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Abstract - In this study, hybrid system control has been optimized in order to minimize fuel consumption for a complex 
plug-in hybrid SUV by using the discrete dynamic programming method at determined test cycles. The vehicle propulsion 
system modeled in Simulink program is simulated in rule based and optimization based control systems. Test simulation has 
been operated in charge sustaining mode with WLTC, NEDC and FTP72 test cycles in case rule based and optimization 
based hybrid control strategy. The results obtained under the same test conditions were compared in terms of fuel 
consumption, state of charge and Hybrid operation mode. 
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I. INTRODUCTION 

 

Nowadays, alternative energy resources for vehicles 

are under investigation and new power and 

propulsion technologies have been developed because 

of depletion risk of the crude oil reserves as used as 

the main energy source of vehicles and exhaust gas 

emission regulations[3]. In addition, without new 
actions to limit vehicle emissions, the health impacts 

from road transportation will increase significantly 

from present-day levels in many countries around the 

world [4].The usage of electric energy as a resource 

of main or assist power system for a vehicle has come 

into prominence at the moment. Along with the 

produced energy by a conventional internal 

combustion engine, recoverable energy during 

dynamic vehicle operation can be stored in the 

batteries thanks to developed hybrid propulsion 

systems, which are providing power with electric 
motors by using electrical energy are stored at 

batteries or generated by I.C.E - Generator system. 

By this way, energy loses which are arisen from 

conventional internal combustion engine operation 

and transient vehicle operation conditions are reduced 

by more efficient hybrid propulsion systems. In 

another word, more clean and economic vehicle 

operation can be provided by reducing fuel 

consumption at the same propulsion power request[6, 

7]. 

The evolution of the propulsion system architecture 

from conventional to the hybrid architecture brings 
additional electric motors and high capacity battery. 

The necessity of control together of power and energy 

sources and energy recovering systems have obliged 

the sophisticated hybrid control systems. Nowadays, 

the developed hybrid control systems occur from rule 

based algorithms, which are developed under defined 

operational and hardware limits. The control limits 

from rule based algorithms cannot realize all possible 

scenarios in optimum way about propulsion 

combination in between mechanical and electrical. 

Because of this insufficient status, the produced 

energy from the internal combustion engine cannot be 

used most efficiently. In this case, propulsion control, 

which gives minimum fuel consumption at same 

vehicle operation condition, cannot be provided by 

rule based hybrid control strategy. 

Along with online rule based control strategy, for 
calculating of control strategy to get minimum fuel 

consumption, offline optimization based control 

strategies have been used. Discrete Dynamic 

Programming (DDP) is a one of the optimization 

method, which provides multi-step optimal control 

for defined state variables. Thanks to the optimization 

approach based on Bellman’s principle of optimality 

[1 2], DDP calculates optimal trajectory for defined 

state grid nodes under defined control variables at 

pre-established test condition. The defined control 

variables for optimal state variable trajectory, are 
calculated for each calculation step during the entire 

operating condition for all combinations in the 

specified range and resolution in the predetermined 

operating conditions. For each calculation step, the 

state variable is obtained as defined as the output of 

the cost function, and the minimum values of cost 

function are taken into account for optimal state 

trajectory. State of charge (SOC) discretization as 

grid nodes is shown as example inFigure1. 

 
Figure1. SOC Discretization as grid nodes based on time step. 
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The DDP method has multi-step computation talent 

to compute different control variables together for 
state trajectories more than one. Because of DDP is a 

numerical method, the continuous-time control 

problem has to be discretized for control and state 

variables in their designated ranges. By this way, 

DDP evaluates these control and state variables with 

their resolution limits. Discretized grid nodes for 

control and state variables are named as state and 

control grids respectively. DDP evaluates all control 

and state grids only for discretized points and 

discretization resolution represent optimization 

quality of DDP. On the other hand higher 

discretization resolution causes higher computational 
load during the optimization process [5]. 

