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I - INTRODUCTION

Hybrid Electric Vehicles (HEVs) have been proposed as a feasible vehicle technology that
will help achieving economic and environmental objectives such as reducing oil
dependence and polluting emissions. The essence of HEV control is the instantaneous
management of the power flow from two different sources, the internal combustion engine
(ICE) and the electric motor (EM). The peculiarity of this problem is that while the control
actions are local in time, the control objectives, i.e. fuel consumption and emissions per
mile of travel, are integral. Moreover, the constraint of maintaining the battery state-of-
charge (SOC) is also an integral constraint. Only if the driving schedule is known a priori,
can the optimal solution for this global problem be found using Dynamic Programming
(DP) (1),(2). However, the Equivalent fuel Consumption Minimization Strategy (ECMS)
defines an equivalent fuel flow rate n,,, (¢)so that the global fuel consumption

minimization can be replaced by a local one (3),(4),(5):
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The global minimization problem and the local one are not strictly equivalent. It is shown
that the same control law can be derived applying the local criterion (1), provided that the
equivalent fuel consumption is formulated in such a way that it indirectly accounts for the
non-local aspects of the problem (3). For that purpose, any instantaneous usage of the EM
is converted in terms of future fuel cost by using two average efficiencies(7,,,7,, ) that are

considered as parameters of the strategy.
The whole driving cycle can be split into missions of appropriate length; it is shown here
that a pair(77,,,,77,,) can be associated to each mission so that the overall performance

provided by the sum of these missions is comparable to the global optimum. The
pair (77, , 7,5, ) strongly depends on the type of mission. Thus, this paper presents an on-the-

fly adaptive algorithm to determine the pair that achieves optimal performance while
satisfying the charge sustaining constraint. More robustness and better adaptivity can be
obtained combining past and predicted vehicle velocity with elevation data from GPS.

II - GLOBAL VS. LOCAL OPTIMIZATION

Dynamic Programming

When the driving schedule is known a priori, i.e. the velocity profile of the vehicle is

known fromz=0tos=7,, a solution to the global optimization problem is provided by

Dynamic Programming. A simplified quasi-stationary model of an HEV that considers the
battery SOC as the only dynamic state is used to calculate the fuel consumption.
The control problem is formulated as follows: given the speed and thus the power required

at each discrete time instantz e[O, T f], determine the optimal control inputP,  that

minimizes the fuel consumption over this interval:

di . , SOC,,, <SOC(t)<SOC,, .
J= z m.,(t, P, )At with the constraints: ' (2)
t=0 Req (t) = Pice (t) + Pem (t)
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The solving algorithm, the Dynamic Programming proposed by Bellmann (6), proceeds
backwards from times=7,to times =0, evaluating the cost of going from one state to

another. Starting from SOC(T,), a cost matrix J(¢,SOC)is calculated using the recursive

rule:

J(t+i,SOC(t +1)) = min {J(t+i+1,80C(t +i)— P, At)+ i, (t +i, P, At} 3)

ice

At the end of the algorithm, J(z,SOC(0))contains the total cost of going from the state
corresponding  to SOC(0)to the state corresponding to SOC(7,). Then, proceeding

forward, the arguments of J (i.e. the values of P, that minimize the fuel consumption) give
the sequence of control inputs that should be sent to achieve that result.

Equivalent Fuel consumption Minimization Strategy

As mentioned in the Introduction, the ECMS is based on the definition of the equivalent
fuel consumption 7, (¢) as the sum of the actual fuel consumption of the ICE 7, () and

ice

the equivalent fuel consumption of the EM m,,, ., (1)

mf:é’qu (t) = mice (t) + mem,equ (t) (4)

The equivalent fuel consumption of the EM m (t)can be calculated converting an

em,equ
instantaneous usage of the EM in terms of future/past fuel cost or saving. The energy
provided by or to the EM is converted in equivalent fuel via the component efficiencies.
Since the electrical energy in-flows and out-flows of the battery are non-local in time, the
conversion efficiencies can be defined only in statistical sense.
The operating conditions of a parallel hybrid vehicle can be classified in three modes:

e Charging mode, i.e. when the ICE is providing power to the battery and the wheels:

