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Abstract: This study suggests a more accurate series-parallel hybrid electric vehicle (HEV) energy management control technique based on heuristic adaptive dynamic
programming (HADP). This article provides a solution to the energy management problem of Electric Vehicle using the Stimulant Dependent Heuristic Adaptive Dynamic
Programming (SDHADP) algorithm. The reinforced Q learning model along with the three-layer feed-forward neural network with backpropagation is detailed with the
necessary diagrams and equations. The approach to connecting the battery of a BEV to a residential system is novel and innovative. The experimental results highlight the
importance and effectiveness of the SDHADP algorithm using an electric vehicle. This is done with the help of a BV feed-forward neural network with back-propagation. In
the model, which is in charge of controlling the system based on the training given by the BV network, Markov decision theory was adopted by scholars as a paradigm for
posing and solving planning problems in the face of uncertainty and is in charge of the battery management system.The suggested technique uses online learning control
methods to improve upon the efficiency of the traditional Q-learning method by more than 4.55% under the specified real-world driving circumstances.
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1 INTRODUCTION

In the ongoing effort to lessen transportation's overall
energy footprint, electrification has emerged as a crucial
strategy. When it comes to the family of electrified cars,
HEVs play a noteworthy role. Unlike conventional
automobiles and battery electric vehicles (BEVs), hybrid
electric vehicles have a larger complexity and take use of
running multiple propulsion systems to fulfill the load on
the road [1-3]. Energy management, which seeks to define
the most acceptable power split between the many on-
board multi-source energy systems, is a crucial component
of HEV functioning. Energy management strategies
(EMSs) are responsible for real-time evaluation of the
optimal power ratio between internal combustion engines
(ICEs) and electric motor-generators (EMGs), regarding
the required drive power and the available energy in the
battery consumption and emissions. Batteries are the
primary source of energy for electric vehicles. A high
voltage (HV) battery pack, traction motor, engine, and
generator are the standard components of the dual
propulsion system. Customers get to enjoy the benefits of
driving a true electric vehicle (EV) thanks to the HV
battery pack and the motor. A high voltage (HV) battery
pack will be charged by the engine when its state of charge
(SOC) drops below a certain threshold, and the engine may
also be used to supplement the HV battery pack's power
output in order to handle peak demand. HEVs are more
difficult to run than standard automobiles and BEVs
because they may utilize many powertrain components
simultaneously [4]. The energy management strategy is the
set of controls used to optimize the efficiency of these
parts. Battery electric vehicles (BEVs) are another name
for them. The BEV stores power in a single battery. The
BEV can go in any direction, forwards or backwards,
thanks to its battery. In appearance, the BEV is
indistinguishable from the mechanical cars now on the
market. Both the power source and the driving system of a
BEV are fundamentally different from those of gasoline or
diesel-powered automobiles. In today's world, the gasoline
tank is the battery, and the engine is the electric motor [5].
The electric energy stored in a battery is the lifeblood of an

EV or HEV. Lithium-ion batteries are used in most electric
and hybrid electric cars because they are powerful, have a
high energy density, and last a long time. Heat is produced
by Li-ion batteries both during charging and usage. To
learn how various materials charge and discharge, one can
consult the respective manufacturer's technical datasheet.
In this project, we are creating a machine-learning
algorithm that links the BEV to a smart home system
during its idle period. The cost of power is factored into the
BEV's price. It charges during off-peak hours and releases
electricity to the home grid during peak hours. This
optimization issue cannot be handled using dynamic
programming as the system is nonlinear. Power needs and
consumption levels might change over time. In areas where
the price of power is greater during peak hours and cheaper
during off-peak hours, this technique can be highly
beneficial. By avoiding power use at peak times and
charging the BRV battery during off-peak times, the
system saves money for the customer [6]. The machine
learning system learns about the appropriate usage of
batteries depending on the existing power tariffs and the
household load. Hybrid electric vehicles (HEVs) are
equipped with several power sources, allowing for flexible
driving modes and configurations. They're better than
regular cars in cutting gas costs while still satisfying
commuter needs. It is vital to establish a sensible and
efficient energy management strategy (EMS) given the
complexity of HEVs' powertrains and power allocation.
Here is how the rest of the paper is structured. The HEV
model and the energy management issue are introduced in
Section 2. A DHP-based energy management control
technique is designed in Section 3. In Section 4, we use
simulated comparisons with other current EMSs to verify
the efficacy and benefit of the proposed EMS of HEVs.
The conclusion is the last part.

