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HIGHLIGHTS

o An analytical optimal energy management policy is derived for a series plug-in hybrid electric vehicle.

e Four aggregated optimal charge depletion behaviors are revealed through rigorous theoretical analysis.

e The intrinsic and extrinsic mechanisms behind the optimal charge depletion behaviors are explained.

e An energy-domain SoC planning approach that intelligently exploits driving data statistics based on identified charge depletion behaviors are proposed.

ARTICLE INFO ABSTRACT

Keywords:

Predictive energy management
SoC planning

Charge depletion behavior
Plug-in hybrid electric vehicle
Pontryagin’s minimum principle

A critical issue for designing predictive energy management (PEM) strategy of Plug-in Hybrid Electric Vehicles is
the planning of optimal global charge trajectory. Existing planning methods have flaws in terms of optimality or
computational efficiency due to their lack of in-depth consideration about optimal charge depletion behaviors.
To address this issue, rigorous theoretical analysis on the aggregated local and global optimal charge depletion
behaviors in energy domain is conducted by combining Pontryagin’s Minimum Principle-based analytical der-

ivations and some qualitative reasoning. Fundamental understanding on how the optimal charge depletion rates
behave in different driving conditions and why they exhibit such behaviors is provided. The theoretical analysis
is further validated through model-in-the-loop tests using an experimentally validated high-fidelity vehicle
simulator. The insights gained from the analysis of this paper establish a fundamental knowledge foundation and
may pave a new path for more scientific PEM design in the future.

1. Introduction

With recent advancement in intelligent transportation system (ITS)
and vehicle connectivity, it becomes viable to predict upcoming trip
information such as traffic flow speed, speed limit and road terrain [1].
Incorporating these information into Energy Management (EM) of Plug-
in hybrid electric vehicles (PHEVs), commonly termed as Predictive
Energy Management (PEM), has been demonstrated to have potential to
significantly improve their fuel economy [2,3].

1.1. Literature review

Many approaches have been proposed in the literature to solve the
PEM problem. We briefly classify these approaches into three categories.
The first one is to directly generate the optimal control policies at each
sampling time using Dynamic Programming (DP), by incorporating trip
information predicted either based on a simplified traffic model [4] or a
more complex driving cycle reconstruction method [5]. It is challenging
to implement this approach in real time due to DP’s heavy computation
burden, even when exploiting some heuristic techniques to narrow
down the search space of the algorithm [6] or simplify the powertrain
model [7].

Abbreviations: PEM, Predictive Energy Management; PHEV, Plug-in Hybrid Electric Vehicle; PMP, Pontryagin’s Minimum Principle; SoC, State of Charge; ITS,
Intelligent Transportation System; EM, Energy Management; DP, Dynamic Programming; SQP, Sequential Quadratic Programming; ECMS, Equivalent Consumption
Minimization Strategy; MPC, Model Predictive Control; NN, Neural Network; PSO, Particle Swarm Optimization; SDP, Stochastic Dynamic Programming; APU,
Auxiliary Power Unit; BU, Basic Unit; CDR, Charge Depletion Rate; MiL, Model in the Loop.
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Nomenclature

Popu output power of APU [kW]

my instantaneous fuel rate [g/s]

Napu APU efficiency [/]

Qmy lower heating value of fuel [kJ/g]
Nap maximum APU efficiency [/]

M ide idle fuel rate [g/s]

Voe battery open circuit voltage [V]
Ro battery ohmic internal resistance [Q]
Quom battery nominal capacity [Ah]
P demanded power at driving wheels [kW]
Nm traction motor efficiency [/]

g gear box efficiency [/]

1y final drive efficiency [/]

Py mechanical braking power [kW]
S equivalent inertial coefficient [/]
m vehicle cargo mass [kg]

f tire friction coefficient [/]

g gravity acceleration [ms 2]

a road grade [/]

Pa air density [kg/m°]

Cq aerodynamic coefficient [/]

A drag force area [m?3]

14 vehicle velocity [m/s]

Pypumex  maximum output power of APU [kW]

SoCy, lowest boundary of SoC [/]

SoCrp highest boundary of SoC [/]

A co-state [/]

Pu threshold power for APU activation [kW]

Qdmd cumulative demanded driving energy [MJ]

sq, instantaneous CDR of pure electric mode [J™']

sqp instantaneous CDR of hybrid electric mode [J ’1]

Pinde demanded electric power of traction motor in electric
mode [kW]

Pimdn demanded electric power of traction motor in hybrid mode
[kw]

lﬂ average positive demanded power [kW]

P 4  average positive demanded power over a BU [kW]

% average positive demanded power over BU i [kW]

AQgmdi Qdma’s variation over BU i [MJ]

ASoC; SoC’s variation over BU i [/]

SoCyp initial SoC [/]

The second approach is to periodically estimate the optimal co-state
in Pontryagin’s Minimum Principle (PMP)-based EM strategy or the
optimal equivalence factor in Equivalent Consumption Minimization
Strategy (ECMS) using updated trip prediction, motivated by the fact
that the co-state is the only control parameter related to global driving
conditions in the PMP-based strategies. For example, utilizing predicted
velocity and road grade profiles, Zhang et al. [8] and Zhou et al. [9]
employed backward shooting and pseudospectral optimization respec-
tively to estimate the co-state. This approach is computationally cheaper
than the first one. However, as the optimal control solution (especially
the terminal state of charge of battery) is very sensitive to the value of
co-state, the performance of this approach would deteriorate signifi-
cantly if the trip prediction is not accurate enough [10], which is hard to
guarantee considering the dynamic change of traffic condition and
driving behavior. Increasing the updating frequency of the co-state
estimation may alleviate this issue, but it will bring the computational
issue again.