P,>0,P, <0andP, >0

ice req
e Discharging mode, i.e. when both the and the EM are providing power to the
wheels: P, >0,P, >0and P, >0

em req

e Recovering mode, i.e. regenerative braking P,

ice

=0,P, <0and £, <0

Considering the architecture of the parallel hybrid vehicle sketched in Appendix, the
analysis of the power flows trough the components all operating modes leads to the
following expression of the equivalent fuel consumption of the EM m,,, ., (¢):

1 1 RO L, g
7] P t ’ 1t Pem t H -
mequ’em (t) _ nchg nem( em( )) nbg ( ( ))P ([;;V (5)
ﬁdis ' Uem (Ijem (t)) ' 77batt (])em (t)) e Ijem < 0
HLHV

where:
1.4, average efficiency in all charging conditions

n,: average efficiency in all discharging conditions

The statistical expressions of the average efficiencies for a parallel hybrid vehicle are
reported in the Appendix.
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Thus, the ECMS algorithm depends on two parameters(7,,,, 77, ) that can be tuned in order

to minimize the fuel consumption while respecting the charge-sustaining constraint.

Comparison

The global minimization problem and the local one are not strictly equivalent. However,
the solution provided by ECMS follows very closely the global optimum obtained with
DP, as shown in Fig. 1 for a FUDS cycle. Besides the SOC sustainability, the results are
similar in terms of fuel economy as well: 29.13 mpg of bio-diesel for DP and 29.09 mpg
for ECMS.
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Fig. 1 Comparison of the electric power (left) and the SOC (right) for a FUDS cycle with DP and ECMS

ECMS proves to be an excellent candidate for the implementation of a real-time control
strategy on an actual HEV (7),(8). The major drawback of DP is in fact that a full
knowledge of the future driving cycle is needed in order to find the optimal control policy.
Moreover, DP is computationally too heavy and not suited to real-time applications.

Nonetheless, the global-local equivalence can be achieved only if the pair(7,,,,7,,)is well

chosen for a given driving schedule; otherwise the ECMS is no longer able to sustain the
battery SOC at reasonable levels. In fact, different characteristics of the cycles, such as the
number of recovering/charging/discharging opportunities, change significantly the average
efficiencies and consequently the cost of operating the EM. The optimal values
of (7,4 » 1741, ) for common cycles are presented in Table 1.

Table 1 Optimal values of the average efficiencies that minimize the fuel consumption

FUDS FHDS FT03 ECE EUDC NEDC JP10-15

77chg 0.40 0.45 0.32 0.40 0.42 0.40 0.46

ﬁdis 2.55 2.28 1.54 2.69 2.62 2.66 2.11

The charge-sustaining region and the iso-fuel consumption contours for the FUDS cycle
are shown in Fig. 2. The comparison between the SOC obtained with the optimal pair
(7,44 >4, ) and the SOC obtained with a non-optimal pair is shown in Fig.3.

To achieve the best results from the ECMS, it is then necessary to properly choose the
average efficiencies (77, ,77,, ) according to the current driving conditions.
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Fig. 2 Iso-fuel consumption contour and non Fig.3 SOC for optimal and non-optimal parameters:
charge-sustaining region in the latter case a wrong evaluation of the equivalent
cost leads to a non charge-sustaining behaviour

IIT - ADAPTIVE ECMS

As illustrated in section II, the match of(77,,,,77,,) with the current driving schedule is

critical. This section presents an on-the-fly adaptive algorithm that determines the pair
achieving optimal performance while satisfying the charge sustaining constraint.

The concept of driving cycle can be generalized as mission. A mission is defined here as a
trait 7 of the vehicle route where the net electrical energy flow is zero. In fact, the
electrical energy stored in the battery (= 1 MJ, with 0.6<SOC<0.8) can be neglected in
comparison with the chemical energy stored in the tank (= 10 GJ). Thus, in HEVs the
battery is used as an energy buffer, so that, for a long run, the net electrical energy flow
can be considered zero:

T

[ B (dt~0 (6)

0
The whole driving cycle is split into missions of length 7. The optimal solution for each
mission j is calculated using DP and gives a fuel consumptionm;. The duration T of the

mission is determined so that Z/m . 1s close to the optimal fuel consumption over the

whole cycle. The table below shows that with 7" longer than 50 s the cycle can be treated as
sum of shorter missions without significantly affecting the performance.