In this Study, A complex plug in hybrid vehicle 

(PHEV) has optimized to obtain minimum fuel 

consumption at NEDC, WLTC and FTP 72 test 

cycles. DDP method has been used to calculate 

optimum SOC and hybrid operation mode trajectory 

to reach minimum fuel consumption. Test cycles have 

been operated charge sustaining mode for each test 

cycles at simulation environment by Simulink 

program. During simulation modeled complex PHEV 

propulsion system has run for rule based and 
optimization based control and current vehicle 

parameters are obtained by rule based result, then 

compared optimization based simulation results for 

fuel consumption, SOC, Hybrid operation mode 

(Serial, Parallel, E-Drive). 

 

II. VEHICLE MODELLING AND DDP 

 

Complex PHEV can be operated E-drive, serial and 

parallel hybrid mode thanks to its powertrain 

architecture. Powertrain system is modeled in 

Simulink environment as control and physical 
component blocks. Control parameters are released 

from ruled based control or optimization based 

control blocks. Based on control parameters physical 

component blocks simulates the real component 

behavior in simulation environment. Component 

behaviors are sent as feedback to the control block. 

Complex PHEV and model details are explained ın 

the further sections. Base vehicle model structure is 

shown inFigure2. 

 
Figure2: Base Vehicle Model Structure 

 

2.1. Complex PHEV 

A Double axis propelled complex PHEV is as used as 
the study object. Its powertrain architecture is shown 

in Figure 1. The vehicle has 2-liter conventional 

gasoline internal combustion engine (ICE) with a 

generator (GEN). Front wheels have propelled by 
front transaxle system which is including reduction 

gears (RG) for the front electric motor (EM1) and 

internal combustion engine (ICE). The separation 

clutch is used to deliver ICE torque to the front 

differential in parallel mode. Generator is used to 

supply electric power to the high voltage battery 

during the serial mode. Rear electric motor (EM2) 

propels rear tires by using electric power form high 

voltage battery for serial, parallel and E-drive modes. 

High voltage battery, generator (GEN) and front E-

motor (EM1) are controlled by a power drive unit 

(PDU), which has generator control unit (GCU) and 
front motor control unit (FMCU). Rear E- motor 

(EM2) is controlled by a rear motor control unit 

(RMCU). The technical parameters of components 

are given in Table1and Table2[9, 10]. 

 

Component Max.Power(kW) Max.Torque(Nm) 

ICE 89 @ 4500 Rpm 190 @ 4500 Rpm 

EM1 60 137 

EM2 60 197 

GEN 70 - 

Component Capacity (kWh) Voltage (V) 

HV- Battery 12 300 
Table1: The Complex PHEV Power Component Specifications 

 

Component Reduction (-) Position 

Front Transaxle 2.736 ICE – GEN 

Front Transaxle 3.425 ICE – Front Axle 

Front Transaxle 9.663 EM1 – Front Axle 

Rear  Transaxle 7.065 EM2 – Rear Axle 

Vehicle Parameters 

Gross Weight (kg) 2370 

Curb Weight (kg) 1895 

Front/Rear Weight Distribution (-:-) 54:46 
Table2: The Complex PHEV Powertrain Component and 

Vehicle Specifications 

 

In this study vehicle weight is taken as 2040 kg. The 

complex PHEV powertrain architecture is shown 

inFigure3. 
 

 
Figure 3: The Complex PHEV Powertrain Architecture 

 

During vehicle operation, the controller changes 

hybrid operation in between serial, parallel and E-

drive mode.The controller evaluates mainly vehicle 

speed, state of charge (SOC), and power demand. The 

hybrid mode conditions are shown in Table3. 
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Vehicle Speed (km/h) Hybrid Mode (-) SOC (%) 

0 – 65 E - Drive - 

65 -120 Serial 30> 

65 - 120 Parallel 30< 

120> Parallel - 
Table3: The Complex PHEV Hybrid Operation Strategy 

 

2.2. Complex PHEV Modelling 

Powertrain components and vehicle parameters are 

modelled based on physical and empirical formulas. 

2.2.1Vehicle Modelling 

Total driving resistance are calculated as the sum of 

the aerodynamic (𝐹𝑎𝑖𝑟 ), gravitational (𝐹𝑔𝑟𝑎𝑣𝑖𝑡𝑦 ), 

rolling(𝐹𝑟𝑜𝑙𝑙𝑖𝑛𝑔 ), inertia (𝐹𝑖𝑛𝑒𝑟𝑡𝑖𝑎 ) resistances. 