A more practical and also popular idea is to repetitively generate
optimal reference State of Charge (SoC) profiles according to predicted
trip information, and then feedback-based strategies can be employed to
track these references. In this kind of approaches, many practices
assumed linear depletion of battery SoC with travelled distance. For
instance, Stefano et al. generated reference trajectory by assuming linear
consumption of SoC with mileage, followed by a rule-based torque
assignment mechanism for tracking [11]. Guo et al. proposed a linear
SoC reference generator to direct the lower-level power-split controller
[12]. In addition, Xie et al. [13] and Tang et al. [14] utilized linearly
depleted SoC area to determine the upper and lower boundaries for the
design of lower-level Model Predictive Control (MPC) strategy. How-
ever, in fact, the quasi-linear pattern of optimal SoC trajectories in
spatial domain only exhibits in scenarios with similar driving condi-
tions. For trips with distinct driving conditions, especially those with
hilly terrains, the control performance by tracking a spatial-domain
linear SoC profile is far from optimum [15]. To overcome this short-
coming, intuitive correction rules were suggested in [15] and [16], and a
simple heuristic approach for fixed driving route was introduced in [17],
where good performance cannot be guaranteed due to the absence of
optimization. Therefore, optimization-based SoC planning methods
have attracted much attention in recent years.

A major obstacle for the optimization-based SoC planning is its real
time implementation. To relief this issue, one way was to offload
computationally intensive optimal control algorithms such as Stochastic
Dynamic Programming (SDP) to the cloud [18]. However, this tech-
nology has strict criteria for load and efficiency of data transmission, as
well as information timeliness. Another idea would be to move the
computationally intensive tasks offline. For example, neural networks
(NNs) were trained offline to map point-wise SoC trajectories with
representative driving parameters using optimization results based on
PMP [19] or DP [20]. Then, the SoC reference was estimated online
according to real-time driving conditions. Likewise, in [21], segment-
wise energy demands were predicted from several driving parameters
using an offline-trained NN as well and then the SoC profile of each
segment was assumed to decline with a constant rate proportional to its
average energy demand. Alternatively, Schori et al. chose to parse so-
lutions obtained by offline optimizations into look-up tables for online
generation of reference SoC trajectories [22]. Pourbafarani et al
developed a traffic-based SoC reference builder based on the heuristic
control map formed of clustered optimum solution solved by off-line DP
[23]. Successful implementation of these techniques depends strongly
on the richness of real-world driving data used for the offline training,
which is difficult to ensure in practice. To overcome this issue, reference
SoC trajectories were directly generated using modified PMP algorithms
and sparse traffic predictions [24,25]. A drawback of these algorithms is
that their computational burden increases with trip time duration
instead of trip length, which would be problematic for journeys with low
driving velocity. Therefore, spatial-domain methods are more preferred.
With this regard, a route segment-based optimization problem for
generating discrete SoC nodes was formulated in [26] and solved using
Particle Swarm Optimization (PSO) algorithm. A spatial domain DP al-
gorithm was also proposed to realize the SoC planning in [27], where the
predicted trip condition was partitioned into multiple driving patterns
with different energy consumption properties [28]. These methods are
still computationally demanding since large-scale dynamic optimization
is needed for the SoC planning.

In our previous work [29], we proposed an energy-based analytical
SoC planning method, which was inspired by a quasi-linear pattern
between accumulated driving energy and SoC. This method is compu-
tationally very cheap as only simple analytical formulas are used.
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Fig. 1. Configuration scheme of the series PHEV. The primary components and parameters of the power system are as follows: the nominal power of engine-
generator set (APU) is 75 kW; the nominal power of permanent magnet synchronous motor is 130 kW, and the peak power is about 170 kW; the nominal energy
capacity of lithium-ion battery pack is 140 Ah (59 kWh). The gearbox has two gears whose shifting is controlled by velocity-dependent rules as presented in [9].

Nevertheless, in [29], the quasi-linear pattern in energy domain was
found merely through limited numerical experiments instead of theo-
retical justifications, restricting its credible application to various
driving scenarios. In other words, this method will loss optimality in
certain driving scenarios due to its assumption of quasi-linear charge
depletion in energy domain.

1.2. Knowledge gap and original contribution

As summarized above, although numerous planning approaches
have been proposed in the literature, they are either far from global
optimum or computationally heavy. The underlying reason is that those
approaches lack in-depth consideration about the optimal behavior of
charge depletion, i.e., the shape of the optimal SoC trajectory and the
dominant factors that influence the shape. In order to address this issue,
we provide fundamental understanding on how the optimal charge
depletion rates behave in different driving conditions and why they
exhibit such behaviors in this paper.

Two unique contributions are made in this paper. First, four aggre-
gated optimal charge depletion behaviors are revealed through rigorous
theoretical analysis based on an analytical optimal energy management
policy derived by Pontryagin’s Minimum Principle. The intrinsic and
extrinsic mechanisms behind these behaviors are explained. Second, an
energy-domain SoC planning approach that intelligently exploits driving
data statistics based on identified charge depletion behaviors are
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proposed. The insights gained from this paper paves a new road for more
scientific design of PEM algorithms in the future.

