slowly,
resulting in poor conversion efficiency. As the tempera-
ture increases, the reaction rate also increases, leading
to significantly higher NOx conversion efficiencies.
Given the simplification of the model, in line with the
mapping used in D’Aniello et al.**, simulations were
conducted to map the efficiency based on T, fixed
pre-SCR concentration ratio Cyp,/Cno, of 0.5 and
space velocity SV. The latter is computed based on the
ICE outputs (mey, Texn poyy)- Finally, the tailpipe NOx
emissions can be estimated by:

NOx’ p = NOx,exh Nscr (9)

where NO, .., 1s the engine out emission estimated by
the stationary map. Similiar to PHEV model, the evo-
lution of the after treatment system temperature (7;)
is influenced by the control variables (7, and Pj;,).

Supervisory controller
Optimal control problem

The proposed supervisory controller is designed to
achieve the required energy and emission management
for the PHEV while adhering to the ZEZ restrictions.
It manages the battery state of charge and the after-
treatment system temperate while minimizing fuel con-
sumption and NOx tailpipe emissions by controlling
the operating conditions of the engine and the
electric heater. The control architecture is presented in
Figure 4, and the details of the supervisory controller
are discussed below. The following generic cost
function represents the optimization problem:

iy

J=a(x(1) + JL(x(t),u(t), w(t))dt

to

(10)

where ®(x(z7)) is a terminal cost associated with the
deviation from the initial energy stored in the
battery, added to avoid battery energy depletion and L
represents the instantaneous cost function, given by:

L=\P;+ (1-A)NO,,, (11)
where x, u, and w are vectors containing the system
states, control actions, and disturbances that affect the
system evolution, respectively. P, represents the
power of fuel consumed by the engine, and the para-
meter A is a weight factor that balances the fuel con-
sumption and tailpipe NOx emissions in the objective
function. The variation of this parameter will be dis-
cussed in the results section. Finally, the mathematical

representation of the corresponding optimal control
problem can be defined as:

Iy

u* = argmin, JL(X, u, w)dt (12a)
fo
subject to:
x = f(x,u,w) (12b)
2

o = O'COS,(SOC[,, — SOC,O — Sgoc) (12C)
P+ Py, ZEZ=0

Pdem = l " (lzd)
Py , ZEZ =1

The system dynamics (12b) corresponds to the battery
state of charge and the after-treatment temperature
with state vector:

X =[S0C T" (13)
and the decision variables:
u= [Tm Phtr}T (14)

Two constraints were incorporated to address the ZEZ
problem discussed in this paper. First, the restriction
(12c) defines the allowable limits for battery energy var-
iation during a single bus trip, and the terminal cost
Oeosr Was adjusted to this aim. It was determined by the
initial condition of the battery state of charge SoC,, for
a given trip to be covered and the final condition in
SoCy,. In this sense, an acceptable tolerance of
dsoc = 0.06 was established by considering that the bus
would complete a sequence of 10 consecutive trips over
a full workday, with the SoC ranging from 80% to
20%. Afterward, the bus will stop and recharge the
battery to 80% capacity to begin the next workday.

This penalty constraint is necessary because, without
it, the optimization would tend to deplete the battery
during the initial trips, mainly operating in electric
mode to avoid fuel consumption and NOx emissions
from engine operation. Second, the restriction (12d)
considers the vehicle position in the trip to identify
when it is surrounding the ZEZ, so in this case, the
vehicle cannot run in the hybrid mode (ICE + EM),
only in electric mode.

