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Abstract: The control strategy is a major unit in hybrid electric vehicles (HEVS). In order to provide
suitable control parameters for reducing fuel consumptions and engine emissions while maintaining
vehicle performance requirements, the genetic algorithm (GA) with small population size is applied
to search for feasible control parameters in parallel HEVs. The electric assist control strategy (EACS)
is used as the fundamental control strategy of parallel HEVs. The dynamic performance requirements
stipulated in the Partnership for a New Generation of Vehicles (PNGV) is considered to maintain the
vehicle performance. The known ADvanced Vehlicle SimulatOR (ADVISOR) is used to simulate a
specific parallel HEV with urban dynamometer driving schedule (UDDS). Five population sets with
size 5, 10, 15, 20, and 25 are used in the GA. The experimental results show that the GA with
population size of 25 is the best for selecting feasible control parameters in parallel HEVs.

Keywords: control strategy; electric assist control strategy (EACS); genetic algorithm (GA); hybrid
electric vehicle (HEV)

1. Introduction

The development of environmental friendly vehicles with low to no fuel consumption is
increasingly important in the automotive industry. In particular, hybrid electric vehicles (HEVs) have
received the most attentions. Having good fuel economy, HEVs also produce few carbon emissions,
and for this reason, they are widely accepted by environmentalists. It is expected that HEVs will
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become the model of future vehicles due to global energy crises and global warming.

In a typical HEV, there are two energy converters—internal combustion engine (ICE) and
electric motor (EM), which complicate energy flows as the conventional vehicles have only ICE.
Due to this, an appropriately designed HEV control strategy that incorporates both the ICE and EM
is essential. Thus far, several control strategies have been proposed and they have all been proven to
improve fuel consumptions and lower engine emissions [1-6].

At the same time, the evolutionary computation methods have received considerable interest as
well and they have been applied in various fields, which include, biomedical primer design [7-12],
feature selections [13], non-dominated sorting [14], image processing [15], unmanned aerial
vehicles (UAVSs) path planning [16], wireless sensor networks [17], constructal-design work [18,19],
and most importantly, HEV control strategy. Within the field of HEV control strategy and
evolutionary computation, Montazeri and Poursamad have presented a genetic algorithm (GA) to
minimize fuel consumption (FC) and engine emissions [20]. In it, the vehicle dynamic performance
requirements as stipulated in the Partnership for a New Generation of Vehicles (PNGV) [21] was
considered. In 2008, the particle swarm optimization (PSO) was proposed by Wu et al. as the search
algorithm for determining optimal parameters and control strategies of powertrains for reducing FC,
engine emissions and the manufacturing costs of HEVs [22]. In 2012, the Bee Algorithm (BA) was
applied by Long and Nhan to minimize FC and engine emissions [23]. They also considered the
PNGV constraints when determining the vehicle performance. In 2017, the Memetic Algorithm (MA)
was proposed by Cheng and Lai for solving highly non-linear problems and discontinuous
powertrain systems that contain several local optima. The MA is also useful for obtaining better
control parameters in parallel HEVs [24]. All the aforementioned studies demonstrate that
appropriate control strategies and parameters are able to reduce both the fuel consumptions and
engine emissions of HEVs without sacrificing the driving performance of the vehicles. For this
reason, the search for feasible control parameters is a continuous effort in the designing of HEVs.

Notwithstanding the efforts of the cited studies above, one major drawback of evolutionary
algorithms is that their algorithmic parameters are difficult to be determined. This is important as
inappropriate parameters can cause premature convergence of the algorithms, consequently leading
to inaccurate results and time wastage as unnecessary computations are performed. In order to
overcome this drawback, we propose a genetic algorithm (GA) with small population size when
searching for feasible parameters in parallel HEVs control strategy. In this paper, the GAs with
different five small population sizes have been implemented. The implemented GAs aim to minimize
engine fuel consumptions and emissions, while maintaining the required parallel HEVs road
performance. The fundamental control mechanisms of our proposed parallel HEVs are based on the
electric assist control strategy (EACS) [25]. As for the dynamic performance requirements of the
parallel HEVs, the criteria stipulated in the PNGV is used. The known ADvanced Vehicle
SimulatOR (ADVISOR) was used to simulate the parallel HEV with the urban dynamometer driving
schedule (UDDS) for estimating the performance of the proposed GA with small population size.