2 LITERATURE REVIEW

The research looked at the issues of battery swap
stations, such as allocation and stocking. The Markov
Decision Process was the basis of the model. Battery
deterioration was also evaluated in the study. The battery
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charging, draining, and swapping out method worked well
in order to calculate the kinetic energy and power
management of battery-powered vehicles on a trajectory
[7-9]. The results of the experiments show that two discrete
variables, one representing the vehicle's operation and the
other the power distribution, may be used for co-
optimization using dynamic programming. Energy costs
can be cut by between 5.3% and 24.0%. To illustrate the
issues with energy management in BEVs, a dual-engine
system is analyzed that is fuelled by Li-ion batteries and
supplementary power units. The system featured dynamic
programming and a map-based component to split power
between the battery and the motor. There was a 1.9 percent
drop in gasoline use. Hybrid electric cars may make the
most of reduced component sizes and increased power
thanks to an energy management system that incorporates
a dimensional optimization framework. To do this, the
system employs the dynamic programming technique. An
efficiency of 31.3 percent was achieved by the system
optimizing gas mileage with a dynamic programming
approach [10, 11]. Scheduling algorithms for electric car
charging can be enhanced by using data-driven tools and
machine learning technology for learning and prediction.
Recent studies on optimization-based tactics have centered
on how to incorporate modeling and simulation expertise
to provide more realistic optimization outcomes. In this
work, we look at two different dynamic programming
techniques. =~ However, the  stochastic = dynamic
programming algorithm approach yields a control that
depends on a particular state [12-14], while the
deterministic dynamic algorithm solves the optimization
problem by sequentially calculating each state at each time
step in a backward order. This work makes two key
advances compared to previous approaches. First, a
DHP-based control method for HEVs is presented [15],
which takes use of the DHP's pinpoint accuracy to
dynamically adjust the network weights in response to
driving data in order to achieve optimal control and lower
energy usage. The next step is to fine-tune the action
network's underlying structure. By increasing the number
of nodes in the hidden layer, the grid can better
accommodate the control variables, and the network's
weights can converge more quickly.

3 PROPOSED SYSTEM

One of the HADP foundational structures, Heuristic
Adaptive Dynamic Programming (HADP) combines
reinforcement learning, the DP optimization principle, and
the neural network approximation function to achieve more
accuracy with a somewhat more complicated structure. In
this regard, the DHP energy management strategy (EMS)
is built by the backpropagation neural network (BPNN) as
an Action networking and two Critic networks
approximating the control policy and the resulting gradient
of value function about the state variable. The battery
management system consists of the residential load.
During peak times, the electricity consumption is very
high, especially at night time. The load on the power grid
increases. This article finds out a solution to the problem
of maintenance of load demand on the grid using the
battery of BEV.

Coupler
Clutch
Engine + Gearbox Differential
Electric
kY motor

Figure 1 Process flow of the proposed system

Fig. 1 depicts the process flow of the proposed system.
The system consists of the battery system and the
corresponding residential and BEV loads. The BEV load is
used once the battery is fully charged. At this time the
battery supplies the power to the residential to meet the
residential load at peak hours during high electricity costs.
The battery system plays two important roles. In the first
place, it saves cost by not using electricity directly from the
power grid thereby saving cost and reducing the domestic
load on the power grid. During the off-peak hours, the
battery system is charged back when the domestic and
residential load is low. The optimal battery usage pattern is
to be found based on the electricity charges and domestic
and residential loads. The study uses some assumptions:
First the BEV is operated daily. When the BEV is
operational the battery cannot be used to satisfy the
residential load and during the operational process, the
BEV is fully charged. The residential use of the battery
happens during high peak hours when the cost of electricity
from the grid is high and during low peak hours, the
residential load is met directly from the power grid. When
the power consumption is directly from the power grid the
battery is assumed to be in the charging state. The state
from charging to discharging changes when the power
consumption is not met directly from the power grid. In the
BEYV system, the charging of the battery is depicted as

Cry =Cr —Crn(Cp)+1 [h], C; >0
(1

Cr,1 (kWh) gives the batteries residual energy during the

period 7. The energy output from the battery is given by
C: (kW) in time 7. The efficiency of energy conversion is
given by n(Cr). The time step is given by 1 h. Consider
n(C;) = 1 is the efficiency for the optimal case of the
battery. In the system, the discharging of the battery is
depicted as:

Cry =Cr —Cpn(Cp)x1 [h], Cr <0 )

The idle cycle of the battery is given by C; = 0. The load
demand at time 7 is given by L.. The output of the power
grid at time 7 is given by G.. The equation balancing the
load is given b.