Table 2 Total fuel consumption obtained splitting FUDS and FHDS cycles in missions of duration T

mpg 29.38 29.5 29.75 29.88 29.79 29.89 29.9

FUDS 10 20 50 100 150 200  Full cycle
mpg 27.14 279 28.72 29.02 29.02 29.1 29.13
FHDS ‘ T 10 20 50 100 150 200  Full cvcle

From section II and the previous discussion, a solution close to the global optimum can be
obtained by matching(77,,,,7,,)to each mission and not to the whole cycle. This pair can

be chosen by imposing the condition (6), which can also be translated in requiring a
flat SOC trend over the mission.
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The core of the Adaptive ECMS (A-ECMS) is an algorithm for the on-line estimation of
(W.pg» i ) @ccording to the current mission. The main idea of the algorithm is to find the

pair of average efficiencies that assures a flat SOC trend over the mission. Since the fuel
consumption is close to the optimal one within the charge-sustaining region, as it is shown
in Fig. 2, this criterion leads to results close to the optimal one.

The sloped,.of theSOCtrend over the mission can be related to the variation

(074501, ) Of the average efficiencies with respect to their optimal values trough a

sensitivity plane:

5770 577 is
Osoc = ay _O,fl,g 2 _0;1; (7)
chg ndis

where the coefficients(q,,a,)are determined by fitting simulation results for different

cycles.
The measured slope 6, over a mission identifies via the sensitivity plane an infinite set of

pairs of corrections (677,,,,,077,,) (see Fig. 4). An a priori probability density function, built
simulating different cycles with different pairs of(77,,,,7,,) , can be used to discern the best
candidates of (77,,,7,,) (see Fig. 5). Combining the sensitivity plane and the probability
density function, the algorithm finds the most probable correction (67,,,67,,)t0 be

applied to the current average efficiencies to keep the SOC trend flat over the mission.
Thus, the new pair can be considered the optimal choice of parameters for the current
mission.
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through the sensitivity plane

Fig. 5 Probability density function of the charge-
sustaining average efficiencies

In order to achieve the best performance, the mission starting at time ¢ should be known.
The algorithm would then choose(7,,,7,,)and the control of the vehicle would be

optimized for the next 7 seconds. In real driving conditions this information is obviously
not available, while it is possible to keep record of the past driving conditions. With the
assumption that the driving schedule will not change dramatically, the A-ECMS can be
applied to a mission of 7" seconds in the past. The selected values of(77,,,,7,,)are then

adopted in the minimization of the fuel consumption until a new pair is calculated.
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Simulations show that this assumption is reasonable and it is verified in most of the cases.
Nonetheless, it may happen that a sudden variation of the driving cycle characteristics,
such as a grade, takes place. In this case, the selected pair would not lead to optimal
control. A possible trade-off that increases the adaptability and the robustness of the
A-ECMS is to consider a mission composed by past data and future data, where
information in the future comes from a prediction of the driving cycle. The velocity profile
can be considered a time-series and a linear autoregressive model that describes it can be
identified exploiting past data (9),(10). The K-steps predictor of this model will provide the
velocity in the next K time instants and the GPS will provide accurate data about elevation.
The velocity prediction is affected by an error that increases with K; for K = 20 s or more
the fit with actual data becomes poor (see Fig. 6), but the prediction is still useful to
understand what the driving cycle is likely to be.
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Fig. 6 For short horizons (left) the prediction is accurate; otherwise (right) only the trend is reproduced

Since the actual power split is determined by the A-ECMS at each time-instant and based
on measured data, even a rough prediction is useful to choose(77,,,,77,,) without making

significant mistakes in the instantaneous fuel consumption minimization. Thus, the mission
consists of M seconds in the past and K seconds in the future, where M + K =T .