1.3. Material organization

The remainder of this paper is organized as follows. Section 2 sum-
marizes the formulation of the optimal EM problem. Section 3 presents
an analytical solution to the optimal EM problem and details the theo-
retical analysis of the aggregated and global behavior of the energy-
domain optimal charge depletion rates. Section 4 validates the analyt-
ical solution and the behavior analysis using a high-fidelity vehicle
simulator, and presents an approach to SoC planning based on the
revealed optimal charge depletion behaviors. Finally, main conclusions
are drawn in Section 5.

2. Optimal energy management problem formulation

The investigated vehicle is a plug-in hybrid electric bus with series
powertrain configuration as illustrated in Fig. 1. The major task of the
EM strategy is to maximize fuel economy while meeting the demanded
driving power [30]. To achieve this goal, an optimal control problem is
formulated. Basic elements of the optimal control problem are summa-
rized in the following.

a5k ® Experimental data
. = 3'Y order polynomial fitting

4t

3.5

Fuel Rate[g/s]
N
(3]

L L L L L L L

0 1 2 3 4 5 6 7 8
APU Power[W] «%10%
(b)

Fig. 2. (a) Quasi-static efficiency map and maximum efficiency line of the APU system; (b) Instantaneous fuel rates for the maximum efficiency line.
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Table 1

Values of related vehicle parameters.
Parameter Value Parameter Value
1y 0.97 f 0.012
qg(at 1st gear) 0.93 r/g(at 2nd gear) 0.95
m 14,500 Pa 1.225
A 7.67 Cq 0.8

S(at 1st gear) 1.1268 S(at 2nd gear) 1.0125

2.1. Objective function

The objective function is formulated as the sum of instantaneous fuel
rates over the whole driving course:

J(Popu()) = / ’ ity (P (1))t = / Y Pau(t)

— (€D)]
0 fo r]a/m (Papll (t) ) thv

where Pgy, is formulated as the control input of the optimal EM problem.
As the APU is mechanically decoupled from the vehicle drivetrain, it has
the freedom to operate along its maximum efficiency line as shown in
Fig. 2(a). Therefore, the instantaneous fuel rate can be calculated by the
maximum efficiency according to:

L Pwl)
’72};23( (Pa/nA(t))Qllw

The instantaneous fuel rates obtained using Eq. (2). are visualized in
Fig. 2(b), which also shows that the experimental data is fitted with very
good accuracy by a 3rd order polynomial. The polynomial function is
expressed as:

mf (Pa/m (t)) )

1y (Papu (1)) = Mgaie + ki Papu (1) + ko P2, (1) + k3P, (1) 3

where the fitting coefficients,k;, k» and ks, are 7.3213x 1075,
—4.8287 x 107'% and 4.1035 x 10~'° respectively; my g is the idle fuel
consumption and is 0.0808 g/s in this study.

It should be noted that the analytical optimal control policy obtained
in Section 3.1 is based on third order polynomial approximation to the
experimental data. For APUs with fuel consumption characteristics that
can only be approximated by polynomial functions with more than third
order, analytical solution to the optimal energy management problem is
not possible. Nevertheless, we have verified by numerical solutions that
the optimal charge depletion patterns and their influencing mechanisms
are still applicable.

2.2. State equation

A widely used battery model that represents the battery as an elec-
trical circuit comprised of a voltage source and a purely ohmic imped-
ance is adopted [31,32]. In this model, battery SoC is the only state
variable that needs to be optimized and its dynamics is governed by Eq.
(4). Note that the influence of temperature on battery parameters is
neglected under the assumption of sufficiently good thermal manage-
ment.

V,.(SoC(1)) — \/ (V2.(S0C (1)) — 4(Pana(t) = Papu(t)) Ro(SoC (1))
2R0(SOC(I))Qm7m

SoC(1) = —

where Pgpq is the electric power demanded by the traction motor, which
can be calculated using the following energy-oriented model [9]:
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Pwh(f)
— P, ()20
PROTRODE 0 (52

(Pun(t) = Pon(£))11,, ()1 ()15 Pun(£) < O

Pdmd (t) =

Pu(t) = (szV(t) + fmgcosa (t) +0.5p,C4AV(1)* + mgsina (t)) V() (5b)

where Py, is the mechanical braking power determined by a maximum-
energy-recovery regenerative braking strategy [33]. Values of related
vehicle parameters are listed in Table 1.

2.3. System constraints

First of all, a terminal state constraint as expressed by Eq. (4) is
needed to prevent over-discharge of the battery. In all the simulations of
this study, SoCs is set as 0.3. We note that the value of SoCy will not
influence the analytical derivation in the following section.

SOC(I/) = SOC/ (6)

Moreover, some state and control constraints due to physical limits
or safety concerns are required to be satisfied:

0K P (1)K P i max (7a)
SoC,<SoC(1)<SoCyy (7b)
P in (1) Py (1) <P ma (1) (70)

where Py in and Py ..., represent the charging and discharging power
capability of the battery, which is respectively restricted by the battery’s
upper and lower cut-off voltages.