Ly =Cp +G; 3)

Considering equations 1, 2 and 3, the optimization for the
system is given as
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MinP, =Y E; x Gy
Coin <Cr <C
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“4)

The E. denotes the electricity rate. The function of the
performance index is given by P..

X =f(xT)=[(CT +C”)_“TJ 5)

Cyr —ur

The application of Q learning to the battery management
problem of BEV. An approach based on reinforced

learning (RL) is proposed. J(*xk) the optimal cost and the

optimal control policy PI(*xk) are defined as
Il = min, (Q" (%, ) (6)

PI(*xk) =arg min, (Q* (% u)) @)
Now the updated equation becomes:
Q(xk ,u) < —Q(xk ,u) +a(gk + rminQ)(xk+1 , u) —Q(xk s u) ®)

Based on the state of the system xy, the criteria is to
select a minimum Q value for the control uy. Based on the
action of the UK, the state changes from to x,,; with as

the reward. The updating of the O function O(x;, u;)

takes place. Eq. (8) gives the standard framework of the RL
learning algorithm. The new proposed algorithm for
battery management is based on Eq. (8) for battery
management is based on ¢Eq. (8).

=) Power circuit
€ Control signal
@ Mechanical connection

Hybrid energy
storage system

Final
Drive

Energy Management Vehicle
systerm Controller

Figure 2 Architecture of Battery Management System with Q Learning

Convergence is very important for Q learning and RL
systems. When Q learning is applied to problems like the
BEV Battery Management system, the algorithm takes a lot
of time to converge. It depends directly on the properties
and dimensions. In case the dimensions are large, the
convergence time increases proportionally. Fig. 2 shows
the working architecture of the battery management
system. The proposed B-Select algorithm is a self-learning
algorithm. The realization can be performed in many
different methods. The primary goal and objective of the

B-Select algorithm is to connect to the BV network and
approximate the performance index in dynamic
programming systems by making use of the model of the
control between the BV network and the residential
system. The self-learning algorithm based on inputs,
experience and training identifies the optimal performance
index and optimal control for the system. In this article, the
authors use the Stimulant Dependent Heuristic Adaptive
Dynamic Programming (SDHADP). Fig. 2 contains the
structure diagram of SDHADP. The output of the BV
network is Vr.

3.1 Pseudo Code for BEV Control

O(x;, u; ) € Initialize

Steps repeated n times n=1,2,3, ..., n
Step 1: Update all utilised parameter values u; at stage

0 (x5 )

Step 2: Shift state k + 1 € reward g(x;, ;)

Step 3: Update model on observation - Reward
g (xk , Uy ) State xy+1

Step 4: Update Q using model actions

O(x, u) <—0(x, u)+a((gk +rmin Q)(x,,;, u)—0(x, u))

Step 5: Assign xx < Xg+1
Step 6:

Q(xk, u) <—Q(xk, u)+a((gk +7 min Q)(xk+1, u)—Q(xk, u))

Penalty x, <—x; <g(xk» “)_a(gk +Q(xk+1» ”))

The SDHADP scheme has the advantage that it does
not require a mathematical model. The BV network is a
three-layer  feed-forward neural network  with
backpropagation. The network is self-learning and assumes
the optimal values for performance index and model
control from previous experience. The model is based on
reinforced learning that has an agent to control the network
unless optimal objectives are not achieved. The O learning
model framework is implemented in the system. The
working is that for all assumptions correctly made by the
system, a reward is provided and for all assumptions made
wrong a penalty is given to the system by the agent. Here
the motivation principle is used so that the machine learns
to maximize the reward and lower the penalty. Fig. 3 shows
the 3-layer feed-forward neural network with
backpropagation. The three layers are the input layer, the
hidden layer and the output layer. There are 5 hidden
layers. The inputs consist of g, x;, ¢, and u, values. The
hidden layer further breaks up the input into smaller units
trying out all permutations and combinations to speed up
the computation. The output unit gives the probability of
the optimal performance index and optimal control for the
network. The model in the SDHADP is used to
approximate the control.

