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ABSTRACT

In urban driving scenarios, fuel cell hybrid vehicle
(FCHV) needs to face mixed driving scenarios while taking
into account multiple objectives such as traffic safety,
driving comfort and energy efficiency. The trade-off
problem of multi-objective co-optimization is ignored for
cruise control and energy management strategy (EMS),
which are easily affected by the predefined driving cycle
constraints. In this paper, the integrated control
framework of cooperative adaptive cruise control (CACC)
and EMS is established, and the chaotic multi-objective
particle swarm optimization algorithm (CMOPSO) is
adopted to optimize the control parameters of the
integrated framework. The results show that compared
with the control strategy optimized based on WLTC
conditions, it can reduce the integrated energy
consumption (4.1%) and the following safety (58.1%)
while meeting the driving comfort requirements.
Compared with the weighted sum method, the proposed
method can achieve the balance of multiple optimization
objectives.

Keywords: fuel cell, networked vehicle, multi-objective
optimization, cooperative adaptive cruise control

NONMENCLATURE

Abbreviations

CACC Cooperative adaptive cruise control

CMOPSO Chaos multi-objective PSO

EMS Energy management strategy

FCEV Fuel cell electric vehicle

ITS Intelligent transportation system

SOC State-of-charge

V2l Vehicle to infrastructure

V2v Vehicle to vehicle

WLTC Worldwide harmonized light vehicles
test cycle

1. INTRODUCTION

Fuel cell hybrid vehicle (FCHV), with the advantages
of zero emission and high energy conversion efficiency,
are considered as one of the main technological ways to
achieve carbon reduction in the transportation industry
[1]. Currently, attention has been devoted to the research
of energy management strategies (EMS) for FCHV to
achieve the improvement of vehicle performance by
reasonably coordinating the power allocation among
multiple power sources [2], in which the standard driving
cycle is used as a predefined constraint for performance
optimization [3]. The optimized EMS is less adaptive and
susceptible to disturbances from external driving
conditions, leading to a decrease in overall vehicle
economy and durability [4]. Therefore, co-optimization of
longitudinal and powertrain control is needed.

Intelligent Transportation Systems (ITS) can be used
to further exploit vehicle performance [5], with internet-
connected vehicles sensing road information through
connected vehicle technologies. Meanwhile, the
longitudinal driving of vehicles is gradually shifting to
automatic control, which includes cooperative adaptive
cruise control (CACC) with extended communication
capabilities [6]. Therefore, FCHV can improve driving
safety and fuel economy through the cooperative
optimization of EMS and CACC. However, the complex
driving scenarios bring optimization challenges, one is the
external longitudinal control. The second is the energy
distribution of powertrain [7]. Therefore, existing
integrated control schemes are usually designed as two
layers [8]. The integration of cruise control and EMS can
improve the performance of the vehicle, but it also brings
complex optimization problems.

However, most research have focused on limited
driving scenarios. Therefore, research on vehicle
optimization in signal light scenarios was started , and the
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longitudinal control was extended by considering the
safety of vehicle driving [9]. Reference [10] divided urban
roads into cruising zones and signal-induced zones, and
judged whether a vehicle could pass through a signalized
intersection by predicting its behavior. From the
perspective of objective function, most of the existing
methods set different weighting factors to transform the
multi-objective problem into a single-objective problem.
However, the multi-objectives interact with each other,
and it is easy to mislead the optimization results by
setting weighting coefficients artificially. The Pareto-
based optimization method can balance the multi-
objective problem well, but the co-optimization of the
control parameters of the CACC and EMS integrated
framework for FCHV in driving scenarios has not yet been
studied.

Based on the above discussion, this paper co-
optimizes the CACC and EMS of FCHV to balance driving

safety, comfort, economy and power durability.
Considering the complexity of the actual driving
scenarios, acceleration control models under the

scenarios of following, free cruise and signal guidance are
established. Meanwhile, in order to avoid the imbalance
of optimization results caused by improper multi-
objective weight setting, Pareto-based chaotic multi-
objective particle swarm optimization (CMOPSO) is
adopted to find the optimal parameters of the integration
framework.