3. Theoretical analysis on the energy-domain optimal charge
depletion behavior

In this section, we first derive an analytical solution to the optimal
EM problem for the series PHEV powertrain, which is then used to
investigate the local and global behavior of the energy-domain optimal
charge depletion both qualitatively and quantitatively.

3.1. Analytical solution to the optimal energy management problem

PMP has been widely applied to solve optimal EM problems in the
literature, both analytically and numerically. To simplify the analytical
derivation of the optimal control solution based on the PMP approach,
we hope to relax the state and path constraints as expressed by Eq. (7b)
and Eq. (7c). Kim et al. has proved that the global optimum is achieved
when the SoC gradually decreases to its allowed lowest value just at the
end of the whole trip [34], meaning the optimal solution will not violate
Eq. (7b). Eq. (7c) should be satisfied as well since a PHEV’s battery
normally has large capacity with sufficient power capability. Based on
the above two justifications, we are assured that the state and path
constraints can be relaxed. Therefore, the Hamiltonian function of the
optimal EM problem is:

=f(SoC(t), Papu(t)) 4

H = 1y (P (1)) + A(1)S0C (1) ®)

The optimal control input P, can be obtained by minimizing the
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Hamiltonian function:
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Substituting Eq. (10) into the state equation and the Hamiltonian
function yields:

P, () = arg m<11_p H[SoC* (1), A" (t), Papu(1), 1] (9a)
‘ soc(t) e — Fant® = Papld)  Ro(Pana(t) ~ Py (1))* an
where the optimal state and co-state variables are governed by: Ve (S0C(#)) Qo Voo (S0C (1)) Quom
g 0H*
80C" (1) = —— = f(SoC (1), P, (1)) (9b)
A0 (Pand(1) = Papu(1))  A(8)Ro(Pana (1) — P (1))’
H = iy it + ki Popy (1) + ko P + ks P P i 12
lf .idl 1ap: ( ) 2 tl])u( ) 3 aﬁu( ) Vac(SOC(t))Qnom VOC(SOC(I))3Qn0m

. ol The necessary condition for Eq. (9a) can be obtained from the first

()= — ol (9¢) derivative of the Hamiltonian function through:

Due to the existence of the terminal state constraint as expressed by

A (1) 22 (£)Ro(Pama (1)

— Pﬂpu (t))

-0 13)

H
= ky + 2k Py 3k P?
P 1+ 2k Py (1) + 3k P, (8) +

OF(SOC* (t))Quom Vr)(' (SOC* (0)3 Qnum

The above equation has two solutions:

A (). TR _ (1) 20 (ORoPga (1)
(k2 VoeS0C (1) o) + \/ (ks Voe (SoC* (z>>*Q,,,,,,,) 3ks (ki + (S0C* (1))Cnom " Voo (S0C* (1))’ Qo
Popus = 3 (14a)
3
_ _ A" (D)Ro _ A (1)Ro 2 A1) 22" (1)RoPama (1)
(k> Ve <sUc*<r>)>‘Q,.(,,,,) \/(k2 Vo (S0C* (1)) Q) 3ks (ki + 7 e 010 Voe (wc*(r))"Qm,,)
P(I/)/A,Z = 3%k (14b)
3

Eq. (6), the above three equations compose a two-point boundary value
problem where the most difficult thing is to determine the initial value
of the optimal co-state variable. Commonly, trial-and-error shooting
method is employed to find the optimal initial co-state, which is
computationally very expensive and not suitable for real-time imple-
mentation. Therefore, in this paper, we only apply this method to pro-
vide an offline benchmark. In the following, we present an analytical
solution to the problem described by Eq. (9).

First of all, to facilitate the derivation process, we approximate

\/ —4Ro(Pgma — Papu) by second-order Taylor expansion at
Pdmd papu =0:
2R 2R2
\/Vz - 4R0 Pdmd - Papu) ~ Vac 7‘/70 (Pdmd - Papu) - V3 (Pdmd Papu)z
(10)

A comparison between the original function and its Taylor expansion
is shown in Fig. 3, validating the accuracy of the approximation.

According to the property of quadratic equation, the following
inequality should hold:

k
0 < Pyup < — - (15)

3k3 < Pupu.l < Papu.mBX

As the opening of the function 0H/0P,, is upward, its sign is positive
when Py, € {[0,Pgpu2)|l (Papu1; Pgpumar]} and is negative when Pgy, €
(Papu2,Papu1)- This indicates that H increases monotonously with P, in
the interval [0, Py 2) OT (Papy1 :Papumax], Dut decreases monotonously with
Pgp, in the interval [Py, 2, Pgpu1]. Therefore, as can be seen in Fig. 4, the
global minimum of H can be either located at Py, = 0 0r Pgyy = Pepy1.

When Pzpu = Pgu,1, we should have H(Pg,y1) < H(0), according to
which the inequality of Eq. (16) can be derived. Note that when deriving
this inequality, we used the original Hamiltonian function instead of its
approximation since otherwise an inequality that is always satisfied will
be resulted in.
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To facilitate the analysis later, we present a lemma and a remark in

where a = 4RyPgpu1,b = —2R k1Pagpu1 + koP?% 1 + ksP3 2.
o apl . 0Qnam( _1 ap.u'l . 2Papus + kaPapu )/ advance regarding the property of the optimal control policy as
When Pgnqg<Py, the optimal solution is Py, = 0. In summary, the described by Eq. (17)

following optimal control policy exists: Lemma 1: 2*/V.., and Py, are both constant.