Driving resistance force is calculates by, 

 

𝐹𝑎𝑖𝑟 =
1

2
∗ ρ

𝑎𝑖𝑟
∗ 𝑐𝑊 ∗ 𝐴𝑉𝑒 ∗ 𝑉2 (1) 

 

𝐹𝑔𝑟𝑎𝑣𝑖𝑡𝑦 = 𝑀𝑉𝑒 ∗ 𝑔 ∗ cos𝛼(2) 

 

𝐹𝑟𝑜𝑙𝑙𝑖𝑛𝑔 = 𝑀𝑉𝑒 ∗ 𝑔 ∗ 𝑓(3) 

 

𝐹𝑖𝑛𝑒𝑟𝑡𝑖𝑎 = δ ∗ 𝑀𝑉𝑒 ∗ 𝑎𝑉𝑒 (4) 

 

𝐹𝑡𝑜𝑡 = 𝐹𝑎𝑖𝑟 ∗ 𝐹𝑔𝑟𝑎𝑣𝑖𝑡𝑦 ∗ 𝐹𝑟𝑜𝑙𝑙𝑖𝑛𝑔 ∗ 𝐹𝑖𝑛𝑒𝑟𝑡𝑖𝑎 (5) 

Where 𝑀𝑉𝑒  is the vehicle gross weight, 𝑔 is the 

acceleration due to gravity, 𝑓 is the rolling 

resistancecoefficient, 𝛼 is the road gradient𝑐𝑊is the 

aerodynamic drag coefficient, 𝐴𝑉𝑒  is the vehicle 

frontalarea, ρ
𝑎𝑖𝑟

 is the air density, v is the vehicle 

velocity, δ is the mass factor that equivalently 

converts therotational inertias of rotating components 

into translational mass, and 𝑎𝑉𝑒 is the vehicle 

acceleration. 

During simulation, vehicle velocity are discretized for 

each calculation step. So, vehicle acceleration can be 

defined as the velocity difference in one time step. 

Vehicle acceleration calculated by, 

 

𝑎𝑉𝑒 =
𝑉𝑡+1−𝑉𝑡

𝑡𝑠𝑡𝑒𝑝
 (7) 

 

Where 𝑉𝑡 is the current vehicle velocity, 𝑉𝑡+1 is the 

desired velocity at the next simulation step, and 𝑡𝑠𝑡𝑒𝑝  

the simulation time step. 

Total demanded torque from wheels is calculated by, 

𝑇𝑊 𝑙 =
𝐹𝑡𝑜𝑡

𝑟𝑒𝑓𝑓
(8) 

Where  𝑇𝑊 𝑙 is demanded torque from wheels, 𝑟𝑒𝑓𝑓  

effective wheel radius. Total torque demand is 

distributed between front and rear axles by, 

 

𝑇𝑊 𝑙 .𝐹𝑟𝑜𝑛𝑡 =
𝑇𝑊 𝑙

𝑅𝑇𝑟𝑞
(9) 

 

𝑇𝑊 𝑙 .𝑅𝑒𝑎𝑟 =
𝑇𝑊 𝑙

(1−𝑅𝑇𝑟𝑞 )
(10) 

 

Where𝑇𝑊 𝑙 .𝐹𝑟𝑜𝑛𝑡 is demanded torque from front 

wheels,𝑇𝑊 𝑙 .𝑅𝑒𝑎𝑟  is demanded torque from rear 

wheels𝑅𝑇𝑟𝑞 torque split ratio. 

 

2.2.1 Engine Modelling 

The fuel consumption is calculated by 3-D map from 

experimental ICE data. Map data uses engine speed 

and torque as input. Fuel consumption rate is defined 

by, 
 

𝐹𝐶 = 𝐹𝐶𝑚𝑎𝑝  ω𝐼𝐶𝐸 ,𝑇𝐼𝐶𝐸 (11) 

 

Where, 𝐹𝐶 is fuel consumption rate,  ω𝐼𝐶𝐸  desired 

engine speed, 𝑇𝐼𝐶𝐸desired engine torque. 