2. MODELLING OF VEHICLE POWERTRAIN
The powertrain of FCHV is shown in Fig.1. The
powertrain consists of fuel cell, power cell, electric motor
etc. The parameters of the whole vehicle are shown in
Table 1.
Table 1 Main parameters of vehicle

Components Parameters Value
Curb weight (kg) 2480
Windward area (m?) 2.204
Rolling resistance 0.01
Vehicle coefficient (-)
Drag coefficient (-) 0.29
Wheel radius (m) 0.324
Gear ratio (-) 8.28
Fuel Cell Rated power (kW) 36
Peak power (kW) 38
Number of series cells 174
Battery Capacity (Ah) 37
Peak power (kW) 70
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Fig. 1. Powertrain architecture of FCHV

2.1 Fuel cell model

The fuel cell model is recognized based on the
experimental data of fuel cell output characteristics. The
results of the comparison between the simulated and
experimental values of the identified model are shown in
Fig. 2.
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Fig. 2. Simulation of fuel cell stack polarization curve

2.2 Battery model

The power battery model takes the equivalent
internal resistance model, and the power battery current

expression is:
IVE
| = Voc “NVoc _4Rbat Pbat (1)
b=
2Rbat
Where: Ipis the power cell current (A), Voc is the power
cell open-circuit voltage (V), Reat is the equivalent internal
resistance of the power cell (Q), Pyt is the power of the
power cell (kW).
The current state-of-charge (SOC) of the battery,

expressed as:

1 ¢t d
soc:soc:to—Q—jtolb t (2)
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Where: Q is the power battery capacity (Ah), t is the
terminal moment.

2.3 Degradation model

Fuel cell system degradation is affected by operating
conditions which can be classified into four categories:
load variation, startup and shutdown, idling and high
power loads.The empirical equation for the percentage
drop is given below [11]:



Dy = k1t1 + k2n1 + kstz + k4t3 (3)

Where: Dy is the percentage decline in fuel cell decline,
t;, ni, t2 and t;3 denote idle time, number of starts and
stops, heavy load duration, and variable load burst time,
respectively. ki, k», ks and ks are the degradation
coefficients for each category.

The power battery life model adopts the empirical
model of battery capacity loss, the power battery in this
paper is a simplified model, and the temperature is a
constant value, only the battery capacity loss caused by
the accumulated charge is considered, and the expression
is as follows [12]:
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Where: Quss is the cell capacity loss, B is the pre-finger
factor, E, is the activation energy (J), R is the gas molar
constant, T, is the battery temperature (K), Q is the
cumulative charge (C),a, B is a constant term, /. is the
discharge multiplier (1/h).

3. INTEGRATED CONTROL SYSTEM

In the ITS environment, FCHV obtains traffic
environment information through Vehicle to Vehicle
(V2V) and Vehicle to Infrastructure (V2l). The overall
control framework is shown in Fig.3.
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Flg 3. Integrated CACC and EMS control system

3.1 Speed control model

The scenes encountered by the vehicle are mainly
divided into three categories : free driving, car-following
and signal guidance mode. Considering the control modes
of CACC vehicles in different scenarios, the traditional

Intelligent Driver Model (IDM) model is extended to
establish acceleration algorithms under different control
modes.

3.1.1 Free cruise

In free cruise scenario, the primary vehicle travels at
a cruising speed that is not higher than the maximum
speed limit of the current lane, and the formula for the
cruising speed of the vehicle in the free scenario is as
follows [11]:
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Where: arq is the vehicle cruising acceleration (m/s?),a is
the maximum acceleration (m/s?), b is the maximum
deceleration (m/s?), vexis the cruising speed (m/s) set by
the vehicle,é is the model parameter.

3.1.2 Car-following

In the car-following scenario, the acceleration
demand can be calculated in the CACC system based on
the vehicle spacing and relative speed between the main
vehicle and the vehicle in front of it, therefore, the
vehicle adopts the following equations for following
control [7]:

aCf (t) = a'pre (t) + kvAV(t) + ks (AS(t) - Sdes (t))
AV(t) = Vpre (t) - Ve (t) (6)
AS(t) = spre (t) —S; (t)
The desired spacing is the following spacing set
according to the headway time distance, and the desired

spacing is set as considering the safe tracking distance for
the vehicle deceleration capability:

S (D) =5, +V. ()T, +L (7)
Where: S is the safety distance (5m), T, is the head time
distance (1.5s), and L is the length of the vehicle (m).