2. Materials and Method
2.1. The structure and dynamic model of the parallel HEV

Figure 1 shows the structure and dynamic model of a parallel HEV. The figure shows that the
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parallel HEV is powered by the fuel converter/ICE and the electric motor. The battery can be charged
by absorbing the excess power of the fuel converter or by the regenerative brake action of the electric
motor. The power of the fuel converter through clutch is transmitted to the torque coupler by a switch.
On the other hand, the power of the electric motor is directly transmitted to the torque coupler.
Finally, the gearbox converts the high-speed and low-torque mechanical power, generated by either
the fuel converter or electric motor, into a more efficient low-speed and high-torque power to drive

the HEV.
Clutch : Torque Coupler : Gearbox * ‘7‘ |47 ‘

Vehicle

Electric Motor

Fuel Converter ||
1 ICE

Transmit power \
| | Charge the battery

Battery

Absorb the excess ﬁ)\uer

Figure 1. The structure and dynamic model of the parallel HEV.
2.2. The electric assist control strategy

The electric assist control strategy (EACS) is a commonly used strategy for the control of
HEVs [20]. Therefore, eight independent parameters of EACS are used as the fundamental control
strategy of parallel HEVs [24]. These parameters are considered by the proposed GA in order to
reduce engine fuel consumption and emissions, while maintaining the required performance of
parallel HEVs. The employed parameters of EACS in this paper is given in Table 1.

Table 1. Eight independent parameters of EACS [24] that are used as the fundamental
control strategy of parallel HEVs.

Parameter Description
SOC, The lowest state of charge allowed.
SOCy The highest state of charge allowed.
Ten An alternator-like torque loading on the engine to recharge the battery pack.
Trnin Minimum torque threshold on SOC < SOC, . During low torque, the engine will be

manipulated at the threshold torque (minimum torque threshold = Tpin > Trax)-
Additionally, if SOC < SOC_, the electric motor serves as a generator.

Toff Minimum torque threshold on SOC > SOC, . During low torque and if SOC > SOC,, the
engine will be shut down (minimum torque threshold = Tog X Trax)-
ELS. The lowest vehicle speed threshold.
ELSy The highest vehicle speed threshold.
Dch To use charge deplete strategy or charge sustaining strategy.
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In the EACS, the electric motor is employed based on the following six conditions:

(1) SOC of the battery is more than its SOCL and the required speed is less than ELS. The engine is
switched off. (Figure 2, Case 1).

(2) The required torque is less than the minimum torque threshold (T X Tmax). The engine is
switched off (Figure 2, Case 2).

(3) The engine is switched off (Figure 2, Case 1 and Case 2, and Figure 3, Case 1). The motor
provides the total required torque.

(4) SOC of the battery is less than its SOCL. An alternator-like torque (Teh) is derived from the
engine to charge the battery (Figure 3, Case 2).

(5) The engine charging torque is applied when the engine is started (Figure 3, Case 2).

(6) The engine torque is maintained at the minimum torque threshold (Tmin ><Tmax) (Figure 3, Case 3)
in order to avoid the engine from operating in low torque condition.

o | Forthe SOC of the battery > SOC,
&
'2 Tmax
o
5 ' .o O
o RIC e
® '+ Case™ Engine On
4
' oo e
E o"’-- -.~~ T X T
¥’ Engine Off off max
o
¢ : Case 2 "
ELS Engine Speed’

Figure 2. The SOC of a battery is more than SOC, .
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Figure 3. The SOC of a battery is less than SOC, .
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2.3. The partnership for a new generation of vehicles

The Partnership for a New Generation of Vehicles (PNGV) [21] is a collaborative research
program between the US government and major car companies, with the aim of commercializing
highly fuel-efficient vehicles (up to 80 mpg) by 2003 [26]. The criteria of fuel-efficient vehicles as
listed in the PNGV report is used as the dynamic performance requirements to maintain the road
performance of the proposed HEV. The seven identified PNGV criteria are listed in Table 2.

Table 2. Seven dynamic performance criteria of PNGV for maintaining HEV road

performance.
Parameter Description
Acceleration time 1 0-60 mphini12s
Acceleration time 2 40-60 mphin5.3s
Acceleration time 3 0-85mphin23.4s
Maximum speed >90 ft/s
Maximum acceleration >17 ft/s?
Distance in5s >140 ft
Gradeability 6.5% gradeability at 55 mph with 272 kg additional weight for 20 min

2.4. The proposed GA with small population size

The flowchart of the proposed GA with small population size for searching feasible parameters
of control strategy for parallel HEVs is shown in Figure 4. The flowchart can be categorized into five
processes: (1) chromosome encoding, (2) small population size initialization, (3) population fitness
evaluation, (4) termination judgment, and (5) evolutionary operations of the GA. They are described
below.