Proof: After simple mathematical manipulation, we have:
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Fig. 5. Boxplot of 1*/V,, values obtained by offline numerical optimization for different driving cycles.
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. d)’ dv) dSoC

= 18
dv; dSoC* dt (18) 9
x10
Substituting Eq. (11) into Eq. (18) yields: T !
. dr’ dv.. Pawa— P, Ro(Pana — P,,,) 2r
R oc apu 1 apu 1
P Vow T vE ) 4
1 L
On the other hand, by combining Eq. (9¢) and Eq. (12), we obtain:
) . . ) (O o o e o et i
. * x N v * —
o 71 (Pdmd: P‘,pu)m(l RO(Pdmd*_ Pl,pu)) 20) < i
V32 Quom V2 % At i
Comparing Eq. (19) and Eq. (20), the following equality can be | 2l !
further derived: o- !
o -3 |
v = e (21) 1
av, v, L sq. | )
4 -
Thus: 1
N . N -5+ 1 ]
r ax-v, —1dv, s .
d(V* )/dz:%:o (22) I
oc o "t Papu,1 p*
This proves that 1" /V;, is a constant, which, according to Eq. (14(a)), oma
further indicates Pgy,1 is near constant. Fig. 8. The relationship between CDR and P} ;.
= = Average positive P,; — P Fig. 7. Pgnq trajectory segmented into multiple BUs
Pdmd A Basic unit boundary — - SoC 4 SoC and the corresponding SoC trajectory in energy

domain. Pgyy is averaged within each BU as shown
by the red dashed line. The charge depletion
behavior (‘®’~’®’) is evaluated according to the
relationship between the average value of Pgng
within each BU and the magnitude of Py and Pgpy,1-
The approximate trajectory of SoC has a piecewise-
linear pattern in energy domain, as related to the
charge depletion behavior. (For interpretation of the
Popu references to colour in this figure legend, the reader

— = is referred to the web version of this article.)
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Lemma 1 implies that the APU works at a constant power once it
turns on. In order to further verify this lemma, offline numerical opti-
mizations are performed for 8 different driving cycles. The boxplot of 1*/
V;. is shown in Fig. 5, demonstrating that 1*/V,, not only has negligible
variation within a driving cycle but also is almost cycle-independent.
The offline optimization results also show that the optimal APU power
is around 60 kW, very close to the number calculated using Eq. (14(a)).

Remark 1: The threshold variable Py is correlated with Qgmd,twr, the
vehicle’s total energy consumption for driving. And the larger Qgmg,tor iS,
the smaller Py is.

Obviously, Qdmd,tor is proportional to the energy provided by the APU
as the total energy drawn from the battery is fixed. Since the operating
power of the APU is almost a constant when it turns on, it can be un-
derstood that the energy provided by the APU is inversely proportional
to Py which determines the operating time duration of the APU.
Therefore, a larger Qgmd ¢ corresponds to a smaller Py.. We have also
verified this remark through numerous offline-optimization results as
shown in Fig. 6.

3.2. Local aggregated behavior analysis

Optimal charge depletion behavior of a PHEV is influenced by the
characteristics of its driving cycle. In order to better understand this
influence, we propose to classify the characteristics of a driving cycle
into three types based on their different spatial scales: instantaneous,
local aggregated average and global. The overarching goal of this paper
is to provide fundamental insights for the planning of global SoC tra-
jectories which is mainly determined by the aggregated average
behavior of the optimal charge depletion, thus the influence of driving
cycle’s instantaneous characteristics is neglected. In fact, it is also
practically reasonable to do so since accurately predicting the instan-
taneous characteristics in a long term is extremely hard due to the ex-
istence of complex uncertainties in driving behavior and traffic
conditions. On the other hand, we can rely on some lower-level adaptive
algorithms in online implementations to account for the effects of
instantaneous driving conditions while tracking the planned global SoC
trajectory [9,15].

In order to examine the influence of the local aggregated average
characteristics of the driving cycle on the optimal charge depletion

2
Ro(Pamd.h—Papu1)
VaeQnom

Paman—Papus __
VocQnom

ASOC;, ASOC;,/AI Pdmd,h - Papu.l
Sqn = = ~ ==
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Fig. 9. The relationship between &y, and P;,nd,h,APdmd- The contour of
Ssqure = 0.2 is thickened to show the large and small quantization borders.

scattered along each BU. However, negative Pg,4 does affect the varia-
tions of SoC and Qg of each BU. Therefore, we will present a technique
to amend its impact on the planning of SoC trajectories in Section 4.

An illustrative Pgnq trajectory segmented into multiple BUs is shown
in Fig. 7. In this subsection, we will analyze the local aggregated
behavior of the optimal charge depletion based on the power charac-
teristics of the BUs. Let us first derive the instantaneous CDRs of different
propulsion modes for the PHEV.