Supervisory proposed strategy

The supervisory controller plays a crucial role in imple-
menting the energy management strategy to address
the optimal control problem presented in Section
“Optimal control problem.” It is the central decision-
making component to maintain the SoC around the
desired level by computing the optimal power-split and
considering the impact on tailpipe NOx emissions by
controlling the electric motor torque and heater power
based on real-time operating conditions. To address



the challenge of driving cycle dependence of DP in
HEV control, the proposed strategy leverages data
acquired from a previous trip undertaken by the vehicle
along the route. This data serves as input for the opti-
mal control problem during the initial offline phase,
assuming periodicity between trips on the specific
route. By solving a Dynamic Programming (DP) opti-
mization for the known disturbances, the proposed
approach leverages the full potential of this optimal
control tool for online control purposes. DP is capable
of providing a globally optimal solution for a discrete
optimization problem.>* In this case, the DP optimiza-
tion is solved in discretized time:

J*(x, k) = min,{L(x,u) + J*(x,k + 1)} (15)

The state x and control u spaces can be discretized, and
the problem can be solved numerically. The process
begins at the final time step (k =n— 1) and works
backward. At this step, the cost-to-go is initialized as
J*(x,n) = (x(n)), where (x(n)) is related to the ter-
minal cost (12c¢) associated with the battery state of
charge constraint. Moving backward through each time
step, the cost-to-go is accumulated across all possible
states. This backward accumulation continues until the
initial time step J"(x,1). So the optimal solution is
stored in the optimal cost-to-go matrix, indexed by
time step kk and the combination of states J*(x, k). As
demonstrated by the cycle analysis, the duration of
each journey may vary, but the distance covered
remains the same for all cycles. Therefore, the optimal
matrix is indexed by the vehicle position J*(x,s).
Consider that exploring the optimal cost-to-go matrix
allows estimating not only the optimal control policy
from an initial state but also from any point in the
(x,s) space, leveraging the benefits of the DP in online
control applications.

It has been show in 2 that the different trips in the
route are similar and present the same covered distance.
Consider Bellman’s principle of optimality, which DP
exploits, states, “An optimal policy has the property
that whatever the initial state and initial decisions are,
the remaining decisions must constitute an optimal pol-
icy with regard to the state resulting from the first deci-
sions”.** Then, we can assume that for a given partial
trajectory inside the DP, the solution of a given trip in
the route is also optimal between its initial and final
states. Taking into account that the driving cycle analy-
sis shows a close correlation between the trips. A given
optimal cost-to-go matrix of any trip represented by
T (x, S)re?/' can provide a good estimative from any state
X to a position s in any of the trips that may be explored
as a base policy to improve EMS of this vehicle in the
route at hand.

The proposed approach of this paper is based on the
idea of the previous paragraph, wherein the cost-to-go
matrix obtained from offline optimization is integrated
with the instantaneous cost function (11). To achieve
this integration, the rollout algorithm®® is employed.

The controller depicted by the following equation can
address the problem presented in (12):

U, = argminu{L(xk, Wi, ) + T (fie(Xk, u), S + 1),.€f}
(16)

where f; represents the discrete version of the state
function (12b), L stands for the instantaneous minimi-
zation of the cost function (11) or running cost and
T (i (e, u)y Sic + 1),,4- is an estimate of the optimal cost-
to-go from the resulted state after applying the control
u, obtained through interpolation within the reference
solution J*(x, 8),,r-

With the basis of the preceding discussion and the
analysis of the proposed rollout approach, the follow-
ing conclusions can be outlined:

® The more the driving conditions and disturbances
of the trip to be covered are similar to the reference
trip (7 (x, s)ref), the closer the solution will be to
optimal.

e The algorithm can adjust its control policy based
on feedback from the current system states, such as
preventing battery SoC deviations out of the desired
operating level.

® The proposed algorithm can integrate model pre-
dictive control (MPC) approaches by evaluating the
sequence of L over a prediction horizon of length n.
This is achieved by replacing the instantaneous cost
in (16) with the cumulative cost over the selected
horizon, which is represented by:

lk+n

L(xp, ug, wi)dt

(17)
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Figure 5 displays the schematic representation of the
proposed look-ahead control tailored for the specific
case study presented on Section “Case study and route
analysis.” The bottom segment illustrates the offline
component of the algorithm, which employs DP to
solve a previously conducted bus trip along the same
route. For this particular scenario, a singular trip that
was previously recorded serves as the benchmark cycle.
By utilizing DP, the cost-to-go of the reference trip is
determined and subsequently stored in a map denoted
as J*(SoC, T, E)mf, providing insights into the mini-
mum cost to complete the trip based on any states or
bus position in the route sy.