 

2.2.2Transaxle Modelling 
Torque and speed output from front and rear transaxle 

is calculated by, 

 

𝜔𝑡𝑟𝑎𝑛𝑠 ,𝑖𝑛 =  𝑖𝑔𝑒𝑎𝑟 ∗ 𝜔𝑡𝑟𝑎𝑛𝑠 ,𝑜𝑢𝑡 (12) 

 

𝑇𝑡𝑟𝑎𝑛𝑠 ,𝑖𝑛 =  
1

𝑖𝑔𝑒𝑎𝑟 ∗ɳ𝑡𝑟𝑎𝑛𝑠
∗ 𝑇𝑡𝑟𝑎𝑛𝑠 ,𝑜𝑢𝑡 (13) 

 

 

Where 𝜔𝑡𝑟𝑎𝑛𝑠 ,𝑖𝑛 is the transaxle input speed,𝑖𝑔𝑒𝑎𝑟 is 

actual gear ratio, 𝜔𝑡𝑟𝑎𝑛𝑠 ,𝑜𝑢𝑡 is the transaxle output 

speed,𝑇𝑡𝑟𝑎𝑛𝑠 ,𝑖𝑛 is the transaxle input torque, ɳ
𝑡𝑟𝑎𝑛𝑠

 is 

transmission efficiency ratio, 𝑇𝑡𝑟𝑎𝑛𝑠 ,𝑜𝑢𝑡  is the 

transaxle output torque. 

 

2.2.3E- Motor Modelling 

Electric motor required mechanical power is obtained 

by, 

𝑃𝐸𝑀 ,𝑀𝑒𝑐  = min(𝑃𝐸𝑀 ,𝑅𝑒𝑞 , 𝑃𝐸𝑀 ,𝑚𝑎𝑥 )(14) 

 

Where 𝑃𝐸𝑀 ,𝑀𝑒𝑐  is the mechanical power from EM, 

𝑃𝐸𝑀 ,𝑅𝑒𝑞 ,is the requested power from EM,𝑃𝐸𝑀 ,𝑚𝑎𝑥  is 

the maximum power from EM. By this way, power 

request is limited for electric motor maximum power 

limit. After obtain the mechanical power from EM, 

electric power from EM is calculated by, 
 

𝑃𝐸𝑀 ,𝑒𝑙 = 𝑃𝐸𝑀 ,𝑀𝑒𝑐 ± 𝑃𝑙𝑜𝑠𝑠 (15) 

 

Where 𝑃𝐸𝑀 ,𝑒𝑙  is the electric power from EM, 𝑃𝑙𝑜𝑠𝑠  is 

is the power loss whic are calculated by 3-D Map 

experimental data. 

 

2.2.4HV Battery Modelling 

In this vehicle, a lithium-ion battery is used. It can be 

modeled with a static equivalent circuit [5]. In this 

study, Rint model is used based on battery charge and 

discharge experimental data. The load voltage of the 

battery, which can be obtained by, 

 

𝑈 = 𝑈𝑂𝐶 − 𝐼 ∗ 𝑅𝑖𝑛𝑡 (16) 
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Where 𝑈 is load voltage, 𝑈𝑂𝐶  is open circuit voltage, 

𝐼 is battery charging discharging current, 𝑅𝑖𝑛𝑡   battery 

internal resistance. Battery power (𝑃𝑏𝑎𝑡 ) is calculated 

based on static equivalent circuit, 

 

𝑃𝑏𝑎𝑡 = 𝑈 − 𝐼 = 𝑈𝑂𝐶 ∗ 𝐼 − 𝐼2𝑅𝑖𝑛𝑡 (17) 
Battery charging and discharging current is calculated 

by, 

 

𝐼 =
𝑈𝑂𝐶 − 𝑈𝑂𝐶

2−4∗𝑅𝑖𝑛𝑡 ∗𝑃𝑏𝑎𝑡

2∗𝑅𝑖𝑛𝑡
(18) 

 

The first-order derivative of the battery SoC with 

respect to time can be expressed as follows: 

 

𝑑𝑆𝑂𝐶

𝑑𝑡
=

𝐼

𝐶
=

𝑈𝑂𝐶− 𝑈𝑂𝐶
2−4∗𝑅𝑖𝑛𝑡 ∗𝑃𝑏𝑎𝑡

2∗𝑅𝑖𝑛𝑡 ∗𝐶
(19) 