By using Eq. (11), the CDR of pure electric mode at each instant can
be expressed as:

_ Pinge  RoP, nde
ASoC,  ASoC,/At VocOuom Vi Ouom 1 RyP, dmd‘e)
sq, = = ~ = —
AQdma'.e AQdmd.e/ At P dmd.e Vachom ngc
(23)

According to our simulation, the value of sq. is confined to -4.51 x
10° ~ -5.04 x 10°. Therefore, sq, can be considered as a constant.
Likewise, the instantaneous CDR of hybrid mode can be derived:

RO(Pddel - Papu,l)

AQdmd,h B AQdmd.h/At - Pdmd,h B Vanm)demd,h

behavior, we segment the entire spatial-domain driving cycle into small
basic units (BUs) according to the ordered aggregated characteristics of
P}md, a variable that denotes positive Pg,,4. Specifically, these BUs are
determined according to the following two principles: i) any two
consecutive units have different averages of P, ,; i) the variance of P}, ,
within any unit is sufficiently small. In practical applications, ordered
sample clustering algorithms [29] can be employed to fulfill such a
segmentation task. Proper segmentation of the driving cycle is closely
related with the aggregated characteristics of the optimal charge
depletion rates. Therefore, understanding the optimal charge depletion
behavior will also facilitate the implementation of the clustering
algorithms.

The reason why we only consider positive Pg,,q when performing the
segmentation lies in two facts. First, zero Pg,4 has no influence on the
energy-domain charge depletion rate (CDR) at all. Second, although
negative Pypg leads to a totally different CDR than positive Pg,g does (i.
e., the SoC increases while Qgng is decreasing), its influence on the
aggregated charge depletion behavior can be neglected as it is sparsely

o ) (24)

oc

Therefore, the relationship between CDR and P}, , is shown in Fig. 8.
The relative difference between the instantaneous CDRs of the two
modes is:

Ro(Pamd.n—Papu,1)
2

_ 1+
Sqn — 59, Popia V2, Popu
é:eh = = (1 -5 RoPind.e ) — 1~ 25
5q. Paman 1 4 o mde Piman

v,

oc

The value of [1 + Ro(Panan — Papu1)/V2]/(1 + RoPamae/V2) is very
close to 1 (0.947 ~ 1.047) and is thereby ignored. As P, is a constant
according to Lemma 1, Eq. (25) indicates that &, is an inverse propor-
tional function of Pgnqp. Simple calculations show that &, is generally
large (greater than 30%), meaning a noticeable difference exists be-
tween the CDRs of the two modes. Especially, the difference would be
over 100% if Pgnq is lower than 60 kW. This can be explained by the fact
that the optimal CDR is a piece-wise function of P, that has a
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discontinuity when the working mode changes. Therefore, we need to be
careful when P}, of a BU is close to Py, in which case even a small

deviation from P , may cause switching of the working mode and
further lead to significant change of the CDR. If these small deviations
aggregate, as exemplified by basic unit @ in Fig. 7, we need to take the
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aggregated pure electric modes. Therefore, the average CDR of this BU
can be approximated by sqe.

On the other hand, when % of a BU is significantly higher than Py,
the charge depletion behavior will be dominated by aggregated hybrid
modes. In this case, the CDR of the BU can be approximated by:

P+ _Paml R()(P+ _Paul) 1 P,
SGhpu RS P+m )= - dmd bu (pu, 1 + dmd bu ipu, ~ — 1 _ apu,1 (26)
B 5B i) = s i T o)

statistical distribution of Pgnqp into consideration in online applications
to achieve a better SoC planning.

When % of a BU is significantly lower than Py, as exemplified by
BU @ in Fig. 7, the charge depletion behavior will be dominated by

Ro (P~ Papur

i ) which is close to 0 (-1.26 x 10 ~ 2.93 x 10%) ac-

cording to our simulation, is neglected. The accuracy of the approxi-
mation mainly depends on the deviation of the BU’s positive Pgpq from

Table 2 P 4, @nd the sensitivity of sqpp, to the variation of P;’mdkbu, which can
Composition of each trip. be examined by the following perturbation analysis:
Trips Composition —_— _—
- — Sqn (P.;,zd,bu + APyna) — 5q1 (P;md.bu)
Flat trip #1 ChinaCity Ssqrme = — (27)
Flat trip #2 ChinaCity + US06 G (P o )
Flat trip #3 HWEFET -+ US06 + ChinaCity
Flat trip #4 HWEET + US06 + ChinaCity + UDDS By approximating sqn(P} ;. + APama) with its 2nd order Tylor
Hilly trip ChinaCity + US06 ’
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Fig. 10. Speed and grade profiles of the 5 trips used for MiL validation. The slopes of the first 4 trips are equal to zero.
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the MiL simulations.

expansion, we can further derive that:

(P ;md,bu — 2APna) AP g Papu.i

F— e—
+ +
P (P amdu — P apil)

5th.bu -

(28)

The quantitative relationship between &, and its influencing var-
iables is visualized in Fig. 9, where we can observe that:

i) Basically, dq,,, decreases with P; ., but increases with |APgnql.

10

Hilly trip

Distance[km]

Behavior: | I I e —

11. Comparison of MiL and analytical solution.

ii) The value of &y,,, is less than 20% in most region. Only when
P b is m€ar Py 1 or APgng is negative and P ;. is less than Py 1,
5qnpu becomes very sensitive to the variation of P}, . The high sensi-

tivity implies that small deviations from P}, ,, will result in significant

changes of the CDR. If these changes aggregate, a different local charge
depletion behavior will be formed within the BU. In this case (as illus-
trated by BU ® in Fig. 7), we need to consider the distribution of Pgnqp
of the BU further to achieve a better SoC planning, On the contrary, the
CDR in the low Jy,,, region will maintain relatively stable. (see BU @ in
Fig. 7). The average CDR of this BU can be approximated by sqp.

