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Optimization Strategy Based on Deep
Reinforcement Learning for Home
Energy Management

Yuankun Liu, Dongxia Zhang, and Hoay Beng Gooi

Abstract—With the development of a smart grid and smart
home, massive amounts of data can be made available, providing
the basis for algorithm training in artificial intelligence applica-
tions. These continuous improving conditions are expected to
enable the home energy management system (HEMS) to cope
with the increasing complexities and uncertainties in the end-
user side of the power grid system. In this paper, a home energy
management optimization strategy is proposed based on deep Q-
learning (DQN) and double deep Q-learning (DDQN) to perform
scheduling of home energy appliances. The applied algorithms
are model-free and can help the customers reduce electricity
consumption by taking a series of actions in response to a
dynamic environment. In the test, the DDQN is more appropriate
for minimizing the cost in a HEMS compared to DQN. In the
process of method implementation, the generalization and reward
setting of the algorithms are discussed and analyzed in detail. The
results of this method are compared with those of Particle Swarm
Optimization (PSO) to validate the performance of the proposed
algorithm. The effectiveness of applied data-driven methods is
validated by using a real-world database combined with the
household energy storage model.

Index Terms—Deep reinforcement learning, demand response,
home energy management system, smart grid.

I. INTRODUCTION

N recent years, with the development of power electronics

and distributed energy technologies, the physical struc-
ture of the end-user in the power grid has been changing.
Since distributed solar photovoltaics, household energy stor-
age, and electrical vehicles have emerged in large numbers,
the uncertain and complicated operating environments need
to be managed by the home energy management system
(HEMS). The structure of HEMS can be seen in Fig. 1.
By means of a control system, communication technologies,
and optimization strategies, the equipment operations can be
controlled and scheduled by the HEMS to improve the overall
energy efficiency. Furthermore, the HEMS is also an extension
of the smart grid, where the prosumers can cooperate with
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the grid company to rationally arrange power consumption
schemes and demand response strategies through two-way
communications [1]-[3].
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Fig. 1. The structure of HEMS.

The conventional HEMS is based on remote monitoring and
remote control. The control strategies adopt simple “if-then”
rules that are strict and passive, lack the predictive function,
and cannot continuously learn the end users’ behavior patterns.
There is also little coordination among the internal subsystems.
In addition, the current control strategy is difficult in meeting
the demand for development due to the complexities and
uncertainties. Therefore, it can be seen from the discussion
above that the optimization strategy plays an essential role in
the HEMS to satisfy the expectations for intellectualization
and personalization of end-users in the power grid [4]-[6].

Numerous methods such as linear and dynamic programing,
particle swarm optimization (PSO), fuzzy methods, and game
theory have been proposed in the home energy manage-
ment optimization strategy (HEMOS) fields [7]-[10]. The ap-
proaches mentioned above have the following characteristics:

1) The detailed appliances and environment models are
essential in most HEMOSs. In this case, the accuracy of the
fixed model cannot be guaranteed because the efficiency of
the appliance and the environmental variables keep changing
over time.

2) In the implementation of the above methods, various
conditions with complex and uncertainty variables should be
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considered, such as prosumer behavior that is not suitable for
modeling.

3) The objective function and the constraint condition in
some of these methods ignore a few unquantifiable factors or
adopt inaccurate model formulas such as the users’ satisfaction
or comfort; therefore, there are disparities in different groups
of people due to distinctive household appliances.

Machine learning technology can be used as an effective
means for a smart home, especially in the field of HEMS [11].
There were some machine learning based approaches devel-
oped in this area. In reference [12], a time-of-use pricing
(TOU) based method was proposed in the smart home en-
ergy management system. Reference [13] developed a novel
methodology for home area energy management as a key
vehicle for demand response, using electricity storage devices.
In reference [14], a dynamic soft constraint method was
proposed to enable the thermostatically controlled appliances
to schedule work in both normal and abnormal situations.
Reference [15] proposed an intelligent appliance control (IAC)
algorithm to monitor and control the daily operation of these
power-intensive appliances using their simulated load models.
As a significant branch of machine learning, reinforcement
learning (RL) has been proved to be applicable to power
system decision-supporting for controlling and scheduling
problems under a dynamic environment [16], [17]. Deep rein-
forcement learning (DRL) that combines deep learning (DL)
with reinforcement learning has made huge progress in some
applications [18]. These DL techniques allow for the learning
of rich features from the massive amount of data and overcome
the curse of dimensionality shortcomings, making RL suitable
for handling large-scale problems. In reference [19], a fully au-
tomatic energy management algorithm was proposed based on
reinforcement learning to learn how to make the best decision
for consumers. A batch reinforcement learning method was
introduced in reference [20] to arrange a group of household
electric water heaters and was further applied to smart home
energy management [21]. Unlike the traditional rule-based and
model-based strategies, the DRL was used in reference [22]
to learn the effective strategy for operating the HVAC systems
in the building. In reference [23], the DRL framework was
used to deal with the high-dimension and computational speed
problems in order to overcome the difficulty in the building
energy model in the classical model-based optimal control.
Regarding the dissatisfaction cost, deep reinforcement learning
was applied to control electric devices [24]. In reference [25],
DRL was applied in HEMS by integrating the simulation
environment with a machine learning platform and battery
energy storage. The effectiveness of the DRL algorithm was
verified by simulation in reference [26]. In addition, using
Deep (Q-learning for storage scheduling in microgrids was
proposed in reference [27]. In reference [28], DRL was used in
the area of smart cities and the Internet of Things (IoT). Since
the storage device is important in the future microgrids, the
application of batch RL was proposed to optimally schedule
the operation of a storage device in energy management [29].
The capabilities of different deep learning techniques were
investigated in reference [30] to extract relevant features,
where DRL was proposed to schedule the thermostatically

controlled loads. Moreover, multi-agent deep reinforcement
learning was proposed in reference [31] to improve energy
sharing in a community. Furthermore, DRL was applied in
reference [32] to deal with the optimal control problem of
building energy conservation; two deep reinforcement learning
algorithms were applied and evaluated.

In this paper, a home energy management optimization
strategy (HEMOS) is regarded as a smart agent; data-driven
methods instead of model-based methods are applied to formu-
late the optimization problem. The contribution of this paper
can be presented as follows:

1) A novel home energy management optimization strategy
is proposed. DDQN and DQN are adopted to maximize the
energy efficiency and DR potential of the equipment.

2) A demonstration is carried out in a real-world data set
combined with an energy storage model to verify the validity
and advancement of the proposed methods.

3) An intensive study is carried out to investigate the
generalization and the reward settings of the algorithms in
HEMS.

This research proves that the energy efficiency of end-
users in a dynamic environment can be improved by DDQN
and DQN. Specifically, it is evaluated that DDQN is more
appropriate for cost minimization problems compared to DQN.
The applied method has the generalization in HEMS fields
such as without the PV scenario and without the EV scenario.
It is analyzed that the reward setting should be adjusted
according to actual situations. The DDQN is more suitable and
effective than PSO in a home energy management system.

The rest of the paper is organized as follows.

The overview of the background and applied algorithms
are explained in Section II. First, the characteristics of DL,
RL, and their combination DRL are introduced, as well as the
relationships between them. Then, mathematical principles of
DQN and DDQN algorithms (both of them belong to DRL)
are explained in detail.

In Section III, the research problem is described in math-
ematical formulas. First, data-set characteristics introduction
and schedulable appliance analysis are conducted. Next, the
scene is summarized as an optimization problem in mathemat-
ics; its objective functions and constraints are proposed. Then,
the household energy storage model is proposed. Finally, the
relationship between the training part and the execution part
in DRL is introduced; the implementation of the algorithm
is explained in detail from four aspects: agent, environment,
reward, and action.

Results and discussions are included in Section IV. First,
the learning process and overall trends of DQN and DDQN
are displayed. Then, numerical results and comparisons of
DQN and DDQN are presented. Next, the generalization and
reward setting during the implementation are analyzed. Finally,
the comparison of results between applied algorithms and the
traditional one (PSO) is performed.

In Section V, conclusions and future study are provided.

II. BACKGROUND AND APPLIED METHOD

Many algorithms of the new generation of Al technologies
are emerging and are in the process of development. DL, RL
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and their combination, DRL, are representative methods [33],
[34]. In this section, we provide a brief overview of DL,
RL, and DRL. The applied DQN and DDQN algorithms are
explained in detail.

A. RL, DL, and DRL

As shown in Fig. 2, there are four basic parts in RL: agent,
environment, reward, and action. RL is a mapping between
states and actions to maximize rewards and support agents
in response to a dynamic and uncertain environment. Unlike
other algorithm learning based on prior knowledge of external
supervisors, RL is learning in interaction with the environment.

Agent

rewards ﬁ

Environment

observation action

Fig. 2. Agent and Environment in RL.

The concept of DL stems from artificial neural networks.
The function of DL is to unify feature extraction and learning
in a multi-layer neural network. As a type of data-driven
method, it overcomes the problem of over-rigidity of artificial
extraction features, considering the complex environmental
factors and contributing to solving nonlinear problems [35].

DRL combining DL with RL introduces neural networks
to directly express and optimize value functions, strategies,
or environmental models in an end-to-end manner. DRL can
make full use of high-dimensional original input data to extract
patterns and build models; in addition, it can be used as a basis
for policy control. Compared with traditional reinforcement
learning, deep reinforcement learning overcomes the inability
to handle high-dimensional large-scales [36] and the success
of the AlphaGo attributes to this improved algorithm.

B. Deep Q-learning (DON)

In @Q-learning, the ()-value of each state-action pair (the
value of each action selected in each state) is stored in the
Q-table and updated by a stochastic gradient descent method.

Q(st,ar) < Q(s¢,a¢) + a(Rep1 + )\HZE}X Q(s441,0a")
— Q(s1,at)) (D

In (1), « is the step-size control and Rii; + Amax @

(St+1,0a) is the expected rewards that can be obtained by
performing an action a4 in state sy. In the high dimension, the
agent is too slow to learn the value of each state individually.
The @Q-learning becomes unrealistic when the state and action
space are in high dimension.

The value function approximation was proposed in refer-
ence [36] in order to overcome this problem. By adjusting
the parameter w, the function conforms to the value function
based on a certain strategy as shown in (2).

Q(s,a,w) ~ Qr(s,a) 2)

Through this method, the task is transformed into solving
the parameter w in the objective function:

L(w) = B[(Ry11 + Amax Q(se41,d";0") — Q(s¢, a;w))?]
3)

The stochastic gradient descent method is adopted to gradu-
ally approximate the parameters, helping the objective function
converge to the minimum value.

C. Double Deep Q-learning (DDQON)

When selecting action a of the current state s, ()-learning
depends on the e-greedy method that directly selects the action
corresponding to the maximum value function in the current
state.

Q-learning is a model-free algorithm using environmental
sampling to estimate the value function. In this process, there
is an overestimation affecting the decision of the strategy; the
selected action is not optimal. Therefore, DDQN was proposed
in reference [37] to solve this problem. For DDQN, the action
selection and action evaluation are different in the (Q-value
functions, and the corresponding parameter w is different from
DQN:

Doubl
Yo — R+ vQ(sp41, arg max Q(si11,a’, wy); wy)
a

“4)
The objective function of the DDQN is:
L(w)P* = E[(Rit1 + 7Q (5141,
arg HEE}X Q(st+1, ", we); we) — Q(st, ax, wt))Q] ®)

In DDQN, the target network is transformed into a sepa-
rately updated network. The independent updated network is
employed to provide the target value. The primary network
is used to select an action; meanwhile, instead of directly
selecting the action corresponding to the maximum ()-value, a
target (Q-value is generated for evaluating the selected action
by the target network. In addition, the target ()-value is
calculated during the training. The detailed implementation
of the algorithm is shown below.

Algorithm 1 Double deep ()-learning of HEMOS

Input: D-buffer; w-initial network parameters, w™-a copy
of w
Input: N.-buffer maximum size; Ny-training batch size; N-
target network replacement freq.
1: for episode e € {1,2,--- , M} do
2:  Initialize frame sequence z < ()
3 forte{0,1,---} do
4: Set state s <— x, sample action a ~ mg
5 Sample next frame z' from environment £ given
(s,a) and receive the reward r, and append z' to
if || > Nt then
delete the oldest frame x; i, from x
end if
Set s’ < x, and add transition tuple (s, a,r,s") to D,
replacing the oldest tuple if |D| > N,
10 Sample a minibatch of Ny, tuples (s, a,r,s’) ~ Unif
(D)

R
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11: Construct target values, one of each of the IV}, tuples:

12: Define a™*(s';w) = argmax, Q(s', a’; w)
. ] if s’ is terminal
' bi r+ AQ(s',a™ (s’ w);w™) otherwise
14: Do a gradient descent step with loss |ly; — Q(s, a;
2
w)|
15: Replace target parameters w~ < w every N~ step
16:  end for
17: end for

IIT. PROBLEM FORMULATION

HEMS can be summarized as a mathematical optimiza-
tion problem that is accompanied by complex environmental
changes, including a variety of devices with their distinct char-
acteristics. Optimal control plays a critical role in maximizing
the energy efficiency and DR potential of the equipment.

A. Data-set Characteristics and Schedulable Appliance Anal-
ysis

The large real-world open-source data set recorded by
Pecan Street. Inc. is used in this paper [38]. The data set
contains electrical submeters that have accumulated over many
years. Samples of 4 days of power consumption are randomly
selected in Fig. 3. As four main controllable components,
the power consumption time series of an air conditioner,
heater, dishwasher, and an electric car are shown in different
color curves. The blue curves are the total household energy
consumption that is the sum of non-controllable loads and
controllable loads. The solar PV generation is shown in the
green color curve. As shown in Fig. 3, the total household
energy consumption, solar photovoltaic, air conditioners, and
electric vehicles that have a greater impact on the energy
efficiency of users are selected in this case. The data used
in the algorithm training is collected in one house every
15 minutes for a period of one year.

The electricity price data is selected by the local power
operator, including Time-of-use plan and PV on-grid price.
The necessary simplified modifications were made according
to the needs of the algorithm. The above electricity price model
can be regarded as a fixed electricity price. The random price
fluctuation from —0.01$/kWh to 0.03$/kWh is provided based
on the fixed price (the changing price) in order to test the
generalization ability of the algorithm.

Since the appliances have different operational patterns,
the appliances should be categorized. Based on the analysis
of the physical structure and the usage habits, the electrical
appliances of residents can be divided into three categories as
follows:

1) Base load, which does not have the ability to reduce and
shift, can be regarded as a fixed demand for electricity
usage.

Time-shift load, which includes devices such as washing
machines and dishwashers, has two statuses (open and
closed); the running time can be changed.

Power-shift load, which can be flexible in a given usage
time interval, such as an air conditioner.

2)

3)
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Fig. 3. Power usage behavior randomly selected.

Since the physical constraints and control conditions of the
latter two types of electrical appliances are quite different, they
need different considerations in the algorithm design.

B. Objective Function and Constraints

The main objective is to schedule the energy consumption of
home appliances to help prosumers reduce the electricity cost
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based on the operational requirements of home appliances. If
the demand is higher than the local clean energy supply, the
objective function is:

T n
min C = E At_ (Ptﬁxed + a/t7d E Pt’d + at, chaf)t(:ha
t=1 d=1

— ay, dise P — PJ’V> (6)

Otherwise, the objective function is:

T n
maxC = 3N (P PP g P

t=1 d=1
cha disc
— ay, chaPt + A, discPt ) (7)
T
st. Y PaAt=EqVde N,Vte N (8)
t=1
atvd:{1,0},Va€A,Vd€N,Vt€N 9
Gy, cha, Qt, disc = {17 0}7 at, cha A Gy, dise = 0,
Va € AVt € N (10)

Ao\ >0,Vt=[1:T|eN (11)

In the above two equations, \; and \; are the real-time
electricity price of the purchased electricity and the electricity
price of selling back to the power grid. Eqgs. (6) and (7)
are associated with application d at time ¢, where ay g = 1
represents the on-state of application at the interval of time
At; ag,q = 0 represents that it is closed. The same meaning
in the charging and discharging of energy shortage is applied
to ay, cha and ay, gise-

Pfixed js the base load consumption. P and P3¢ are the
charging power and discharging power. PPV is the generated
power from the solar PV. All of them are at an interval of
time, At.

In different consumption profiles, P q is set with different
associated constraints as follows: For the power-shift load,
in the specified time interval, the constraints are shown in
(12) and (13), where the p(Py|t) is the probability of the
application d to be active in time ¢ and 3e4 € R is the constant
consumption amount in the optimization horizon le = [0—
0,0+0]. 0 is the typical start time, o is the tolerable adjustment
range for the users.

> Py<eq if p(Palt) € (0,1] (12)
t

> Py=cq if p(Palt) =0 (13)
t

For the time-shift load, a minimum amount of power J¢q €
R must be consumed in the optimization horizon and the usage
time T} € N cannot be disturbed. The continuous usage time
is included in the optimization space, T} C T, 51. The constrains
is Z?u Pd = &4.

Equations (6) and (7) should be integrated into the Deep
RL algorithm. ay = {as.d, @, cha, G, disc} 1S the binary action
Vector. a4, ay, cha, aNd @y, gisc are the actions of electrical appli-
cations that are determined by the output of the neural network

shown in Fig. 5. During the training, these actions promote the

decision-making to gradually obtain the max Q(sy+1,a’;w’)
a/

and Q(s¢41,argmaxy Q(si41,a’,wy);wy) in (3) and (5).

Therefore ag q 23:1 P q in (6) and (7) are optimally sched-

uled.

The conventional method specifies more detailed constraints
and discomfort functions of users. The method in this paper
transfers these constraints and conditions into reward functions
which is further detailed in Section III-D.

C. Household Energy Storage Model

Household energy storage is a development trend and a
controllable load that can transfer the load. The energy storage
model is proposed in this study. The relationship between the
state of charge (SOC) and the energy storage with the charging
power and the discharging power are described as follows:

ch
SOC(t + 1) = SOC(t) + ay e 120 P (1)
storage

. At
g, disc  Foo
ndlsc Qstorage

where Pgh...(t) and Pgy,..(t) are the charging power and the

discharging power, Pgo,,..(t) > 0 and P (t) < 0; n* and
7" are the discharging and charging efficiency of the energy
storage; At is the length of the time step and is the capacity
of the energy storage. The charging or discharging situation
depends on (10). Charging or discharging is not performed at
the same time, such as a¢, cna A ¢, gisc = 0. The energy storage

model is subject to the following constraints:

Pl (1)

storage

(14)

SOC™™ < SOC(t + 1) < SOC™* (15)

The energy storage model parameters are provided in Ta-
ble I.

TABLE I
ENERGY STORAGE MODEL PARAMETERS
Parameter Value
Battery type NCA
Rated voltage (V) 46.7

Battery capacity (Ah) 150
Charging and discharging efficiencies  90%

D. Implementation Details

The main advantage of RL or DRL is that the model
can learn from the default environment and can adapt to the
dynamic environment. After the model is completely trained
using the off-line database, it can be exploited on-line in a
real environment. A framework for implementation of the
algorithm applied in decision-making and control is illustrated
in Fig. 4.

There are two parts in the framework: training and execu-
tion. The training part is the main content of this research.
The training part oversees learning the knowledge and the
execution part and puts the learned knowledge into practice
to make optimized decisions in a real physical environment.
If there are emergencies, the agents will interact with the
new environment. Through the adjusting of actions, the agent
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Fig. 4. Framework for RL in the home energy management optimization
decision and control.
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Fig. 5. The general architecture of a home energy management optimization
strategy based on deep reinforcement learning.

gradually increases the obtained reward, and restores the
optimization effect.

As mentioned above, agent, environment, reward, and action
are the four basic parts in RL. In addition, the details of the
algorithm implementation would be explained according to
these four parts. The general architecture is shown in Fig. 5.
1) Agent

HEMOS of HEMS is regarded as an agent and learns from
the environment to choose actions in order to maximize future
rewards. Depending on the existing home automation systems,
the agent is used to realize the switching or adjustment of the
device (the charging and discharging for energy storage). In the
algorithm design described above, the optimization decisions
highly depend on the environment and rewards.

2) Environment

The environment refers to dynamic energy consumption,
production, and electricity price. The data was accumulated for
a period of one year and collected every 15 minutes from one
house. The electric car, heater, and dishwasher are considered
as time-shift loads; the former one can be interrupted while
the latter two cannot be interrupted until the end of usage.
The air-conditioner is considered as a power-shift load. Energy
storage built into the model is involved in the home energy
management system as a controllable load, broadening the
possibilities of this scenario. PV generation is preferred for
local usage and regarded as a non-curtailable resource.

The observations, including total load and each controllable

appliance load, PV generation, SOC and electricity price, are
regarded as the inputs to the neural networks at every time
interval. The fixed electricity price and random changing price
are set as different inputs and the results are compared in order
to verify the generalization performance of the algorithm. All
the observations of the agent are shown on the left side of
Fig. 5. The @Q-value for each discretized action is represented
by the outputs of the neural networks, causing a changing
amount of states to maximize rewards with continuous feed-
back. All the actions of the agent are shown on the right side
of Fig. 5.

3) Reward

The rewards are the key to RL. The agent can be guided
by a reasonable value function to advance in the “right
direction.” The setting of the value function in this study is
primarily based on (6) and (7). In addition, the PV’s priority
in local consumption and equipment usage satisfaction are
incorporated into the value function. The objective of the
strategy is that the more rewards the agent obtains, the higher
the benefit from real-world energy optimization.

This scenario can be summarized as a multi-objective op-
timization problem. Multiple-task reward is adopted to solve
this problem with five components, which are shown in (16),
(17), (18), (19) and (20). The five joint reward components are
summed up to perform this multiple-task optimized schedul-
ing.

In (16), C is the total cost derived from (6) and &; is the
weighting factor for total rewards.

r=6§C (16)

For energy storage, the discharging action will be rewarded
when the electricity price of the public power grid is high.
Conversely, the charging of energy storage will receive a
reward when the electricity price of the public power grid is
low, which is shown in (17). In (17), pj;,. is the electric price at
the discharging time, p),, is the electric price in normal time
(here we set it at 0.07$/kWh), & and &3 are the weighting
factors which contribute to the total rewards. Since the life
cycle is related to the number of charging or discharging,
a small amount of negative reward would be obtained by
performing charging and discharging actions in this case in
order to reduce the times of energy storage usage, which is
shown in (18). In (18), n is the number of actions in one day,
&4 and &5 are the weighting factors.

_ el /

ro = 52 %f DPdisc < Phor (17)
€3 if p:]isc > pr/mr

ry = —&4n %fn<10 (18)
—&n ifn>10

For solar PV, the priority is local consumption. Rewards will
be awarded if the energy is generated by solar photovoltaics
and locally consumed (including the storing of renewable
energy into local storage), which is shown in (19). In (19), Py
is the local consumption from solar PV, Py is the selling back
to the power company, &z and &7 are the weighting factors.

T4 = §6Puse + (_§7Psell) va = Pise + Pienn (19)
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For controllable appliances satisfaction, each appliance is
divided into 4 to 6 usage intervals per day according to the
historical statistics. The interval not only has a requirement
for usage amount but also is a finite delay time window for
shifting load. Each usage interval needs to meet the satisfaction
amount as a check. The shifting of the load is also performed
within the finite delay time interval. The historical statistical
usage of each load interval is taken as the observation of the
agent. Moreover, a negative reward will be given if the relevant
load does not pass the satisfaction check within the interval.
In (20), Py is the actual consumption of appliance d, Pr; is
the satisfied consumption amount from historical statistics

—fg if Zt Pd < PTi
& if Y, Py > Py

Unlike the traditional method of setting the dissatisfied
function, the proposed method encapsulates consumers’ sat-
isfaction into the rewards. Therefore, the obtained rewards
can reflect the satisfaction situation. Through continuous in-
teraction with the environment, the agent gradually learns the
user’s electricity consumption habits and therefore tends to
meet user needs when scheduling appliances. Unlike the fixed
dissatisfied function, the proposed method is more adaptable
to the dynamic environment.

The setting of reward in this study is a framework and a
basic principle. The reward settings are given in the following
example, verifying the rationality of the structure. For the
value setting of the rewards, different emphases would lead
to quantitative differences, showing the diverse effects.

4) Action

The output of the neural network is the @-value combining
action, which is the on or off status of the time-shift load,
the consumption adjustment of the power-shift load, and the
charging or discharging of energy storage. The actions are
subject to power balance, the physical constraint of devices,
demand satisfaction, and other constraints.

s =

(20)

IV. RESULTS AND DISCUSSION

In this section, the performance of the applied methods in
the experimental environment is analyzed and validated by
unifying the real-world data and energy storage models. Some
comparisons are performed and their results are discussed.

Our simulation environment is Python 3.6 on a laptop with
8.0 GB RAM, GTX 1060, and an Intel i7. For the neural
network, three hidden layers (100 neurons, 512 neurons, and
50 neurons) are built. Two rectifier linear units (ReLLU) and
one Sigmoid are applied as activation functions in the neural
networks.

The whole off-line training process of DDQN for 1000
episodes is almost 110 minutes to 130 minutes. The com-
putational efficiency of the DQN is better than DDQN in our
simulation, which is almost 100 minutes to 120 minutes. The
system parameters are provided in Table II

Most the components in the environment are provided by the
dataset. We made a summary of the adopted data in the dataset
to describe the technical characteristics of the components in
Table III. The electric price adopted is listed in Table IV.

TABLE 11
SYSTEM PARAMETERS
Parameter Value
Episode 1000
Learning rate 0.001
Discount rate 0.95

Exploration Max 1
Exploration Min 0.1

Exploration rate .
Decay Rate 0.995

TABLE III
TECHNICAL CHARACTERISTICS OF THE CONTROLLABLE COMPONENTS

Load t Electric Maximum Average daily
oac type appliance power (kWh)  usage time (hour)
Power-shift  Air conditioner  1.64 2.34
. . Heater 1.08 1.89
Time-shift Electric car 3.35 1.64
Dishwasher 5.12 0.59
TABLE IV
THE ELECTRIC PRICE PLAN SITUATION
Purchase price Sell price from
Time from power Solar PV generation
company ($/kWh)  ($/kWh)
6:00-14:00 0.07 0.04
14:00-22:00 0.12 0.04
22:00-6:00 (next day) 0.02 0.04

A. The Learning Process and Overall Trends

Due to the characteristics of the algorithm, the agent learns
to gradually adapt to the environment and obtains more
rewards. There are a lot of random choices at the beginning;
after many iterations, the agent learns to choose the converging
trend and possibilities that are close to the optimization
objective. Both the DQN and DDQN have achieved favorable
training results, as shown in Fig. 6.

140 -
120 1
100 1

80 1

Rewards

60 —— reward-ddqn
reward-dqn
40 A

204

400 600 800 1000

Episode

200

oA

Fig. 6. The rewards training process of two algorithms.

Simultaneously, the cost of electricity consumption for users
is reduced as shown in Fig. 7. As can be seen from Fig. 7, the
costs did not converge as good as the rewards. The reason is
that the proposed method adopts days as the training episodes
(“time steps” in Fig. 7) and the different days have significant
differentiation in adjustable space and base costs.

The user can obtain economic benefits through the control of
the heater, air conditioner, dishwasher, and electric vehicle, and
the charging and discharging of the household energy storage.
Both the applied algorithms are effective, which can be seen
from Figs. 6 and 7. The overall load curve tends to be smooth
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Fig. 9. Facing the dynamic fluctuation of electricity price, PV generation and
electrical energy consumption, the operation of energy storage after learning
by HEMOS (typical day selected).

and the load peak is reduced as shown in Fig. 8.

The household energy storage is taken as an example to
describe the dynamic process of optimization shown in Fig. 9.
Since the number of charging and discharging is related to
the equipment life, a negative reward would be given when
charging or discharging. The energy storage would capture the
environmental changes and start charging to store the energy
when the electricity price is low and the PV energy generation
rises. In addition, the energy storage discharges when the
electricity price is high and the electricity consumption almost
meets the peak in one day.

B. Numerical Results and Comparison

After training by our applied algorithm, the agent can adapt

to the changing environment and complete the optimization
problem of high-dimensional large-scale data both in DQN
and DDQN. The results for the cost minimization problem
are summarized in Table V.

TABLE V

DAILY COST MINIMIZATION RESULTS FOR 50 DAYS WITH 15 MINUTES
RESOLUTION USING DDQN AND DQN

_— . Fixed price Changing price
Description Algorithm Mean St.dev. Mean St.dev.
Cost ($/day) 2956 2.492 3.807 2.703

L . . DDQN 1.211 2535 2.072 2.854
Minimized Cost ($/day) 1y 1217 2615 2081 2872

As can be seen in Table V and Figs. 6 and 7, DDQN
and DQN can handle optimization problems in HEMS; the
optimization effects are very close. For random changing
electrical price signals, DDQN shows more advantages [14]
is the representative work in the HEMS area. By using the
proposed load control scheme in [14], the user’s average daily
payment decreases by 25%. Our proposed method shows better
optimization results than [14], which is shown in Table V.

C. Generalization and Reward Setting Analysis

During the implementation of the applied algorithm, there
are two things (the generalization and the reward setting) that
need to be discussed and analyzed in detail.

1) Generalization

Generalization has always been a difficulty in the current
DRL algorithm. Although agents can carry out complex tasks
after training, it is difficult for them to transfer their knowledge
or experience to a new environment. This needs to be analyzed
and discussed in the home energy management area. In this
research, two new environments of the home energy system
are designed to analyze the generalization by training and
testing agents. As a trend of future transportation, electric
vehicles are becoming more and more popular. However, not
all the charging locations of the electric vehicle are within
the control range of HEMS, which without electric vehicles
is an essential scenario. Since not every house roof is suitable
for installing solar photovoltaic power generation equipment,
HEMS without solar PV should be a common scenario.

The real-world open source data set recorded by Pecan
Street is adopted in this research. It is assumed that removing
some parts of the data can have a negligible impact on the
basic load pattern. The scenarios between normal (without
PV and without EV) are tested with the same house data in
order to highlight the comparisons. In addition, the scenarios
are built by removing some data and keeping the same basic
load pattern. Finally, our method is applied to the dataset
corresponding to the different scenarios to estimate the gener-
alization. Two layers of Dropout in the multiple layers of the
neural network are set in order to improve the generalization.
Dropout refers to the temporary discarding of neural network
units according to a certain probability during the training of
deep learning. The dropout can effectively be altered through
the occurrence of over-fitting and achieve regularization to a
certain extent; there is a detailed introduction in reference [39].

Table VI demonstrates that the algorithm applied is equally
applicable to home energy management in the scenarios
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TABLE VI
DAILY COST MINIMIZATION RESULTS FOR 50 DAYS WITH 15 MINUTES
RESOLUTION BY DDQN IN 3 DIFFERENT SITUATIONS

Situation Mean St.dev.
Nt Qe S
Wi ry OISy S
Wiy Qe et () 0 20

without PV and EV. PV is the distributed energy, which
can reduce dependence on external energy and create the
possibility of profitability. Compared with other scenarios, the
cost of the without PV is more than in other scenarios. EV is
a high energy-consuming device, which accounts for a large
proportion of energy in the whole environment. Compared
with other scenarios, the cost of the without EV is less than
in other scenarios.

2) Reward Setting

The reward is the core concept in RL and guides agents
to learn in the environment. There may be a bad effect on
the algorithm implementation if the main objectives cannot be
accurately reflected by the design of the reward rules.

Four aspects are being considered the most in this study: the
economic interests, clean energy usage, satisfaction of house-
hold appliances usage, and the life of household electrical
devices. Following the requirement in this research, the reward
settings include 4 aspects. The first one is directly related to
(6) and (7). The second one is the priority in solar PV local
consumption. The third one is to meet the usage demand of
users. The fourth one is to reduce usage times of controllable
electrical appliances, especially for energy storage.

Optimization results are influenced by reward design. There-
fore, the reward setting of energy storage is taken as an
example to illustrate.

As can be seen from Fig. 10, rewards of —0.5, —0.2, and
0 are given, respectively, when the energy storage is being
operated every time. The knowledge learned by the agent is
not the same in the three different cases.

0.20
54 ——pv energy price
—— energy storage /R=—0.5
| ——energy storage /R=-0.2
4 energy storage /R=0 0.15
—— conventional consumption
—
=3
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4 N—
=
1% -2
% 0.05 ~
14
=%
0 V +0.00
-1
y —-0.05

0 20 40 60 80
Time (15min)

Fig. 10. The effect of different reward settings on energy storage (typical
day selected).

It can be seen from the comparisons of reward = —0.5
and reward = —0.2 that the greater the punishment, the
more conservative the action of the agent. The charging
action follows the solar PV generation; the discharge time

is concentrated at the peak time of daily power consumption.
The agent concentrates on the action during the interval of the
electricity price changing when no penalty is given (rewards
= 0).

The effect of using energy storage on reducing electricity
costs is illustrated in Table VII. Different reward settings can
lead to different results each time the accumulator is operated.
Reward = —0.2 is the most suitable case in our test. For differ-
ent scenarios, the reward setting needs to be comprehensively
discussed in terms of various factors. However, it is difficult
to sum up a consensus and generally recognize the setting
method.

TABLE VII
DAILY COST MINIMIZATION RESULTS FOR 50 DAYS WITH 15 MINUTES
RESOLUTION BY DDQN IN 3 DIFFERENT REWARDS SETTINGS

Reward setting of

energy storage Minimized cost ($/day)

Reduced percentage

—-0.5 1.720 41.8%
—-0.2 1.211 59.0%
0 34.871 —1079.54%

D. Comparison with Traditional Algorithms

Particle Swarm Optimization (PSO) is widely used in solv-
ing the optimization problem as a traditional algorithm. PSO
can find the optimal result in the solution space by simulating
the group cooperative behavior [40]. The logic and principle
of PSO are quite different from the DRL algorithm, which is
not discussed in detail in this paper.

The results of the proposed DRL algorithm are compared
with those of PSO to validate its performance. As can be seen
from Fig. 11, PSO can obtain convergence at the beginning.
In contrast, the DDQN converges after many iterations. The
optimization results of the two algorithms are very close.
Compared to PSO, DDQN is more effective in our case, as
shown in Table VIIIL.
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Fig. 11.  The comparison of DDQN and PSO in training processes.

TABLE VIII
DAILY COST MINIMIZATION RESULTS FOR 50 DAYS WITH 15 MINUTES
REsoLUTION USING DDQN AND PSO

Algorithm  Minimized cost ($/day)  St.dev.
DDQN 1.211 2.535
PSO 1.693 2.126

It should be highlighted that the PSO relies on the fixed
environmental model while the DRL is a continuously data-
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driven algorithm Theoretically, the DRL has more advantages
in the actual dynamical environments.

V. CONCLUSION AND FUTURE WORK

In this paper, the deep ()-learning and double deep Q-
learning methods of reinforcement learning are applied in
decision-making support for home energy management opti-
mization strategies.

A large amount of multi-dimensional real-world data and
a household energy storage model are used to validate the
applied algorithm. In addition to the electricity price signal in
the real world, random dynamic pricing is designed to test and
verify the ability of agents responding to dynamic changes.

Experimental results illustrate that deep (-learning and
double deep (Q-learning are effective in forming the strategies
of home energy management. It shows that double deep Q-
learning is more suitable for scheduling of energy resources
compared to deep Q-learning both in stability and effective-
ness. The applied method has the generalization in HEMS
fields such as the scenarios without the PV or without the
EV. It was analyzed that the reward setting should be adjusted
according to actual situations. In our case, the results of DDQN
are compared with those of PSO to validate the performance
of the algorithm applied. DDQN shows more advantages both
in practice and in theory.

However, further research is still needed. Our optimization
is based on globally observable conditions and does not
always exist in the real world. In many cases, since the
algorithm is operational under partial observable conditions
due to constraints, the algorithm and implementation strategy
should be discussed and analyzed. Thus, special consideration
should be given to the analysis of the comparison between the
model-driven methods and data-driven optimization methods
because they have advantages in different scenarios.
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