Based on the operating mode of the battery, the
operating mode of the battery is divided into three
operation control modes. The model in the structure
performs as the selection system based on the performance
index for the system. This process simplifies the operation
mechanism of the battery and does not influence the
optimization principle.
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Figure 4 Stimuiant Dependent Heuristic Adaptive Dynamic Programming
(SDHADP) Structure

In the SDHADP system, the objective is to reduce the
error. This is achieved by,

1
"E":ZT?‘("T —Up =1y )2 )

The developed system consists of two main parts, a BV
network and a model for controlling. The BV network is a
3 three-layer feed-forward neural network with
backpropagation. The error propagates backward and the
weights are corrected to eliminate the error. The gradient
descent function is used to come out of the loop error
repeating. The training process of the BV network is as
follows:

Step 1: Given the BV network (D1) collect the random
data, states and available actions.

Step 2: Get the optimal V.

Step 3: Train the model framework (D2) using the control
optimization process.

Step 4: The weights of D1 and D2 are the same.

Step 5: Repeat steps 3 to 5 till the error is negligible.

Step 6: Pick D1 as the trained BV network and D2 as the
trained model framework.

The model module defines the actions of the battery
based on the values of the utilization value parameter U..
The model framework initiates the charging function when
the value of U, is greater than zero. The discharge function
is initiated when the value of Ut is less than zero and the
charging of the battery is performed when the value of U,
is greater than zero. Fig, 5 shows the working of the model
framework. This is performed after the training of the BV
network. The function that optimizes the requirement of
the BV network and the model framework is selected

Model

v v ¥

[Discharge (u._<o)] [ Charge (U0) ] [ Idle (U=0) ]

'

BV Network

Figure 5 Function of the model framework
4 EXPERIMENTAL ANALYSIS

To highlight the effectiveness of the proposed
SDHADP algorithm the experiments are conducted with
the BEV and the residential environment. The initial
condition followed in the experiments is that the BEV is to
be fully charged when applied to the BEV. The battery is
connected to the residential load when BEV is idle and the
residential system has more load demands from the grid.
The control used in our experiment is that the battery is
used in the BEV from morning 6 to evening 6. For the rest
12 hours the battery is used in the residential system for
load demands.

Electricity Consumption per hour

Electricity Consumption

o [ [ -

1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19 20 21 2 23 24

TIME
Figure 6 Electricity Consumption in Volt

Fig. 6 shows the average electricity consumption or
demand for one month, 24 hours a day. The load demand
and consumption are considered continuous functions for
24 hours and seven days a week. The outcomes of our
dynamic programming method are examined alongside
those of two straightforward scheduling approaches. The
first tactic involves making an efort to constantly charge
the battery whenever the BEV is connected, regardless of
the financial or logistical implications of doing so or the
requirements of the individual. The second technique
suggests selecting the acts that will be charged at random.
Simulations are used to evaluate these strategies, using, on
the one hand, a database of measured data collected from a
real fleet of cars, and, on the other hand, the data on the
price of petrol as well as the hourly price of electricity,
taking into consideration that the price of electricity is
higher at peak hours. These variables are taken into acount
when running the simulations. Both the red, orange, and
blue arrows depict hypothetically the two best routes for
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the same journey, but they begin in a variety of charge
states. Take note that the price of electricity is tied to each
time step and that this price is subject to change. Each
triangle within a column indicates the Q value that is
connected to one of the potential states, ranging from NO
(an empty battery) to NN (a battery that has been fully
charged) in a given time step. In the middle of the graph is
an illustration of a moment when there is no connection
because the car is moving. During this time when no
decisions can be made, the red arrows point to a drop or
discharge in the level of charge that has been accumulated.
Depending on how the O learning model works, there may
be a fee for this option if the battery does not have enough
power for the trip. Fig. 7 suggests that, on average, the
battery is fully charged at midnight. As the initial condition
states that the charged battery is connected to the BEV. The
battery is ready for use at midnight for the BEV that
connects the battery for optimal use from morning 6 to
evening 6. It is clear from the figure that the battery is
discharged to meet the high load demands of the residential
system during peak evening hours from 6 to 10 p.m. The
load demand on the grid is very high, and in some
countries, the electricity charge is high during peak hours.
\
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Figure 7 Dynamic path utilization graph for charging and discharging BEV
battery
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The trials are reliant on a database that was collected
for a fleet of cars and includes information on the use of
conventional vehicles. The information on each user of a
BEV is described by all of the driving activities they
engage in, such as the distance driven, the speed at which
they go, and the amount of time it takes for them to
connect. As a result of these activities, the amount of
energy that is used will be computed for each time slot t to
build a driving profile for each specific BEV user
according to the input set. With an app on a mobile device,
you can record these inputs in the real world. We tested
three different policies: dynamic programming, always
charging, and random decisions, for a total of five vehicles
over 60 days during the summer and rainy seasons. Using
the methodology described, dynamic programming is the
answer to the problem. In addition, dynamic programming
necessitates having access, either through historical
records or through forecasts, to the pricing of energy and
gas, the initial state of charge of the vehicle, and the
journeys performed during the period being optimised. The
remaining policies are heuristics that serve as results for the
baseline. The Always Charge heuristic refers to a naive
charging behaviour that is uncontrolled and occurs when