In parallel, the upper box and the supervisory con-
troller optimization illustrate the algorithm that runs in
real time. Employing the model described in Section
“PHEYV system description,” the running cost L (11) is
computed with the power of fuel consumed Pr; and
the tailpipe NOx emissions NO, ,, x at each time step
k, based on the motor torque 7;, and the heater power
Py, providing estimation of the states and position in
the next bus position in the route sy + ;.



S, S S S
L Covered distance f: _Prediction f;n Cost-to-go (J7) =If
A [ horizon (L)

Departure ) ) e Destination
W
A B A
L=APrp) + (1 — D(NOypx) from sy to sp,q

Prediction horizon (online)

Supervisory controller 4

Interpolatlon Tm,k'Phtr,k = argmin{L(Tmthtr) + J'K (Tm'ﬁhtr)ref}

TS, Try iy from sy, to s; T

Cost-to-go (offline DP)

Figure 5. Block diagram of the proposed look-ahead algorithm applied in the case study of a PHEV covering an urban route subject

to a zero-emission zone.

The predicted vehicle states within this prediction
horizon are subsequently utilized to interpolate within
the cost-to-go map, discerning the minimum cost from
the sx4+, to the ending position of the route s,.
Subsequently, in the supervisory controller, the actions
to be executed (7, r and Py, i) are chosen to minimize
not only the instantaneous cost but also the cumulative
cost until the bus destination. Finally, the selected con-
trol actions are then applied to the PHEV system,
updating the vehicle states, and the process is iteratively
repeated throughout the entirety of the present trip
until the trip’s culmination.

Although this study focuses on an urban bus route
in Zurich, the proposed energy management strategy is
not limited to this specific case. The approach leverages
the repetitive nature of urban bus operations, where
routes are predictable and repeated daily. Allowing the
use of past driving cycle data to perform offline optimi-
zations, with the resulting cost-to-go matrix applied to
real-time control. As such, the methodology can be
generalized to any scenario where driving patterns exhi-
bit periodicity, such as public transportation systems,
delivery trucks, or other fleet operations that follow
consistent routes, making the approach versatile and
broadly applicable in scenarios with repetitive or pre-
dictable driving cycles.

Results and discussion

The performance assessment of the proposed supervi-
sory controller involves comparing it with the Dynamic
Programming solution, serving as the benchmark. In
the DP solution, the complete bus trip speed profile and
the disturbances are assumed to be known in advance,
enabling the algorithm to compute optimal control tra-
jectories. The evaluation scenario considers the PHEV
completing ten consecutive bus trips within a complete
working cycle. At the start, the SoC value is 0.8, and

the EMS is tasked with managing the energy storage in
the battery to adhere to ZEZ restrictions and achieve a
minimum SoC close to 0.2 by the end of the duty cycle.
This operational period spans approximately 12 h, with
a stop of about 10 min after each trip. During this stop
at the end of the trip, it is assumed that the ATS will
reach the ambient temperature, simulating the impact
of cold starting on each trip, and the SoC remains the
same until the start of the next trip.

Figure 6 illustrates the evolution of states (7, and
SoC) across the considered route over ten trips within a
complete working day. The supervisory controller uti-
lized the cost-to-go of a reference trip (J"(x,s),,,) by
selecting trip 101 from the complete dataset to conduct
the DP optimization. Initially, for the DP calculations,
the terminal cost (equation (10)) associated with bat-
tery state of charge deviations was tuned to maintain a
difference close to 0.06 in the battery state of charge
between the end and beginning of an arbitrary trip.
Once this parameter was tuned, it remained constant
throughout the simulation campaign. However, due to
the length of a complete working day comprising ten
trips, obtaining a DP solution for the entire day is
infeasible due to computational limitations. Therefore,
the DP solution has been applied for each trip, employ-
ing the tuned terminal cost for each trip. Providing a
cumulative effect over the ten trips, leading to a global
battery decay from 0.8 to 0.2 from the beginning to the
end of the set of trips.