(1) Chromosome encoding

The chromosome encoding process used in the proposed GA is based on the eight independent
EACS parameters as given in Table 1. Therefore, each x chromosome is represented with eight
genes as shown in (1).

x = (§S0Cy, SOCy, Ten, Tmin, Tote ELSy, ELSy, Dep) (1)

(2) Small population size initialization

Considering the performance efficiency of the ADVISOR program, the proposed GA is
conducted in small population size. The initial population of the chromosomes based on (1) is
randomly generated and it is limited by a predetermined small population size.

(3) Population fitness evaluation

The fitness, also known as the objective function, of the population, is defined through a simple
aggregation function as given by (2). The objective function accumulates and minimizes the fuel
consumptions and engine emissions, which are made up of HC, CO and NOx.

Objective(x) = FC + HC + CO + NO, (2)

where x is a chromosome; FC is fuel consumption; HC is hydrocarbons, CO is carbon monoxide, and
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NOy is nitrogen oxides.

START |
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Figure 4. The proposed GA with small population size for searching feasible parameters
of control strategy for parallel HEVs.

In addition, the penalty functions are also considered in order to maintain vehicle performance
requirements. The penalty functions are based on the above seven the dynamic performance
constraints of PNGV as shown in Table 2. When the vehicle performance satisfied the dynamic
performance constraints of the PNGV, the penalty value is 0. However, when the vehicle
performance is worse than the dynamic performance constraints of the PNGV, the absolute value of
the difference between the value of the vehicle performance and the value of the dynamic
performance constraints of the PNGV will be assigned as the penalty value.

Finally, the fitness function is determined by (3). It is adapted to evaluate chromosomes’ fitness
based on the known ADvanced Vehlicle SimulatOR (ADVISOR).

fitness(x) = 1/[0bjective(x) + X7, Vi X p;(x)] (3)

where y; is a penalty factor, which is determined by the considered performance in the dynamic
performance constraints of PNGV. In this study, the penalty factors are set as 1.2, 1.5, 1.2, 1.2, 1.2,
1.2, and 2.0 for the seven dynamic performance constraints of the PNGV [23]; p;(x) is a penalty
function.

(4) Termination judgment
In this paper, the proposed GA is terminated when the predetermined number of generations has
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been reached. In general, the GAs with larger number of generations has better performance results
than the GAs with lesser number of generations. However, the GAs with the smaller number of
generations can be performed more efficiently.

(5) Evolutionary operations

Evolutionary operations such as selection, crossover, mutation, and replacement are
implemented in the proposed GA. First of all, the selection operation randomly selects two
chromosomes from the population and this is followed by the crossover operation. If the generated
random number is larger than the probability for crossover, the selected two chromosomes randomly
exchange their genes to produce two new offspring. Then, mutation is considered. If the generated
random number is larger than the probability for mutation, one of the two new offspring is selected
and it undergoes random alteration of its genes in order to produce a new offspring. Finally, the
replacement operation is carried out. During the operation, the least fit chromosomes will be replaced
by the new chromosomes. The evolutionary operations are repeated until the termination criteria is
achieved.

3. Results and Discussion
3.1. The parameter settings of the proposed GA with small population size

The user-defined parameters of the proposed GA are population size, the number of generations,
the probability of crossover, and the probability of mutation. In this paper, we only consider five
small population sizes of 5, 10, 15, 20, and 25. The number of generations is set to 500. The
probability of crossover is set to 1.0 in order for avoid invalid generation. The probability of
mutation is set to 0.1 in order to achieve 10% probability of escaping local optimum.

3.2. The urban dynamometer driving schedule for test

The urban dynamometer driving schedule (UDDS) is used for estimating the benefit of the
selected parameters of control strategy. In this study, the known ADvanced Wehicle
SimulatOR (ADVISOR) is used to simulate the fuel consumptions and engine emissions of parallel
HEVs in UDDS and to provide the results for fitness evaluation.