 

Where 𝐶  is nominal capacity of the battery. SOC 

status can be discretized for each simulation time step 

by converting Equation 19, 
 

𝑆𝑂𝐶𝑘+1 = 𝑆𝑂𝐶𝑘 −
𝑈𝑂𝐶− 𝑈𝑂𝐶

2−4∗𝑅𝑖𝑛𝑡 ∗𝑃𝑏𝑎𝑡

2∗𝑅𝑖𝑛𝑡 ∗𝐶
(20) 

 

Where 𝑆𝑂𝐶𝑘+1 is state of charge status at further step, 

𝑆𝑂𝐶𝑘  is state of charge at current step. 

 

2.3. Discrete Dynamic Programming 

DDP formulation requires the determining of control 

and state variables for study system. In case of 

Complex PHEV operation, vehicle speed(𝑉), state of 

charge (𝑆𝑂𝐶) and current hybrid operation mode 

(𝑀𝑂𝐷𝑁𝑋𝑇 ) represent vehicle status. These parameters 
are considered as state variables. But, vehicle speed 

status cannot vary during DP optimization. Because 

of test cycle speed profile is defined. Therefore, 𝑆𝑂𝐶 

and Hybrid operation mode are selected state 

variables. Control parameters are evaluated in their 

defined ranges and grid resolution. These parameters 

have effect on state variable status. For Complex 

PHEV study, next hybrid operation mode, torque split 

ratio, engine speed and torque are chosen as control 

variables. To set DDP formulation, control and state 
variables need to be defined in discrete format. A 

formulation for complex PHEV can be expressed as 

follows [8], 

 

𝑥𝑘+1 = 𝑓 𝑥𝑘 ,𝑢𝑘 , 𝑘 = 0,1, …𝑁 − 1(21) 

 

Where 𝑥𝑘  isstate variable,  𝑢𝑘  is control variable,𝑘 is 

calculation step. 

 

DP calculates optimum trajectory for state variables 
by taking into account control variables in their 

defined range for their each grid node. A cost 

function is defined, which calculates instant cost and 

final cost based on control and state variables.[2] 

Cost function is formulated as follows, 

𝐽(𝑥0) = 𝑔𝑁(𝑥𝑁) + 𝑁(𝑥𝑁)… 

 

+   𝑘

𝑁−1

𝑘=0

 𝑥𝑘 ,𝑢𝑘 𝑥𝑘  + 𝑘(𝑥𝑘), 

(22) 

 

Where 𝑔𝑁(𝑥𝑁) cost at last calculation step and 

𝑁(𝑥𝑁) is the penalty function for enforcing a 

constraint at final state when 

required, 𝑘 𝑥𝑘 ,𝑢𝑘 𝑥𝑘  cost function based on 

control and state variables, 𝑘(𝑥𝑘) is penalty 

function for each calculation step except final 

calculation. Penalty function can be applied when 

control parameters reaches maximum limits for  

𝑘 = 0,1, …𝑁 − 1 . 

The optimal control policy minimizes 𝐽(𝑥0) [1] and 

based on this principle, DP algorithm evaluates cost-

to-go function 𝐽𝑘(𝑥) for all possible combination in 

between each control and state variables is discretized 

time space by backward calculation from 𝑁 − 1 to 0 

[2]. 

 

Final cost: 

1) 𝐽𝑁 𝑥 = 𝑔𝑁 𝑥 + 𝑁 𝑥 (23) 

 

Instantaneous cost: 

2)  

𝐽𝑘(𝑥) = min    𝑘 𝑥𝑘 ,𝑢𝑘 

𝑁−1

𝑘=0

+ 𝑘(𝑥𝑘)…                       
+ 𝐽𝑘+1(𝑓𝑘 𝑥𝑘  , 𝑢𝑘 )  

(24) 

The optimal control minimizes of the right hand side 

of equation for each state variables at kth step (𝑥𝑘 ). In 

Addition,𝐽𝑘+1(𝑥𝑘  ) is evaluated only at discretized 

points at state space. But, output of the model 

function𝑓𝑘 𝑥𝑘  , 𝑢𝑘  works as continuous variable. 