3.1.3 Signal guidance

Based on the variable expected distance model,
considering the relative speed with the front vehicle, the
cruise distance model is designed, such as Equation (9), to
determine the switching threshold of the two cruise
modes :

Sges T e AV AV >0
d, = (8)

Sges T lec AV AV <0

Where: ds is the cruise and follow cruise switching
distance threshold (m), reec and rqec is is the weighting
coefficient.



When the remaining distance between the vehicle
and the signal is equal to the length D of the signal
guidance zone, the current information is used to
comprehensively judge whether the vehicle can pass the
signal intersection.

[T%®.T, >0
N
TV (), T, >0
Where: S, is the predicted distance of the vehicle (m), T,
is the remaining time of the green light (s), T, is the
remaining time of the red light (s).

When the signal is green, if S5y >D, it means the
vehicle can pass the signalized intersection with the
current speed, if Ssiy <D, it means the vehicle cannot pass
the signalized intersection.When the signal light is red, if
Ssig <D, it indicates that the vehicle can pass the signalized
intersection with the current speed cruise, if Ss=D, it
indicates that the vehicle can not pass the signalized
intersection with the current speed, and it needs to
decelerate to a certain extent to pass the signalized
intersection, and the deceleration to the signalized
intersection is calculated by the equation (10) to
determine whether it can be decelerated to the rear to
maintain the speed to pass the signalized intersection,
and if it can not pass the signalized intersection If it is not
possible to pass the signalized intersection, the vehicle

(9)

decelerates until it stops before the signalized
intersection.
vV, —=V_.
_ e min
areduce - 36-|-r (10)

3.2 Energy management strategy
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Fig. 4. Fuzzy logic control membership function

EMS is designed to coordinate the power distribution
between fuel cells and power batteries. The object of this

study is the extended-range FCHV, its EMS is divided into
two stages : charge depletion and charge sustain. The
EMS in this paper mainly focuses on the energy
distribution in the charge sustain stage. This paper adopts
EMS based on fuzzy logic control (FLC). The power battery
SOC and the required power are selected as the input,
and the membership function of the FLC is shown in Fig.4.
Durability is the current difficulty of fuel cell
technology. Fuel cell durability is affected by system
operating conditions, and dynamic power fluctuations,
frequent system start-stop and low-power operation are
detrimental to fuel cell health. The EMS of [2] is used to
mitigate fuel cell power fluctuations by incorporating a
low-pass filter. The established low-pass filter is as
follows:
2rf, _ 1

G()=——=—=
2rf +s 1+7s

(11)
Where: f. is the cutoff frequency, tis a time constant.

4. RESULTS AND ANALYSIS

The overall performance of the vehicle is optimized
by optimizing the main control parameters in the system.
The multi-objective optimization problem related to the
decision vector in this paper is defined as :

x:mi,lzy---]‘] :[JFS’JDC’JFE’JPD] (12)

Based on the CMOPSO algorithm, the multi-objective
optimization of the control parameters under the
integrated framework of CACC and EMS is carried out in
the real road scene of urban multi-signal lights. Firstly,
based on the Pareto method, multiple optimization
objectives are processed to obtain the Pareto front. Then,
the method based on traditional weighted sum is used as
a comparison. It is compared with the original control
strategy which is optimized and calibrated only under the
WLTC standard working condition and not optimized
under the actual road condition.

Since only one optimization result is usually required,
in order to find a compromise solution that considers all
targets, the following formulas are used to sort the
particles in the Pareto optimal solution set at the same
scale.