3.3. Results for feasible parameters of control strategy

The search results for feasible parameters of control strategy based on five small population
sizes are shown in Table 3. From Table 3, we can observe that when the population size is 25, the
proposed GA produce the highest fitness value. Furthermore, the average evolutionary fitness for the
population sizes of 5, 10, 15, 20, and 25 are shown in Figure 5-Figure 9, respectively.

Figure 5 shows the result of the proposed GA with a population size of 5. It is observed that the
fitness value increases dramatically from about 0.14 at 0 number of generations to about 0.26 at 124
number of generations. In between 126 and 250 number of generations, the observed improvement in
the fitness value is insignificant. The same can observed as well between 251 and 500 number of
generations. Notice that when the number of generations were increased from 124 to 125, the
average fitness value decreases and it continues to drop despite the number of generations was
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further increased to 126. This similar trend can also be observed when the number of generations was
increased from 250 to 251. The reason for the degrading of fitness values is due to the mutation
operation and this shows that the average fitness is easily influenced by the mutation operation when
the population size is too small, as in this case.

Table 3. Seven dynamic performance constraints of PNGV that are used as the dynamic
performance requirements of the vehicle.

Population size

Parameter
5 10 15 20 25
SOC, 0.43 0.34 0.05 0.20 0.38
SOCy 0.86 0.85 0.95 0.98 0.95
Ten 60.20 12.00 4.40 3.60 1.00
Trmin 0.74 0.28 0.27 0.93 0.12
Tosf 0.66 0.69 0.98 0.09 0.77
ELS, 3.00 4.00 12.00 10.00 13.00
ELSH 16.00 23.00 10.00 13.00 28.00
Den 1 1 1 1 1
Fitness value 0.258 0.246 0.239 0.245 0.264

Average evolutionary fitness for population size of 5

124
250
125
251
0.2 + 126

Fitness value
o
—
(9]

0.1 +

0.05 -

0 50 100 150 200 250 300 350 400 450 500
Generations

Figure 5. The average evolutionary fitness for the population size of 5.

In Figure 6, the population size is set to 10. The result shows that the average fitness value
gradually improves as the number of generations increases, except when the number of generations
increases from 249 to 251. Analysis of the result also demonstrates that the influence of the mutation
operation has been reduced as the population size increases.
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Average evolutionary fitness for population size of 10
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Figure 6. The average evolutionary fitness for the population size of 10.

In Figure 7, the population size is set to 15. Similarly to Figure 6, the result in this figure shows
that the average fitness value improves gradually. The influence of the mutation operation has also
been eliminated.

In Figure 8, the population size is set to 20. Up to until before 134 number of generations, the
average fitness value improves gradually. After that, the average fitness value can no longer be
improved and this signifies that the proposed GA has fallen into a local optima search.

Average evolutionary fitness for population size of 15
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| i
{

o
N

Fitness value
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0 ‘ \ T T T ‘ T ‘ T 1
0 50 100 150 200 250 300 350 400 450 500

Generations

Figure 7. The average evolutionary fitness for the population size of 15.
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Average evolutionary fitness for population size of 20
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Figure 8. The average evolutionary fitness for the population size of 20.

In Figure 9, the number of population size is set to 25. It is observed that the average fitness
value continues to improve up to until the maximum number of generations 500. This is widely due
to the diversity of the fitness values that can be observed in the initial generations, which contributed
to better solutions in the later generations.

Average evolutionary fitness for population size of 25
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Figure 9. The average evolutionary fitness for the population size of 25.
3.4. Results for the FC and emissions

The results for FC and emissions using the above feasible parameters of control strategy are
shown in Table 4. From Table 4, we can conclude that when the population size is set to 25, the FC is
the most economical at 0.0296 gal/mi. Furthermore, the emissions of HC, CO, and NOy have the
lowest values at 0.577, 2.886, and 0.460 g/mi, respectively. On the other hand, when the population
size is set to 5, the FC is the second most economical at 0.0312 gal/mi. However, the emissions of
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HC and CO are the second highest at 0.614 and 5.373 g/mi, respectively, and the emission of NOy is
the highest at 0.539 g/mi. When the population size is set to 10 and 15, the values of FC and the
emissions of HC, CO, and NOy are in between the results obtained by the population size of 5 and 25.
When the population size is set to 20, the FC is the most uneconomical at 0.0356 gal/mi.
Furthermore, the emissions of HC and CO are the highest at 0.651 and 10.809 g/mi, respectively.
Therefore, the population size of 25 is the best among the five small population sizes that have been
investigated for searching feasible parameters of the control strategy for reducing the FC and engine
emissions.