IV - RESULTS

Performances of the algorithm have been evaluated using a Matlab/Simulink simulator.
The authors developed the model enhancing VP-SIM, a forward quasi-static vehicle
simulator (11), (12). The original scalable and composable model was adapted to the Ohio
State University BuckHybrid 2004, a hybrid-electric version of a production Ford Explorer
SUV, using maps for the ICE and the EM. The essential data of the vehicle are
summarized in the Appendix.

In accordance with section III, the duration 7" of the mission was chosen 120 s. In order to
achieve better adaptivity to the mission, the size K of the prediction horizon is set to 20 s,
so that the mission consists of 100 s in the past and 20 s in the future. For proving the
robustness and the adaptivity of the algorithm, the A-ECMS was tested for different cycles
and the results were compared with the performance obtained using the ECMS with
optimal values of (77,,,, 7 ) -

Fig. 7 shows the SOC profiles obtained with A-ECMS and ECMS for two FUDS cycles.

Even though the SOC profiles are quite different on the cycle scale, it is possible to
recognize some patterns associated with shorter missions. In fact, the overall fuel
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consumptions measured in both cases are very close: 29.09 mpg bio-diesel with ECMS and
28.67 mpg with A-ECMS. It is worth noticing that A-ECMS achieves this result without
any prior knowledge of the average efficiencies, because it inherently evaluates the proper
cost of hybrid operation.

SOC profile for two FUDS cycles with ECMS SOC profile for two FUDS cycles with A-ECMS
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Fig. 7 Comparison of the SOC profiles obtained with ECMS (left) and A-ECMS (right)

Moreover, there are cases where it is not possible to find an optimal pair of(7,,,,7,,) for

the ECMS in order to minimize the fuel consumption and guarantee the charge-sustaining
condition. In fact, in driving schedules with very different characteristics, such as a
succession of an urban and a highway cycle, the average efficiencies cannot be considered
constant. In these situations, a simple ECMS approach would not work properly, unless
features like a penalty function are introduced to keep the SOC within the boundaries. On
the contrary, Fig. 8 and 9 illustrate how the possibility of adapting the average efficiencies
to the current mission allows achieving good performance and controlling the SOC profile.

Average efficiencies vs. time SOC profile for a FUDS + FHDS cycle with A-ECMS
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Fig. 8 Average efficiencies profiles for FUDS+FHDS  Fig. 9 SOC profile for FUDS+FHDS

V — CONCLUSION

A sub-optimal control strategy for HEV energy management has been developed.
Computer simulations show that the overall performance is only slightly lower than the
global optimum. In exchange, robustness to different driving conditions is achieved.

The strategy is now being implemented on the Ohio State University BuckHybrid 2004, a
hybrid-electric version of a production Ford Explorer SUV, for real-driving on-the-road
testing and for taking part to the Ford-U.S. DOE FutureTruck student competition.
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APPENDIX
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Fig. A1 Architecture of a parallel HEV

Table A1 Definition of the average efficiencies

Average ratio of energy recovered/charged

R=

JL P,@]. dr

jl_ batt (T)Jchg dT

all conditions

Average efficiency in charging mode

t
776*/1g = <I nbatl (T)nem (T)ﬂice (T)df
0

Tore = (14 R)

all charging
conditions

Average efficiency in discharging mode

ﬁdl\ _<

t

I batt (T)nem (T) dr
0 nzce (T) all discharging

conditions

Table A2 FutureTruck characteristics

VM motori engine CIDI 2.5L 4 cylinder, 4 strokes
Siemens 1PV5105-4WS15-Z AC induction

Vehicle mass: 2311 [Kg]

Frontal area: 2.92 [m?]

Drag coefficient: 0.45

Rolling Resistance coefficient: 0.015

Battery type: Hawker Lead Acid E-Cell
Cell Nominal Voltage: 2 [V]

Cell capacity: 8 [Ah]

Maximum current Discharge: 90 [A]
Maximum current Recharging: 60 [A]
Number of cells in series: 150

Upper limit of SOC: 0.8

Lower limit of SOC: 0.6

Belt efficiency: 0.9

Belt ratio: 1.8

Gear ratio (1% to 5™): [3.38 2.04 1.3 1 0.78]
Gear efficiency: 0.95

Differential ratio: 3.73

Differential efficiency: 0.95

Wheel radius: 0.36 [m]
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