BEV drivers charge their vehicles whenever and wherever
it is possible, so long as the vehicle's battery is not
completely depleted. There is no consideration given to the
amount of energy that is required or the cost of the
electricity. The Random Decisions policy is a simple set of
rules that uses a random number generator to decide how
the battery should be charged. For these tests, we will
assume that the car is a plug-in hybrid BEV with a gasoline
engine that can be turned on if the batteries run out while
the car is moving. It is necessary to define two experiment
parameters: the number of bins (B) that will be used to
discrete the state of charge, and the time slot that will be
utilised for decision-making (k). Tab. 1 illustrates the
average gain of 5 cars using the dynamic programming
model over the basic B = 10 bins scheme, in both seasons
(summer and rainy) on the training set, with varying time
intervals (k= 10, 30, and 60) and different numbers of bins
in the discretisation of the state of charge. We can
recognise a linear pattern between the average gain and the
increase in the number of bins that were used for
discretisation, and this tendency holds for both the dry and
wet seasons. When we take a look at the coefficient of
variation, which is calculated by dividing the standard
deviation by the mean and indicates the amount of relative
variability to the mean, we see that the results are not too
spread out. It demonstrates a correlation between the
amount of time that has passed and the amount of money
that has been spent on the vehicle's operational charging. It
demonstrates that the outcomes of DP are quite sensitive to
the selection of this parameter, with effectiveness being
dramatically reduced for intervals of 30 and 60 minutes as
compared to intervals of 10 minutes.

Table 1 Average gain for 5 BEV tested during the training phase

Season K Minutes Mean
10 Bins 30 Bins 60 Bins

10 1.73 2.28 3.12
Summer 30 4.73 532 5.89
60 0.81 0.97 1.04
10 1.41 2.32 3.97
Rainy 30 5.12 5.73 6.24
60 0.69 0.81 0.93

This is to be expected because a shorter amount of time
allows for a greater degree of flexibility in the decision-
making process. Both the amount of time needed to
compute dynamic programming and the size of the datasets
grow at a linear rate proportional to the number of bins that
are employed. According to the findings that were
presented earlier, using B = 10 bins appears to be an
acceptable compromise. This is because the benefits of
increasing the number of bins are relatively modest while
doing so significantly increases the amount of
computational work required by the methods that were
investigated.

5 CONCLUSION

This article investigates the use of BEV batteries as a
means of resolving the issue of maintaining the grid's load
demand. The SDHADP algorithm is used to solve the issue
of power management in BEVs. The essay examines the
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structure of the environment with a dynamic approach. The
major components of the design are the BPNN-based speed
prediction model, the HDP-based speed planning design,
and the DHP-based EMS. A MATLAB/Simulink-based
simulation confirmed the performance of the suggested
control approach. All of the diagrams and equations
required to understand the reinforced Q learning model and
the three-layer feed-forward neural network with
backpropagation are included. Connecting a BEV's battery
to a home's electrical system is a fresh and original idea.
The concept has the potential to lessen one's monthly
power bill and, more importantly, to lessen the grid's peak
load demand. The experimental findings verify that a
suitable dynamic solution to the issue of energy
management in BEV can be found using the SDHADP
algorithm. To further enhance the efficacy of energy
consumption optimization, we want to build an energy
management strategy in future research (by increasing the
state input in the network).
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