3.3. Global behavior analysis

Supposing the entire driving route has been segmented into small
BUs with different average CDRs according to the aggregated power
characteristics as described above, the global behavior of the optimal
charge depletion will exhibit a segment-wise linear pattern in energy
domain, which can be further utilized for spatial-domain SoC planning.
Generally, online SoC planning based on segment-wise linear charge
depletion behavior in energy domain is nontrivial and deserves in-depth
investigation in the future. However, when the segment-wise linear
behavior becomes globally linear, a simple analytical SoC planning
method can be derived, as presented in our previous work of [29]. Based
on the aggregated average behavior as analyzed above, we can under-
stand when and why the optimal charge depletion behaves quasi-linear
globally:

(1) When the trip is dominated by pure electric modes, i.e. Qgmd,tor iS
small, only a small portion of the BUs are governed by aggregated hybrid
modes. Obviously, if these BUs are sparsely located on the trip, the
energy-domain SoC trajectory will be approximately linear. Moreover,
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according to Eq. (25), larger positive driving power of these BUs leads to
better global linearity. SoC
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is most likely that the energy-domain global SoC trajectory is nonlinear. 0
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following two conditions are met simultaneously: i) the BUs governed by =2
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e . . . 0
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N ~
Fig. 9. S
4. Validation and discussions
SoC,
In this section, we validate the analytical solution to the optimal EM Ot O n1 O O it Oima

problem, the analysis on the optimal charge depletion behaviors and the
associated SoC planning, through MiL simulations. The simulations are
performed on an experimentally-validated high-fidelity vehicle

Fig. 15. Estimation principle of the planned SoC trajectory.
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simulator [29], where shooting-based PMP algorithm is applied to
obtain the offline optimal solutions. Some critical points are also dis-
cussed. We note that it is common practice to employ MiL simulation to
verify and validate the design of control strategies before vehicle pro-
totyping in the automotive industry [26,35].

4.1. Validity of the analytical solution

A set of trips composed of standard driving cycles from an open-
source database are used to perform the examination. Table 2

summarizes the composition of each trip whose driving profile is shown
in Fig. 10. The first four trips simulate driving on flat roads with different
traffic conditions, while the last trip simulates driving on undulating
terrain. The optimal power trajectories obtained using the high-fidelity
simulator for the five trips are shown in Fig. 11.

To verify the validity of the analytically derived optimal power-split
policy as expressed by Eq. (17), the results of the two key parameters, i.
e., Pyrand P obtained using MiL simulations and analytical solutions
are compared in Fig. 11 and Fig. 12.

According to the analytical solution, the APU turns on when Pgngq

12
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exceeds Py, and vice versa. Therefore, the Pgp,q corresponding to the
instant when the APU starts/stops is deemed as optimal P, for the MiL
simulations, which is denoted as exact Py; hereafter. As can be seen in
Fig. 11, the exact Py basically oscillates around the analytical Py. This is
because Pgpq varies very fast, causing a large jump/drop in its value
within even one sampling time of the EM controller (1 s in this study).
Consequently, a stable threshold that reflects the APU’s start/stop is
hard to capture. However, a general range sitting around the analytical
Py can be identified in Fig. 11, validating the effectiveness of the
analytical Py.

The error between the analytical Py, and the Pg,, obtained by the
MiL simulations is shown in Fig. 12. As can be seen, the error is close to
zero except for a few extreme outliers. Again, these outliers are caused
by the fast dynamics of Pgy,q and the slow sampling frequency of the EM
controller. Overall, the analytical Py, can be considered accurate and
effective.

4.2. Validity of optimal charge depletion behaviors

Based on the results of the MiL simulations, four charge depletion
behaviors as derived in Section 3.2 are further verified in Fig. 13, where
each column belongs to one behavior, and the analytical CDR is equal to
sqe/sqn (see Eq. (23) and Eq. (24)) when Pgnq is lower/higher than the
analytical Py (see Eq. (16)).

The attribute of each behavior is summarized as follows:

a) Behavior ‘@®’. P;md is close to Py;. The big fluctuation of the CDR
trajectory is caused by the switching of the working modes between pure
electric and hybrid modes, which further leads to nonlinearity of the
SoC-Qgmq trajectory.

b) Behavior ‘@’. % is significantly lower than Py;. This behavior is
dominated by pure electric modes. The CDR is rather stable such that the
linearity of the S0C-Qgmq trajectory is good.

¢) Behavior ‘®’. }ﬂ is close to Py 1, and the locations of }ﬂ and
APgnq are in the high 6, region (see Fig. 9). Thus, the CDR switches
between positive and negative values even when Pgpq just has a small
change, leading to nonlinearity of the SOC-Qgmq trajectory.

d) Behavior ‘@’. P;md is much larger than Py, 1 and the value of &y, ,,
is low. The CDR keeps relatively steady such that the linearity of SoC-
Qdmd trajectory is good.

Basically, these four behaviors cover the charge depletion behaviors
of all the optimal SoC trajectories. The subsequent behavior analysis and
SoC planning are based on these four behaviors.