When we consider  𝐽𝑘+1(𝑓𝑘 𝑥𝑘  , 𝑢𝑘 ) function, it 

cannot be evaluated at grid nodes. So, this function 

needs to be evaluates approximately[2]. 

 

III. RESULTS AND DISCUSSION 

 

3.1. DDP Implementation 

As explained in above control and state variables 

needs to be defined. Control and state variables are 

shown in Table4. 

 

Variables Parameters 

Control 

Variables 

Next Hybrid Mode (𝑀𝑂𝐷𝑁𝑋𝑇 ) 

ICE Torque (𝑇𝐼𝐶𝐸) 

ICE Speed (ω
𝐼𝐶𝐸

) 

Torque Split Ratio (𝑅𝑇𝑟𝑞 ) 

State 

Variables 

Next Hybrid Mode (𝑀𝑂𝐷𝐶𝑈𝑅) 

HV Battery State of Charge(𝑆𝑂𝐶) 
Table4: Control and state parameters for DDP 
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Also, during optimization, control and state variable 
ranges and their grid resolution have to be defined. 

Variable ranges and their grid resolutions is shown in 

Table 5. 

 

Variables Min. Lim. Max. Lim. Resolution 

𝑀𝑂𝐷𝑁𝑋𝑇  1 3 1 

𝑇𝐼𝐶𝐸 - - 10 Nm 

ω𝐼𝐶𝐸  1100 rpm 3500 rpm 50 rpm 

 𝑅𝑇𝑟𝑞  0 1 0.1 

 𝑀𝑂𝐷𝐶𝑈𝑅 1 3 1 

𝑆𝑂𝐶 0.25 0.35 0.0001 
Table5: Control and state variable ranges and grid resolutions 

 

𝑇𝐼𝐶𝐸  is not limited in predefined ranges. Based on 

current engine speed, maximum torque limit is 

updating. 

 

3.2. Optimization Strategy 

During optimization, calculations are done by 

MATLAB Code, calculation is done for each hybrid 

operation mode separately and costs are calculated. 

Minimum cost trajectory is determined for each test 

cycle. Optimization algorithm functionality is shown 
in Figure 4. 

 

 
Figure4: Optimization Function Algorithm 

 

3.2. Optimization Results and Discussion 

Vehicle model is simulated under NEDC, WTLC, 
FTP72 Test cycles to calculate total fuel consumption 

and SOC trajectory for rule based control. During 

simulation, vehicle model is operated with charge 

sustaining mode at 33% SOC. 
Optimization has done under same test conditions as 

mentioned above. Optimized control parameters are 

simulated with vehicle model by using optimization 

based control.Engine, SOC, Fuel Consumption and 

hybrid mode status based on RB and DDP based 

control is shown for NEDC, WLTC, FTP72 inFigure 

[5 6], [78], [910]respectively. 

 
Figure5. NEDC Test Cycle Simulation Results for Engine and 

Hybrid Mode Status 

 

 
Figure6. NEDC Test Cycle Simulation Results for SOC and 

Fuel Consumption Trajectory 

 

 
Figure7. WLTC Test Cycle Simulation Results for Engine and 

Hybrid Mode Status 
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Figure8. WLTC Test Cycle Simulation Results for SOC and 

Fuel Consumption Trajectory 

 
Figure9. FTP72 Test Cycle Simulation Results for Engine and 

Hybrid Mode Status 

 

 
Figure10. FTP72 Test Cycle Simulation Results for SOC and 

Fuel Consumption Trajectory 

 

To observe RB and DDP based control response in 

terms of transientcycle characteristic, NEDC and 

WLTC test cycles has been used. During NEDC 

operation below 50 km/h vehicle speed, RB and DDP 

based control are operated the vehicle with E-Drive 

mode as shown Figure5. When reach below 30%SOC 

RB control is triggered serial mode to keep battery 

SOC level steady. For high speed area of NEDC RB 
switches to parallel mode to overcome the power 

demand and sustain battery charge level. On the other 

hand DDP control has decided to keep SOC below 

30% percent as shown as shown Figure6. During 

acceleration phase at high speed area, engine is 

started to charge battery in serial mode. By this 

approach, engine is operated one operation point 

which provides lowest fuel consumption at define 

engine operation range. On the other hand, RB 

control has operated the vehicle in mode at the same 

interval. So, engine operation set point is limited by 
vehicle speed in terms of engine speed. Because of 

PHEV has single gear ratio as shown at Table2. 