Table 4. The results of FC and engine emissions based on the population sizes of 5, 10,

15, 20, and 25.
Population size
Parameter
5 10 15 20 25

FC (gal/mi) 0.0312 0.0320 0.0319 0.0356 0.0296
HC (g/mi) 0.614 0.609 0.598 0.651 0.577
CO (g/mi) 5.373 4.314 3.059 10.809 2.886
NO, (g/mi) 0.539 0.547 0.491 0.536 0.460

3.5. Results for the dynamic performance

The results for dynamic performance based on five small population sizes are shown in Table 5.
From the table, we can observe that all the obtained results satisfy to the seven dynamic performance
constraints of PNGV as shown in Table 2 except the maximum acceleration parameter. The case with
25 number of population outperforms all other population sizes in six out of the seven compared
parameters. The remaining parameter—maximum acceleration, registers similar performance across
all population sizes.

Table 5. The results of the dynamic performance based on the population sizes of 5, 10,

15, 20, and 25.
Population size
Parameter
5 10 15 20 25
0-60 mph (s) 9.089 9.344 10.112 9.387 9.011
40-60 mph (s) 4.537 4.719 5.234 4.746 4.490
0-85 mph (s) 18.442 19.237 21.454 19.348 18.234
Maximum speed (ft/s) 118.644 116.425 111.930 116.204 119.511
Maximum acceleration (ft/s?) 16.243 16.243 16.243 16.243 16.243
Distance in 5 seconds (ft) 179.567 178.515 174.876 178.213 180.195
Gradeability (%) 6.5 6.5 6.5 6.5 6.5

3.6. Results for the execution time

The execution time of the investigated five population sizes are compared and it is shown in
Figure 10. The population size that is set to 20 has the fastest execution time and it was completed in
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17.55 hours. Contrary, the population size that is set to 15 is the slowest with an execution time of
19.75 hours. Despite the setting with the population size of 20 performed the fastest, its fitness value
is not among the best. The reason is due it being trapped in the local optima search that no longer
improves fitness value and, thus, prematurely ending the simulation, as can be observed in Figure 8.
When the population size is 25, the execution time is faster than the population sizes of 5 and 15, but
worse than the population size of 10. Nonetheless, the population size of 25 has the highest fitness
value. This shows that the execution time is not the essential evaluation criteria for determining the
feasible parameters of control strategy for parallel HEVs. Hence, the population size of 25 is still
considered as the best algorithmic parameter among the five small population sizes that have been
considered.

The execution time
2000 —19.66———————19.75
19.50 - 1910 19.24

19.00 -

18.50

18.00

= 17.50 -+ v

17.55

Time (hours)

17.00
16.50 -

16.00 T
5 10 15 20 25
Generations

Figure 10. The execution time for the population sizes of 5, 10, 15, 20, and 25.
4. Conclusion

A GA with small population size is proposed in this study for providing feasible parameters of
the control strategy for reducing the engine fuel consumption and emissions, while maintaining
vehicle performance requirements in parallel HEVs. The EACS is used as the fundamental control
strategy of parallel HEVs and the PNGV is used as the dynamic performance requirements to
maintain the vehicle performance. Furthermore, the ADVISOR is used to simulate the parallel HEV
based on UDDS. Five small population sizes of 5, 10, 15, 20, and 25 have been evaluated to compare
their search ability for feasible parameters of the control strategy. Results show that the small
population size of 25 has the best results with the highest fitness value at 0.264. Its FC, engine
emissions and the dynamic performance are all better than other small population sizes. The feasible
parameters of SOC,, SOCy, Tch, Tmin, Tofr, ELSL, ELSH, and D¢y Of the control strategy was obtained
at 0.38, 0.95, 1.00, 0.12, 0.77, 13.00, 28.00, and 1, respectively. The main contributions of this paper
is the proposal of a small population size of GA for searching feasible control parameters to improve
fuel saving and minimize engine emissions while maintaining the performance of the parallel HEVs.
In the future, other advanced evolutionary methods will be compared with the proposed method in
this paper. Furthermore, the conventional GA with large population size will also be compared with
the proposed GA with small population size. Finally, other driving cycles will also be studied.
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