The complete trip results depicted in the upper plot
of Figure 6 reveal a clear pattern across the successive
journeys. Initially, the ICE charges the battery from the
onset of each trip until reaching the ZEZ. Then, when
exiting the ZEZ, the battery is recharged again, and as
the ICE operates, the ATS temperature rises. This pat-
tern persists throughout all the trips of the set, with the
battery reaching its minimum value close to 0.2 by the
end of the completed day. Since the supervisory con-
troller is supplied with the cost-to-go of a reference trip
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Figure 6. Representation of the complete route evaluated with the proposed supervisory controller and the DP presenting the
SoC and ATS temperature evolution (upper). Depict of a single trip for the A =0.2 condition showing the impact of the heater

power in the ATS temperature (bottom).

solved by DP, the state evolutions of both strategies
remain similar. This observed pattern corroborates the
findings outlined in the driving cycle analysis presented
in this paper, highlighting the significant correlation
across the various cycles analysed within the studied
route.

When examining a specific trip, the lower plot of
Figure 6 illustrates the heater power consumption and
the ATS temperature evolution during the second trip
within this sequence of covered trips in work daily. The
parameter A (equation (11)) balances the cost between
fuel consumption and tailpipe NOx emissions. In this
instance, A is set to 0.2, prioritizing the minimization of
tailpipe NOx emissions. With this configuration, it is
observed that at the start of the trip, both strategies
activate the heater to raise the ATS temperature quickly
and achieve higher SCR efficiencies. Subsequently, as
the bus enters the ZEZ, the temperature decreases while
the ICE remains inactive. Upon exiting the ZEZ, the
electric heater is activated again to elevate the ATS tem-
perature before the ICE starts, and this process repeats
during the return trip when the bus re-enters the ICE
restricted zone. Note that some oscillations can be
observed in the activation and deactivation of the hea-
ter, considering an additional state to penalize heater
power variations could mitigate this problem. However,
this aspect was neglected due to the computational cost
requirements.

The upper plot in Figure 7 illustrates the relative
electric heater energy consumption of the across differ-
ent A values, using the DP case with A = 0.2 as a refer-
ence. This case imposes a high cost on NOx tailpipe
emissions in the objective function (11), leading to the
highest mean ATS temperature. As shown in the bot-
tom plot, the temperature in this case is approximately
30°C higher than in cases with higher A values (0.6 and
0.8), which do not activate the electric heater as it
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Figure 7. Relative heater energy consumption of proposed
supervisory controller (ROLL) varying the value of A compared
to the DP case with A =0.2 and mean ATS temperature
evaluated in consecutive |00 trips.

minimizes energy consumption. In the A = 0.4 case,
although 20% of the heater’s energy is utilized, the
resulting ATS temperature is still around 20°C lower.
Across all A values, the energy consumption and ATS
temperatures observed with the RO controller follow
similar trends to those of the DP solution. It is impor-
tant to note that the ATS temperature is also influ-
enced by the composition of the engine exhaust gases,
meaning that the results are further affected by the
operating conditions of the engine.

Figure 8 illustrates the frequency of engine operating
conditions obtained with both the DP and supervisory
algorithm across various A values. For lower values of
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Figure 8. Comparison between the engine operating point
histogram obtained with DP assuming the perfect knowledge of
the route (optimal solution) with the proposed online applicable
method (ROLL) for the four values of A evaluated in 100
consecutive trips.

A, it was observed that the ICE operating conditions
are distributed evenly along the range, occasionally
reaching 100% of engine load. Conversely, for higher
values, the distribution tends to concentrate around
lower loads, with a maximum of 70% of engine load. A
higher engine load can also assist in maintaining a
higher ATS temperature, as the exhaust mass flow and
the temperature of engine exhaust gases increase, as
indicated in equation (8). However, it can penalize fuel
consumption once the ICE works in lower-efficiency

regions. In the same way that the supervisory controller
strategy leads to a similar evolution of SoC and ATS
temperature as DP results, the ICE operating condi-
tions distribution also approaches the DP solution for
all A values evaluated, showing the potential of the pro-
posed approach.