Because of that, engine cannot be operated around 

most efficient operation points for fuel consumption. 

Secondly, WLTC cycle is simulated to observe 

transient cycle effect on RB and DDP control as 

shown at Figure7. For RB and DDP based control 

same responses has been observed as explained for 

NEDC cycle in terms of hybrid mode decision and 

SOC limit. But, especially, during RB control for 

WLTC, engine speed is navigated by vehicle speed 

and fuel consumption has increased dramatically at 
high speed area as shown at Figure8. 

NEDC and WLTC is simulated for hot engine 

condition. Engine coolant temperature is set to 90C 
at the beginning of the simulation. But for FTP72 

cycle has started with cold engine condition. Engine 

coolant temperature is set to 25Cat the beginning of 
the simulation. By this way, RB and DDP control 

response in terms of cold engine condition has 

evaluated for transient cycle. DDP control has 

activated engine in serial mode heat up to engine to 

success good thermal efficiency. At this case DDP 

control has allowed to charge battery over 30% 

percentage before RB control in contrast NEDC and 

WLTC cycles as shown in Figure11. After that 

accumulated energy in the battery is used and charge 

has sustained with hot engine at DDP based 

operation. On the other hand total RB control has 

decided to serial mode for short term and then hybrid 
mode has been switched to parallel mode. So, 

Transient engine operation has obtained and this 

situation caused the increasing of the fuel 

consumption dramatically as shown 

inFigure10.Engine coolant temperature and hybrıd 

mode status for FTP72 cycle is shown inFigure11. 

 

 
Figure11. FTP72 Test Cycle Simulation Results for Hybrid 

Mode and Engine Coolant Temperature 

 

A summarized simulation results in between rule 

based and optimization based is shown in Table 6. 

 

Test 

Cycles 

Initial SOC (%) Final SOC (%) 
SOC 

Difference (%) 

RB DDP RB DDP Based on RB 

NEDC 33 33 30.03 30.01 -0.02 

WLTC 33 33 33.38 33.13 -0.25 

FTP 72 33 33 30.79 30.58 -0.21 

Test 

Cycles 

FC (l) SFC (l/100km) 
SFC 

Improving (%) 

RB DDP RB DDP Based on RB 

NEDC 0.4937 0.4555 4.5227 4.1742 7.70 

WLTC 1.4531 1.3637 6.2333 5.8931 5.45 

FTP 72 0.8399 0.5205 4.8399 4.3216 10.70 
Table 6: Simulation Results in Between Rule Based and 

Optimization Based Control 

FC: Fuel Consumption 

SPC: Specific Fuel Consumption 

DDP: Discrete Dynamic Programming Based Control 

RB: Rule Based Control 

 

After DDP optimization, specific fuel consumption 

can be reduced around ~5-11% depends on test cycle. 

In terms of SOC final values, minor differences are 
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negligible in between RB and DDP based as shown in 

Table6. 
IV. CONCLUSIONS 

 

The optimal control was applied with discrete 

dynamic programming for complex PHEV under 

NEDC, WLTC and FTP72 test cycles and compared 

with rule based control responses under same 

condition. The major conclusions are as follows: 

 

1. Complex PHEV was modeled and its power 

management strategy was optimized by 

optimal control with discrete dynamic 

programming approach. 
2. Optimization was performed in between serial, 

parallel and E-Drive hybrid modes. 

Minimization of fuel consumption was done 

by considering the state of charge and hybrid 

modes. 

3. Test simulation was performed under NEDC, 

WLTC, and FTP72 cycles for RB and DDP 

based control. 

4. Based on simulation results, DDP based 

control provided improvement around ~5-11% 

at fuel consumption in case the RB control 
simulation results are taken reference. 

5. During DDP control based simulation, parallel 

mode was not operated by optimal control for 

all test cycles. Because, engine set point was 

limited by vehicle speed with constant 

transaxle gear ratio. 

6. In case cold engine operation at FTP72 test 

cycle, DDP control has operated engine up to 

reach hot engine conditions to success engine 

operation at high thermal efficiency. 
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