- 3 (K) =™
= Jimax _ Jimln

Where: J™%* and J™™ is the maximum and minimum
values for each objective in the set of Pareto optimal
solutions. The best compromise solution obtained based
on this method is considered as the optimal solution in

the Pareto frontier and is applied to the integrated CACC
and EMS control framework proposed in this paper.

nin O (K) =i a3
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Fig. 5. Speed profile by the CACC strategy

Fig.5 shows that our proposed strategy ensures that
the FCHV makes appropriate driving choices to follow the
vehicle in front or slow down early. At 17 signalized
intersections (585s), the vehicle decelerates early and
idles at the red light when the Ego-vehicle is unable to
safely pass through the intersection during the green light
window. When waiting for the next green light to turn on,
the free cruise scenario was triggered and the vehicle
cruised at a set speed that did not exceed the road speed
limit because there is no vehicle in the detection range in
front of the vehicle to follow. When the vehicle cruises to
the 19th intersection, the Ego-vehicle decelerates early,
without coming to a complete stop, before passing
through the intersection in the next green light window.
As the Ego-vehicle passed through the intersection, the
vehicle quickly and smoothly caught up with the vehicle
in front of it until a safe following distance was reached.
The results show that the Ego-vehicle can make
appropriate driving choices based on real-time driving
information in continuous signalized intersection
scenarios.
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Fig.6 (a) shows that the tracking error can be reduced
after optimization, while the tracking error of the
baseline strategy is slightly larger, which indicates that

the optimized tracking condition is more stable. Fig.6 (b-
c) shows the acceleration and jerk of the vehicle, which
can be optimized to reduce the magnitude of the
acceleration fluctuation of the vehicle and improve the
driving comfort. Fig.6 (d) shows the results of the power
allocation, and the EMS can satisfy the load demand
while maintaining the stable output of fuel cell power,
and after the low-pass filter adjustment, the high
frequency part is provided by the power cell, which
reduces the power fluctuation of the fuel cell and helps to
alleviate the degradation of the fuel cell. Hydrogen
consumption is saved by recovering energy from braking.
Fig.6 (e-f) Comparison results of fuel cell outputs,
demonstrating the improvement of fuel cell efficiency
based on the Pareto method, suggesting that the
longitudinal control and energy distribution of the vehicle
can be effectively improved through the synergistic
optimization.

Table 2 shows the performance of the benchmark,
the Pareto-based method, and the weighted sum of the
three methods for different objectives between the two
methods in an urban roadway scenario. The results show
that the Pareto-based method minimizes the average
following error (58.1%), the average speed variation
(1.2%), the equivalent hydrogen consumption cost (4.1%),
and the combined power degradation cost (2.1%) with
respect to the baseline method.Weighted-sum 2 focuses
more on driving safety, which is the best among the five
sets of results. While several other weightings tend to
reduce driving safety. In the chaotic particle swarm
algorithm, the weighted-sum based approach, with a
single comprehensive objective function as the decision
vector for deciding the direction of particle flight, is
unable to weigh multiple objectives, which makes the
optimization results easily deviate from the optimal
solution as the dimension and scale of the search
increases. Therefore, the Pareto-based approach can
completely improve driving comfort, reduce equivalent
hydrogen consumption, and extend power source
lifespan.

Table 2 Comparison of Pareto and weighted-sum method

Objective index  Jrs(m)  Joc(m/s?)  Jre($)  Jeo($)
Baselinescheme  0.635 0.474 1.789 0.333
Welghtled-sum 0.176 0.475 1.751 0.335
Welghtzed-sum 0.172 0.479 1.777 0.331
Welght;d—sum 0.188 0.474 1.752 0.329
Welghfd-sum 0.179 0.473 1.790 0.336
Pareto method  0.266 0.468 1.715 0.326




5. CONCLUSIONS

In this paper, considering the uncertainty of driving
conditions and the energy management of the
powertrain, the integrated framework of CACC and EMS
is established, and a parameter optimization method
based on the Pareto method is proposed to optimize the
integrated framework. Simulation results validate the
effectiveness of the method, and the proposed
optimization method achieves 58.1%, 1.2%, 4.1%, and
2.1% in terms of driving safety, comfort-equivalent
hydrogen consumption cost, and power degradation cost,
compared with the calibrated baseline strategy under
WLTC conditions. Compared to the weighted sum based
optimization approach, the adopted approach can
overcome the uncertainty constraints of the weighting
factors and find the best compromise solution. In future
work, the vehicle speed prediction method under the
grid-connected framework will be introduced to optimize
the control parameters based on the predicted speed,
focusing on the trade-off between the prediction step
size and the real-time nature of the computational
capability.
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