In summary, the trade-off for four values of A, as
depicted in Figure 9, illustrates that the supervisory
controller can achieve results comparable to DP optimi-
zation, which relies on perfect foreknowledge of driving
cycles and disturbances. This study aims to demonstrate
the impact of selecting a random trip route for control
purposes. Each journey in the dataset was evaluated in
DP optimization to construct the cost-to-go matrix and
subsequently utilized in the control policy to oversee
the bus throughout the entire route (100 driving cycles).
The scatter plot depicts the results obtained by the pro-
posed supervisory controller when evaluating the 100
reference trips, and the colorbar represents the mean R’
value obtained by the driving cycle analysis presented
in Section “Case study and route analysis.” Meanwhile,
the percentages represent the mean and standard devia-
tion of penalties relative to the results obtained by DP
optimization.

The mean penalty concerning the DP results ranges
from 1.25% to 1.5% when considering fuel consump-
tion across all values of A. Conversely, higher penalties
are observed for mean tailpipe NOx emissions ranging
from 2.3% to 7%. Despite the increased penalty for
NOx tailpipe emissions at A = 0.2, which prioritizes
emissions reduction, it is noteworthy that the
supervisory controller effectively maintains emissions
close to low levels, close to 0.1 g/kWh. In this same
scenario, there is a particular case where the rollout
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Figure 9. Summary of supervisory controller performance calibrated with all trips for the four values of A and then applied to the
complete route dataset. The percentages represent the mean and standard deviation of penalties relative to the results obtained by

DP optimization.
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outperformed the results obtained by the optimal solu-
tion, providing a reduction of 0.2%. However, this
occurs at the expense of increasing fuel consumption
by 3%.

The results presented in Figure 9 further support the
conclusions drawn from the driving cycle analysis. The
concept under discussion suggests that if a driving cycle
can be identified as more representative of the entire
dataset and used as the reference trip for DP optimiza-
tion, the resulting cost-to-go matrix may yield better
performance than calibrations based on a randomly
selected or less representative driving cycle. However,
as seen in the dispersion plot, no significant perfor-
mance improvement was observed when using trips
with higher correlation for this application, and no
clear trend emerged to confirm this hypothesis. This
lack of improvement may be attributed to the nature of
the multi-objective function employed by the controller,
which seeks to balance two interdependent variables,
fuel consumption and NOx emissions, both intrinsically
linked to engine operation. On the other hand, when
analysing the top ten results that achieved near-optimal
performance in minimizing either fuel consumption
(A = 0.8) or tailpipe NOx emissions (A = 0.2), it is nota-
ble that 50% of the corresponding R? values fall within
the range of 0.7 to 0.75.

Conclusions

This paper presents a supervisory controller designed
for PHEVs operating on daily routes. The strategy can
manage ZEZ restrictions by ensuring full-electric driv-
ing and mitigating NOX tailpipe emissions, analyzing
the trade-off at the expense of increasing fuel consump-
tion. This is achieved using a cost-to-go matrix indexed
by the vehicle position along a trip within the route gen-
erated by the DP optimization of a previous trip. From
the numerical study, the paper main contributions can
be summarized as follows:

e [t has been demonstrated that when dealing with
commuting regular trips such as urban bus routes,
the past driving cycle data can be useful informa-
tion for modelling control strategies in HEV.

e For the studied route, the driving cycle analysis
shows that no patterns were found according to the
daytime of trips or the number of passengers on the
bus.

¢ The proposed supervisory EMS does not use a driv-
ing cycle prediction approach, but it discusses that
the controller can be enhanced by combining such
strategies with Model Predictive Control.

e Other system parameters can be addressed in this
strategy but can strongly increase computational
efforts due to dynamic programming optimization.

® An optimization criterion was discussed to address
the trade-off between fuel consumption and NOx

tailpipe emissions, enabling the customization of
the value of A to suit specific applications.
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