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Abstract—In this paper, an adaptive dynamic programming
(ADP) based method is developed to optimize electricity consumption of rooms in ofﬁce buildings through optimal battery management. Rooms in ofﬁce buildings are generally divided into ofﬁce
room, computer room, storage room, meeting room, etc., each of
which has different characteristics of electricity consumption, as
divided into electricity consumption from sockets, lights and airconditioners in this paper. The developed method based on ADP
is elaborated, and different optimization strategies of electricity
consumption in different categories of rooms are proposed in
accordance with the developed method. Finally, a detailed case
study on an ofﬁce building is given to show the practical effect
of the developed method.

I.

I NTRODUCTION

Over the past years, humans have become increasingly
dependent on electricity both in life and work. The constantly
rising cost, growing environmental pollution and severe resource shortage have posed new opportunities and challenges
to the development of efﬁcient control and management strategies of energy consumption. Recently extensive research
has been conducted in both theory and practice. In [1], a
distributed energy control algorithm was proposed for energy
consumers to control their energy consumption. Cau et al.
[2] presented a novel energy management strategy to control
an isolated microgrid powered by a photovoltaic array and a
wind turbine and equipped with two different energy storage
systems. In [3], a system involving renewable energy for
smart home energy management was developed to optimize
home energy consumption. With in-depth development of
smart grid, increasing intelligence is required in the design
of efﬁcient energy management systems. Therefore, optimal
battery management becomes an important approach to saving
expense on power in smart grid.
Proposed by Werbos [4], [5], adaptive dynamic programming (ADP) [6], [7] has been veriﬁed with strong ability to
solve the optimization problem of complex non-linear systems
by means of its strong self-learning capacity. The method of
ADP circumvents the “curse of dimensionality” in dynamic
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programming (DP) by using the forward-in-time approach
to solve the Hamilton-Jacobi-Bellman equation [5]. Recent
years witnessed extensive research on ADP [9]–[11]. In [5],
ADP was divided into four major schemes, i.e., heuristic
dynamic programming (HDP), action-dependent heuristic dynamic programming (ADHDP), dual heuristic dynamic programming (DHP) and action-dependent dual heuristic dynamic
programming (ADDHP). In [8], two more schemes of ADP
were proposed, namely globalized dual heuristic dynamic
programming (GDHP) and action-dependent globalized dual
heuristic dynamic programming (ADGDHP). As one of the
typical schemes of ADP, ADHDP has been effectively used in
optimal battery control of home energy management systems
[12], [13], in which renewable resources, including wind and
solar energies, were introduced into the energy systems.
However, most of previous research on management of energy consumption based on ADP has been focused on residential energy systems [12]–[16], rather than energy consumption
in ofﬁce buildings. Nevertheless, as a signiﬁcant component of
urban structure, ofﬁce buildings take up a great proportion of
social energy consumption, in which electricity consumption
plays the key role. Moreover, with the rapid development
of electricity storage technology, optimal management based
on electricity storage has been widely concerned [17], [18].
Therefore, it is of great importance to improve the electricity
consumption of ofﬁce buildings based on electricity storage.
In our previous work [19], a data-driven classiﬁcation
method based on echo state network (ESN) is developed to
classify rooms in ofﬁce buildings into different categories, including ofﬁce room, computer room, storage room and meeting
room. Hence, it is necessary to further develop corresponding
optimization strategies to improve the electricity consumption
of rooms in ofﬁce buildings in accordance with different
characteristics of different categories of rooms and therefore
save the total expense on electricity from the power grid. As
far as we know, no research has been conducted in this respect,
which motivates our research.
The rest of the paper is arranged as follows. Problem
formulation of the electricity consumption management system
of a room in an ofﬁce building is given in Section II. The
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developed optimization algorithm of electricity consumption
based on ADP is elaborated in Section III. In Section IV, a
detailed case study is presented to show the effectiveness and
superiority of the developed algorithm. Finally, the conclusion
is drawn in Section V.
II.

P ROBLEM F ORMULATION

In this section, the electricity consumption management
system of a room in an ofﬁce building is described, and the
optimization target is presented.

B. Optimization Target
In this paper, electricity ﬂow from the battery to the power
grid is forbidden, i.e., Pg (t) ≥ 0 is deﬁned as electricity
from the grid. To facilitate our analysis, a 1-hour delay is
introduced in Pb (t) and PL (t), where PL (t) denotes electricity
demand at time t with PL (t) = PLs (t) + PLl (t) + PLa (t),
where PLs (t), PLl (t) and PLa (t) denote electricity demand
from sockets, lights and air-conditioners, respectively. Then
the demand balance equation is expressed as

PL (t − 1) = Pb (t − 1) + Pg (t),
A. Electricity Consumption Management System of a Room in
an Ofﬁce Building
%DWWHU\ 6\VWHP
%DWWHU\

(3)

which indicates that the electricity supply (from the battery
and the power grid) shall necessarily balance the electricity
demand at each hour. It is also assumed that electricity from
the grid is enough to satisfy the electricity demand.
Given the electricity demand and price, the optimization
target of electricity consumption is to obtain the optimal
charging/discharging/idle strategy of the battery at each time
step to minimize the total performance index function
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Fig. 1. Electricity consumption management system of a room in an ofﬁce
building.

As shown in Fig. 1, the electricity consumption management system of a room in an ofﬁce building consists of the
power grid, a battery system (composed of a battery and an
inverter), a power management unit and electricity demand, in
which the electricity demand is divided into electricity demand
from sockets, lights and air-conditioners for a typical room in
an ofﬁce building.
Based on [12], the model of the battery applied in this
paper is described as

(1)

where Eb (t) denotes the energy of the battery at time t with
a time step of 1 hour, Pb (t) denotes the output power of the
battery, while Pb (t) > 0 denotes battery discharging, Pb (t) <
0 denotes battery charging and Pb (t) = 0 denotes an idle state
of the battery. The charging/discharging efﬁciency η(Pb (t)) of
the battery can be derived as

η(Pb (t)) = 0.898 − 0.173|Pb (t)|/Prate ,
where Prate denotes the rated output power of the battery.
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C(t) × Pg (t)

(4)

t=0

(OHFWULFLW\ 'HPDQG

Eb (t + 1) = