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Abstract: Considering the popularity of electric vehicles and the flexibility of household appliances, it is feasible
to dispatch energy in home energy systems under dynamic electricity prices to optimize electricity cost and comfort
residents. In this paper, a novel home energy management (HEM) approach is proposed based on a data-driven
deep reinforcement learning method. First, to reveal the multiple uncertain factors affecting the charging behavior
of electric vehicles (EVs), an improved mathematical model integrating driver’s experience, unexpected events, and
traffic conditions is introduced to describe the dynamic energy demand of EVs in home energy systems. Second, a
decoupled advantage actor-critic (DA2C) algorithm is presented to enhance the energy optimization performance by
alleviating the overfitting problem caused by the shared policy and value networks. Furthermore, separate networks
for the policy and value functions ensure the generalization of the proposed method in unseen scenarios. Finally,
comprehensive experiments are carried out to compare the proposed approach with existing methods, and the results
show that the proposed method can optimize electricity cost and consider the residential comfort level in different
scenarios.
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1 Introduction Sovacool, 2016; Wen et al., 2021). Meanwhile, fluc-

tuating renewable energy resources bring uncertain-

With recent advances in the field of electric vehi-  {iaq to the energy-supply side (Agnew and Dargusch,

cles (EVs) and intelligent household appliances, flex- 2015; Luo et al., 2020), which have greatly driven the

ibility on the demand side is increasing (Parag and rapid growth of home energy management (HEM)

i techniques to adjust energy consumption according
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Xia et al., 2016; Hu et al., 2018; Mao et al., 2019).

Numerous investigations have been carried out
into feasible strategies of HEM from the demand-
side perspective (Li HP et al., 2020b; Luo et al.,
2020; Kong et al., 2021). In the literature,
HEM approaches are divided mainly into two cate-
gories: model-driven approaches and data-driven ap-
proaches (Xu et al., 2020; Xiong et al., 2022). Model-
driven methods are superior in terms of reducing the
computational burden and alleviating data depen-
dence. For instance, a multi-objective mixed-integer
nonlinear programming model has been developed
to optimize energy use in a smart home (Anvari-
Moghaddam et al., 2015). In this work, a trade-
off between energy saving and a high comfort level
was considered, and the running of the proposed
model-driven algorithms can be finished within sev-
eral seconds. A probabilistic optimization problem
has been designed for HEM in a renewable-energy-
based residential energy hub, where the two-point
estimation method has been developed to model the
uncertainty in the output power of solar panels, and
less than 1 min was required for running the pro-
posed HEM program (Rastegar et al., 2017). A new
framework has been proposed with related analy-
sis models to determine optimal demand response
strategies, where resident occupancy behavior and
forecasted renewable energy generation have been
estimated (Baek et al., 2021). However, the scala-
bility of these model-driven approaches in different
scenarios is poor, and re-established models are a
prerequisite for excellent performance in new sce-
narios. Moreover, the performance of these model-
driven methods is dependent heavily on complex sys-
tem models, the accuracy of which is hard to be guar-
anteed with multiple uncertainties (Shi et al., 2023).

To tackle these challenges encountered by
model-driven approaches, data-driven approaches
have gained particular research attention in HEM
(Shirsat and Tang, 2021; Huang et al., 2022; Liu
SG et al., 2022). A data-driven distributional op-
timization method has been proposed to guarantee
robustness against the worst probability distribution
of multiple uncertainties (Saberi et al., 2021). In this
study, the authors have pointed out that probabil-
ity distributions always have errors, even under the
assumption that the accurate probability distribu-
tions of uncertainties are known. Furthermore, with
the rapid development of artificial intelligence tech-

nology, the optimization problems of complex large-
scale energy systems have been solved by intelligent
dynamics optimization methods (Qian, 2019, 2021;
Gao et al., 2022). As an emerging phenomenon of ar-
tificial intelligence techniques, reinforcement learn-
ing (RL) has attracted considerable attention due
to its data-driven outstanding decision-making ca-
pability and superhuman performance in a number
of challenging tasks (Wang HN et al., 2020; Wang
YP et al., 2021; Tang et al., 2022; Wang JR et al.,
2022). RL techniques are typically used in HEM,
and there exist two kinds of approaches: value-based
RL and policy-based RL (Xiong et al., 2021). Value-
based RL algorithms estimate an action-value table
or function and choose the action with the maximum
value according to the table or function. There-
fore, value-based algorithms can be used only for
tasks with discrete actions. For example, to pro-
pose a secure demand response management scheme
for HEM, Q-learning has been adopted to make op-
timal price decisions using Markov decision process
(MDP) with the objective of reducing energy con-
sumption, which has benefited both consumers and
utility providers (Kumari and Tanwar, 2022).

For tasks with high-dimensional action space
(such as control of mass appliances) or continuous
action space (such as charging control of EVs), it
is challenging for value-based algorithms to achieve
excellent performance (Qin et al., 2021).
quently, methods combining value- and policy-based

Conse-

algorithms, such as deep deterministic policy gradi-
ent (DDPG) (Zenginis et al., 2022) and advantage
actor-critic (A2C) (Shuvo and Yilmaz, 2022), have
been used more extensively in HEM. For instance, a
novel privacy-preserving load control scheme based
on the vectorized A2C algorithm has been devel-
oped to tackle high-dimensional action space and the
partial observability of state for the residential mi-
crogrid, in which the microgrid operator manages a
multitude of home appliances, including EVs and air
conditioners (Qin et al., 2021). Due to the random
nature of electricity prices, appliance demand, and
user behavior, a novel reward shaping based actor-
critic deep RL (DRL) algorithm has been presented
to manage the residential energy consumption profile
with limited information about the uncertain factors
(Lu et al., 2023). In these methods, accurate estima-
tion of the value function can instruct the HEM agent
to learn the most valuable policies and contribute to
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remarkable performance.

However, these standard DRL algorithms usu-
ally use shared networks for the policy and value
functions, which therefore limits the estimation ac-
curacy of the value function (Raileanu and Fergus,
2021). Since the value function estimation requires
more information than the policy function estima-
tion, shared networks for the policy and value func-
tions can easily lead to overfitting.

Motivated by the aforementioned phenomenon,
in this work, we introduce a decoupled A2C (DA2C)
algorithm with separate networks for the policy and
value functions to mitigate the overfitting problem
in HEM. Different from existing RL algorithms with
shared networks for the value and policy functions,
which suffer from poor generalization (Li HP et al.,
2020a), the DA2C algorithm proposed in Raileanu
and Fergus (2021) can not only achieve outstand-
ing performance in reducing the electricity cost and
comforting the residents but also show good general-
ization to new scenarios with different residents and
different seasons. The main contributions of this pa-
per are summarized as follows:

1. Multiple uncertainties affecting the dynamic
charging behavior of individual EVs, such as driver’s
experience, unexpected events, and traffic condi-
tions, are integrated into an improved mathemati-

cal model. Compared with the model proposed in

Power flow
Information flow

Electric vehicle | Uncontrollable appliances
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Yan et al. (2021), the improved EV-charging model
describes the energy demand of EVs more exactly.

2. The DA2C approach with separate networks
for the policy and value functions is developed to
schedule the charging operation of EVs and the en-
ergy consumption of household appliances in smart
homes. Compared with existing RL algorithms used
in HEM (Li HP et al., 2020a), the DA2C algorithm
enhances the generalization by decoupling value and
policy to alleviate the overfitting problem.

3. A set of experiments are conducted to verify
the performance of the proposed data-driven intelli-
gent optimization method. Compared with existing
methods, our proposed method shows competitive
performance in optimizing electricity cost and com-
forting the residents even in different scenarios.

2 Problem formulation

As shown in Fig. 1, this work aims at developing
a data-driven intelligent optimization method based
on RL to achieve optimal energy management of
smart home systems, by appropriately scheduling the
charging operation of EVs and the energy consump-
tion of household appliances on the demand side. In
this section, an improved mathematical model de-
scribing the dynamic energy demand of individual
EVs, which integrates various uncertain factors, is
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proposed first. Furthermore, we formulate the HEM
problem as an MDP, in which the charging opera-
tion of private EVs and the energy consumption of
household appliances are regarded as the actions to
be optimized.

2.1 Improved EV-charging model

In the HEM problem, the charging operation
of private EVs is worthy of in-depth consideration
owing to its complex characteristics compared with
other household appliances (Zhang YA et al., 2022;
Zhang YT et al., 2022). The charging operation de-
pends directly on the energy demand of EVs’ bat-
teries. Comnsequently, we present an improved EV-
charging model to describe the energy demand of
EVs, which is comprehensively affected by a wide
variety of uncertain factors, such as driver’s experi-
ence, unexpected events, and traffic conditions.
Remark 1
not charge frequently, compared to novices, to make
sure that the state of charge (SoC) always remains
at a high level, and they are more tolerant to the

Specifically, experienced drivers may

anxiety of power depletion. Unexpected events may
prompt the EV to leave before the preset departure
time, and sudden termination of charging will lead
to a lack of energy for the subsequent trip. Besides,
traffic conditions have a significant impact on the
charging behavior, even if the drivers are experi-
enced. When encountering congestion, accidents,
extreme weather, special events, and other costly
delays, driver’s experience often fails, leading to in-
creased anxiety. Consequently, an improved EV-
charging model is presented with the aforementioned
uncertain factors integrated.

First, as shown in Eq. (1), the dynamics of the
EV batteries are modeled with two modes: charging
and discharging;:

ESOC _ {EtSoC + nchPtEvAt, if PtEV > O,

A Etsoc+ndiSPtEVAt, otherwise,

where EP°C denotes the current battery energy of EV
at time slot ¢, PFV represents the charging power if
PEY > 0,and if PEV < 0, it is the discharging power,
and e € (0, 1] and nq;s € (0, 1] are the charging and
discharging efficiency coefficients respectively, which
vary with heterogeneous battery performance of dif-
ferent EVs. Besides, the battery capacities C of
different EVs are varied. Therefore, the energy of
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different EV batteries is normalized as follows:

SoC
SOCt = tC’ s (2)
where SoC; means the SoC of the EV at time slot
t. When EV battery is fully charged, EP°C = C
and SoC; = 1. There are also some constraints on
battery dynamics:

- Pt]::Xax < PtEV < PEX&X’ (3)
0 < B < Bt (4)

where Pfxax is the maximum charging power at time
slot ¢, and Etsfncax is the maximum level of the battery
energy, which is equal to the battery capacity C.

Next, the charging operation of individual EVs
is determined by driver’s anxiety about the SoC,
which is further affected by multiple uncertainties in-
cluding driver’s experience, unexpected events, and
traffic conditions. It is obvious that conservative
drivers with less experience need to ensure a higher
SoC level for departure. As the experience increases,
drivers can estimate the energy required for the jour-
ney more accurately, and the anxiety level will de-
crease. In addition, it is worth noting that the traffic
conditions may affect drivers’ judgment of the en-
ergy demand for the journey, even for experienced
drivers. For example, when traffic jams occur due
to extreme weather or traffic accidents, more energy
is needed for the same journey. Similarly, when the
temperature is high (in summer) or while encounter-
ing cold weather conditions (in winter), the use of
air conditioning in the EV will lead to more energy
consumption. All of the above may cause inaccu-
rate estimation of energy required, which in turn
incurs an escalation of anxiety. Here, we describe
driver’s anxiety with the expected SoC Zgoc(t) in
Eq. (5), which integrates the aforementioned uncer-
tainties comprehensively (Yan et al., 2021):

klkS (e_k2(t_ta)/(td_ta) _ 1)
e~k2 — 1 ’

Zsoc(t) =

where t, and tq represent the arrival time and the de-
parture time respectively, and ¢ € (ta,tq]. k1 € [0,1],
kg € (—00,0)U(0, +00), and k3 € [0, 1] are the shape
parameters changing with driver’s experience, unex-
pected events, and traffic conditions, respectively.
When t = tq, Zsoc(t) = k1ks shows that the ex-
pected SoC is determined by parameters ki and k3.
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In other words, the value of kiks reflects the anxi-
ety level of the driver at departure time tq, which is
related to driver’s experience and traffic conditions.
Hence, driver’s experience and traffic conditions can
be characterized by parameters k; and ks, respec-
tively. When k1 ks = 1, the expected SoC Zsoc(t) is
determined by ks, and these three kinds of uncertain-
ties can be described by the combination of k1, ko,
and k3. A higher SoC during the charging duration
corresponds to larger ki, ko, and ks values. Hence,
drivers can set the values of k1, k2, and k3 according
to their actual situation.

2.2 MDP formulation

With the improved EV-charging model, the
scheduling problem of home energy is then for-
mulated as an MDP containing four elements
< S, AR, P>, where S, A, R, and P represent
the state set, action set, reward function, and state
transition probability, respectively. Detailed defini-
tions for these four elements in HEM are presented
as follows:

1. State: The state s; contains the energy con-
sumption information of the smart home at time slot
t:

Sp = {)\t’ PtPV,PtUL,PtSH, EtSoC}’ (6)

where )\; is the time-of-use electricity price, and PFV
represents solar photovoltaic (PV) power generation.
Moreover, PUY and PSM are the energy consump-
tions of uncontrollable appliances and shiftable ap-
pliances, respectively, at time slot .

2. Action: The actions are defined as follows:

ay = {APtSHa PtEV}7 (7)

where APSH denotes the adjustment of energy con-
sumption of these shiftable appliances; APS! > 0
means that the energy consumption increases at time
slot t, and vice versa.

3. Reward: To achieve the objectives of mini-
mizing the electricity cost and comforting the resi-
dents, the reward function integrates the electricity
cost and the residential discomfort through weighted
coefficients 31, B2, and B3. Residents’ discomfort is
quantified by the dispatching energy consumption of
shiftable appliances and the anxiety about the EV’s
SoC level.

re = — B\ P — Bo | APPH | At

o (Zsoo(t) — E,0), )
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where PG = PUL + PSH + APSH 4 PEV _ PPV s
the electricity bought from the main grid calculated
according to the power balance in home energy sys-
tems, (1 is the weight of electricity cost to the total
cost, B2 and B3 are discomfort coefficients and vary
flexibly with different discomfort feedback of the res-
idents, and EP°C is the actual SoC level of the EV
battery. The objective function is to minimize the
following discounted cumulative reward for the resi-
dent in time period 0-T1":

T
CT = - Z’Ytrrt? (9)
t=0

where v € [0,1] is the discount factor for future
decisions.

4. Transition: The system state transition re-
veals the change of system state s; according to ac-
tion a;. The transition of E7°C can be depicted by
the dynamics of EV batteries shown in Eq. (1). Be-
sides, electricity prices, PV power generation, and
power consumption of uncontrolled appliances fluc-
tuate stochastically, which also constitute the tran-
sition of the system states.

Remark 2 Note that time slot ¢ represents an in-
Within half an hour, the
prices, PV power generation, and energy consump-
The

terval of half an hour.

tion in state s; are assumed to be constant.
actions also remain constant in half an hour.

3 Proposed approach

In this section, the detailed DA2C algorithm
is presented, in which the value network and the
policy network are decoupled to meet differentiated
information demand for value function estimation
and policy function estimation.

It has been already proved that the accurate
estimation of the value function requires more infor-
mation than learning of the optimal policy (Raileanu
and Fergus, 2021).
works for the policy and value functions can cause

The widely used shared net-

overfitting, which also results in poor generalization
performance of RL. However, in the HEM problem,
the RL agent encounters various scenarios due to the
change in power consumption habits caused by differ-
ent residents and the change in PV power generation
caused by seasonal switching. The generalization
performance is critical for the scheduling schemes.
An intuitive approach is to provide two completely
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independent networks, representing the value net-
work and the policy network, as shown in Fig. 2.

Policy network
Afs, a)
Value network

o Vo)

: Decoupled policy and
|_value networks in DA2C

(a) (b)

Fig. 2 Comparison of decoupled architecture in DA2C
(a) and shared architecture in PPO (b) (DA2C: de-
coupled advantage actor-critic; PPO: proximal policy
optimization)
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Nevertheless, due to the inaccessibility of the
policy network to the gradients from the value func-
tion, the agent struggles to learn the optimal pol-
icy effectively and suffers from worse training perfor-
mance compared with approaches using shared net-
work (Cobbe et al., 2021). In fact, the learning pro-
cess of the policy network rests largely on gradients
from the value function for the reason that gradients
from the policy function are drastically sparse and
show high variance (Raileanu and Fergus, 2021). On
the contrary, gradients from the value function are
denser and less noisy. Accordingly, an auxiliary loss
consisting of the advantage is introduced to guide
the training of the policy network, which is a relative
measure of the action value. Moreover, it is worth
emphasizing that networks of the RL agent should be
relatively shallow to ensure fast fitting in the HEM
problem compared with deeper networks in the field
of image processing. Besides, larger networks are
not accepted because excessive redundant parame-
ters may aggravate overfitting (Ota et al., 2020).

In detail, we use two separate networks to rep-
resent the policy function and the value function, as
depicted in Fig. 3. The policy network is parame-
terized with @, which is trained to learn the optimal
scheduling policy 7y (s;) and the advantage function
Ag(st,at). The value network is parameterized with
¢ and is adopted to predict the value function Vi (s;).
Then, the objective of the policy network and the loss
of the value network are depicted as follows:

The objective of the policy network is repre-
sented by the following expression:

JDA2C (9) = ‘]71'(9) + chﬂ'(e) - paLA(9)7 (10)

Shared policy and value

Action: {APSH, P2V}

Smart home | State
environment | s,

Policy network - i
my(°|s) ————— E (6) :

Als, a) L,(©) i
Value network =

t J (6
V,(5) )
Reward

L
I ' Update i

Fig. 3 Decoupled advantage actor-critic (DA2C)
algorithm

where J.(f) is the policy gradient objective, as
shown in Eq. (11). It is the same as the objective in
the classic proximal policy optimization (PPO) algo-
rithm (Schulman et al., 2017). E.(0) is the entropy
used to encourage exploration, L4(6) is the auxil-
iary advantage loss, providing a useful gradient for
training the policy network, and p. and p, represent
the weights corresponding to the importance of the
entropy F,(6) and the loss L 4(0), respectively.

Specifically, the policy gradient objective is de-
fined as follows:

Jx(0) =E[min (p.(6) Ay, Clip(pi(6),

I "

o (at|se)

iy A = T
is the advantage function estimated with ¢, =
re + YV (s1+1) — Vip(s¢) computed from the value
network.

where pi(0) =

The auxiliary advantage loss is presented as

La(6) = E(Ag(si,ar) — Ar)?, (12)

where Ag(s¢,a;) is one of the policy network’s
outputs.

The loss of the value network is represented by
the following expression:

Ly () = E:(Vy(se) = V2)*, (13)

where Vi, (s¢) is the output of the value network, and
Vt = Zgzt 'yk_trk is the total discounted reward ob-
tained during the corresponding episodes after time
slot t.

Since two separate networks are used to learn
the policy and value functions, the learning process
of each network can be decoupled and different up-
dating frequencies are allowed. It has been found
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that the value network allows for larger amounts of
sample reuse than the policy network (Cobbe et al.,
2021). Hence, it is worth exploring whether updat-
ing the value network for every n updates of the pol-
icy network contributes to better performance and
training stability. The pseudo-code of the proposed
DA2C is displayed in Algorithm 1.

4 Experiments and results

The effectiveness of the proposed DA2C ap-
proach in HEM is verified in scheduling tasks of var-
ious residents with different electricity preferences.
Moreover, the generalization to unseen scenarios of
the learning algorithm is confirmed. In this section,
the experimental setup is described first. Then, the
optimization results and generalization performance
compared with other approaches are verified, and the
corresponding discussion is provided. Finally, the
analysis of the hyperparameters is shown, including
the value of n and the trade-off between electricity
cost and residential comfort level.

4.1 Experimental setup

For the evaluation of the proposed HEM scheme,
the dataset and the hyperparameters are first pre-
sented in this part. We consider the energy schedul-
ing of intelligent appliances and EVs during one day,
with 30 min as one time slot, such that the time hori-
zon T is 48. The dataset consists of four randomly se-
lected residents in the Australian grid, who are billed
on a domestic tariff and have a gross metered solar
system installed from July 1, 2010, to June 30, 2013
(Ausgrid, 2014).
tion data of household appliances and PV power
generation data are also obtained from the above
dataset. The time-of-use electricity prices have been
obtained from Zhou (2020), which are different in
the off-peak, shoulder, and on-peak periods, and the

The real-world power consump-

division of time periods is different in summer and
winter. Other parameters concerning the RL algo-
rithm are reported in Table 1. Both the policy net-
work and the value network consist of three fully
connected layers, each with 100 neurons. It is worth
noting that 10 trials are implemented for each of the
experiments, and the experiments are implemented
on Python 3.6.13 with the machine learning package
PyTorch 1.8.1.
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Algorithm 1 Decoupled advantage actor-critic
(DA20C)

1: Initialize: parameters 6 of the policy network and

1 of the value network

2: Input: s; = {\;, PFY, PYL, PPY E5°C)
3: Onput: a; = {APSE, PEV}
4: while i < N, do
5. Collect D = {(s¢, as,7t, St+1) Yip1 using 7(6)
6:  Compute the value and advantage targets V; and
/lt for all state s;
7 while j. < N, do )
: LA(Q) = Et (A@(St,at) - At)
9: Jpazc(f) = Jx(0) + peEr(0) — paLa(0)
10: 0 < argmax,Jpazc
11: I+ 1

12: end while
13:  if i%n == 0 then

14: while jy < Ny do )
15: Ly (¥) = By (V¢(st) - w)
16: ¥ < argmin, Ly

17: Jjv+1

18: end while

19:  end if

20: i+1

21: end while

Table 1 List of hyperparameters used in the proposed
DA2C approach

Hyperparameter Value
ol 0.999
Pe 0.01
Pa 0.25
Ng 1
Ny 9
n 1
Nep 500
Learning rate 5e-4
Optimizer Adam

4.2 Performance comparison

In this case, an HEM scheme for different resi-
dents with different electricity preferences is designed
to verify the generalization performance of the pro-
posed approach under dynamic electricity prices in
different seasons. We first divide the scheduling tasks
of different residents into the training and test tasks.
Specifically, the data from residents 1-3 are used for
training, while the data from resident 4 are used
for test. Besides, the generalization performance
The schedul-
ing tasks during spring, summer, and autumn are
viewed as training tasks, and scheduling in winter

is verified with cross-seasonal tasks.
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is the test task. The proposed approach is com-
pared with several benchmarks, such as PPO (Li
HP et al., 2020a), invariant decoupled advantage
actor-critic (IDAAC) (Raileanu and Fergus, 2021),
and attention-based partially decoupled actor-critic
(APDAC) (Nafi et al., 2022). Besides, to verify the
efficacy of the state and reward definitions in the
proposed MDP, we compare the proposed MDP with
different MDP formulations (Xu et al., 2020).

The method is first tested over resident 4 when
the agent is trained over residents 1-3. The general-
ization performance can be verified due to the differ-
ences in power consumption mode and time among
different residents. Table 2 shows the training and
test performances of different approaches. DA2C
outperforms all the methods on both training and
test tasks.
performances on tasks from different residents, where

Fig. 4 illustrates the training and test

the average (dark line) and the standard deviation
(shaded area) are shown. We show comparisons be-
tween the RL algorithms: PPO, IDAAC, and AP-
DAC. Our approach, namely DA2C, shows superior
results on the training level, relative to the other
three methods. In addition, DA2C achieves compa-
rable performance on the test level for the schedul-
ing tasks of resident 4, which further illustrates the
superiority of the decoupled policy and value net-
works in enhancing optimization and generalization
performances.

Moreover, we define the MDP formulation in Xu
et al. (2020) as MDP 1, whose system states, ac-
tions, and reward functions are different from those
of ours. Obviously, the averaged cost we compared is
directly related to the reward function, so we define
MDP 2 with the same reward function as our MDP,
the same system states and actions as those in Xu
et al. (2020). Table 2 demonstrates the efficacy of our
MDP. Comparing the results of MDP and MDP 2,
it can be found that the system state and action
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definitions are reasonable and effective since lower
cost is achieved with the same algorithm. Results of
MDP 1 are better than those of MDP, because the
dissatisfaction cost in MDP 1 is related only to the
upper bound of energy consumption. In our MDP,
the dissatisfaction cost is more comprehensive, in-
tegrating uncertainties such as driver’s experience,
unexpected events, and traffic conditions, which also
leads to higher costs. As shown in Fig. 5, our pro-
posed method achieves the best performance in most
problems, except for the training process of MDP 1,
which also verifies the effectiveness of our method in
dealing with generalizable HEM problems.

Besides, we compare the total cost during differ-
ent seasons, and the agent is tested over winter while
being trained over spring, summer, and autumn. The
appliances in home energy systems are operated dif-
ferently in different seasons, such as the heating,
ventilation, and air conditioning (HVAC) systems
operating in the cooling mode in summer and the
heating mode in winter. Table 3 shows the training
and test performances of different approaches and re-
veals that DA2C outperforms the other methods on
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Fig. 4 Comparison of different methods in terms of
training (a) and test (b) performances on tasks from
different residents

Table 2 Comparison of different methods and different Markov decision processes (MDPs) in terms of training

and test performances on tasks from different residents

Training cost (x10% A$)

Test cost (A$)

Method

MDP MDP 1 MDP 2 MDP MDP 1 MDP 2
PPO 15.4547.08 9.31+6.40 17.984+10.53 59.87+£24.65 60.67+34.72 65.564+21.27
IDAAC 14.9349.35 10.014+7.80 14.12 4+ 7.67 62.57+25.38 51.70+23.76 58.92+22.38
APDAC 14.58+8.86 13.5148.32 15.17 4+ 6.63 64.13+£21.25 43.33£18.01 68.32423.20
DA2C 13.31+7.40 9.90+4.88 13.90+7.72 58.33+25.72 42.76+18.80 60.87420.64

Results in bold and cells colored gray denote the best and the second best, respectively
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both training and test tasks. The average (dark line)
and standard deviation (shaded area) are depicted in
Fig. 6 to illustrate the outstanding performance on
tasks from different seasons.

4.3 Analysis of hyperparameters

In this part, we first search for a hyperparame-
ter of the number of value updates, after which we
perform a policy update n € {1,8,32}. The results
are presented in Fig. 7, and n = 1 is found to be the
best hyperparameter.
to obtain the results reported in the paper.

To further demonstrate the trade-off between
electricity cost and residential comfort, we change
the values of 1, B2, and 3 to show the preference
of reducing electricity cost and comforting residents.
Higher B3 and (3 means that the residents prefer

Therefore, we use this value

comforting themselves. In contrast, higher 3 reveals
higher cost sensitivity and higher tolerance for dis-
comfort. The numerical results obtained from resi-
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dents with different preferences are shown in Table 4.
It is intuitive that residents with higher cost sensi-
tivity have lower total cost and those with higher
comfort requirements need to pay more fees. Fig. 8
reflects the fact that the cost reduces along with the
increase of (.
comforting themselves, as shown by the blue and red

Besides, when the residents prefer

dotted lines in Fig. 8, the total cost even increases
with the increase of the episodes, which is the cost
that must be paid to improve the comfort level.

5 Conclusions

In this paper, a data-driven intelligent opti-
mization approach is proposed to achieve optimal
energy management of smart home systems, by ap-

propriately scheduling the charging operation of EVs

Table 3 Comparison of different methods in terms of
different seasons

Test with our
MDP (AS$)

57.76£20.36

56.07+21.97

71.35429.36
55.09 4 17.29

Training with our

Method MDP (x102 AS)

PPO
IDAAC

16.26+5.40

17.67£9.36

APDAC 14.26+£4.19
DA2C 11.27 £+ 5.00

Best results are in bold
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tial comfort level (References to color refer to the
online version of this figure)
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Table 4 Trade-off between electricity cost and resi-
dential comfort level

B1:B2: B3 Cost (x10%A$)
8:1:1 13.31£7.40
6:2:2 15.89+7.43
4:3:3 16.32+3.96

and the energy consumption of household appliances.
First, an improved mathematical model is designed
to quantify EVs’ energy demand more practically
and completely, where driver’s experience, unex-
pected events, and traffic conditions are integrated.
Second, a novel RL-based DA2C approach is devel-
oped to alleviate the overfitting problem and enhance
generalization performance by decoupling the policy
and value networks. Moreover, a set of experiments
carried out on practical data from the Australian grid
verify the performance and generalization ability of
the proposed approach for the HEM problem. In
our future work, we plan to extend the approach to
more complex large-scale energy systems with mul-
tiple uncertainties (Liu ZT et al., 2022, 2023; Zhang
HF et al., 2022), such as smart home systems with
HVAC and combined cooling heating and power sys-
tems. Moreover, privacy preservation is an interest-
ing topic in energy systems, which not only guaran-
tees the privacy of residential information but also
contributes to cyber-physical security (Li JH, 2018;
Mao et al., 2021; Wang AJ et al., 2022).
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