4.3. SoC planning based on optimal charge depletion behaviors

To facilitate the optimal SoC planning and the charge depletion
behavior analysis, the above five power trajectories are segmented into

BUs with different P}, ,, which are plotted by black dot dash lines in

Fig. 11. By comparing P} ., Py (estimated according to the fitted curve
in Fig. 6) and Pgp,,1 (60 kW, according to Lemma 1), the charge depletion
behavior of each BU can be identified according to the four attributes
summarized in the above subsection. The identified behaviors for each
driving cycle are shown at the bottom of the power trajectories in
Fig. 11. In the following, we will elaborate and validate the SoC planning
method using }E and the identified charge depletion behaviors.

The total demanded energy of the i BU is:

AQimdi = AQurij —AQregi (29) where AQgi; and AQyg; are the
demanded driving energy and the energy recovered through regenera-
tive braking of the i™ BU, respectively.

Consequently, the SoC’s variation for the i BU is:

AS0C; = AQyri;*CDRyri; —AQregi"CDRyeg; (30) where CDRgy; and
CDRyyq; are the average CDR of the i BU for driving and regenerative
braking respectively.
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CDRyyi; can be estimated according to CDR curve using
shown in Fig. 14(a), represented by Eq. (31):

CDRgrij = fopr (Pjyg;) (31)

Since regenerative braking is essentially a pure electric mode,
CDRye,; can be estimated by Eq. (23), which is basically a stable value.

After determining AQgmq; and ASoC;, the values of Qgmg and SoC at
the end of the i BU are:

i
Qdmdi = Zj:l AQdmdj

i (32)
S0C; = S0Co + ) ASoC;

Consequently, the planned SoC trajectory is formed by connecting a
series of points (Qgmqi, S0C;) (i = 0 ~ n, n is the total number of BUs)
using piece-wise lines, as shown in Fig. 15.

In Fig. 16, the planned SoC trajectories (orange dotted lines) are
compared with the optimal ones that are obtained by offline MiL opti-
mizations (blue lines). As can be seen, for the last four trips, the planned
SoC trajectories have noticeable discrepancy to their optimal counter-
parts. The deviations are mainly caused by the estimation error in CDRg,;
of the BUs governed by behaviors ‘@’ and ‘®’, as shown in the dotted
box in Fig. 16. When using Pﬂ to estimate CDRgy, the planned SoC
trajectory is likely to exhibit significant error in these two kinds of BUs
due to the large variations of their CDRs as shown in Fig. 13. Therefore,
the CDRy;;’s estimation of these two kinds of BUs should be modified. To
do so, we propose to estimate the CDRy; of the BUs governed by be-
haviors ‘@®’ and ‘®’ according to the distribution of P;mdi:

CDRyi; = E(CDRgy;) (33)where E(CDRyy;;) represents the expecta-
tion of the distribution of CDR,;; that is calculated by the distribution of
Pgmdi, as shown in Fig. 14b. As can be seen in Fig. 16, after the modi-
fication, the planned SoC trajectories have much better matching with
the optimal SoC trajectories in the dotted boxes.

From a global perspective, the global linearity of the optimal SoC
trajectories of these 5 trips is analyzed by combining Fig. 11 and Fig. 16.
For the “Flat trip #1”, since it is dominated by pure electric modes, the
SoC-Qgmd trajectory has very good linearity. For the last 4 trips, they are
dominated by hybrid modes. But the “Flat trip #2” has better linearity

due to the sparse distribution of pure electric modes and the low &g, ,,

region where P} . and AP, are located. The reason why the linearity
for the last three trips deteriorates gradually is due to the dense distri-
bution of pure electric modes and large &, ,, -

5. Conclusions

In this paper, an analytical optimal EM policy is derived for a series
PHEV by employing Pontryagin’s Minimum Principle, based on which
local aggregated behaviors of the optimal CDR in energy domain are
analyzed. Four dominant optimal charge depletion behaviors are iden-
tified, with whose influencing mechanisms being theoretically revealed
and also validated through MiL simulations. It is found that two be-
haviors have almost constant CDRs due to the fact that they are either
dominated by pure electric mode or dominated by hybrid mode, but the
CDR is not sensitive to the variation of average driving power. As a
result, only average driving power is needed to plan the SoC trajectories
for the road segments governed by these two behaviors. On the contrary,
the CDRs are quite unstable in the other two behaviors where the
powertrain operating mode changes frequently or the CDR is sensitive to
the variation of average driving power. To plan the SoC trajectories of
the road segments governed by these two behaviors, not only the
average driving power but also the driving power’s probability distri-
bution is needed. Additionally, based on the local aggregated behavior
analysis, prerequisites for good global linearity of the optimal SoC tra-
jectory are also summarized and validated.

Based on the findings of this paper, a computationally efficient near-
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optimal SoC planning framework can be designed by intelligently
combining data-driven statistics and model-based heuristic rules.
However, there are several limitations in our study that hinder its
implementation and wide application in the real world. First, the in-
fluence of some uncertain factors such as energy recuperation ratio of
each road segment and driving power distribution for the desired road
segments has not been quantified. Second, the revealed optimal patterns
are only applied to series hybrid electric powertrain so far. Its extension
to other powertrain configurations needs further study. In the future, we
will dedicate ourselves to addressing these limitations to develop high-
performance PEM based on the insights gained in this paper.
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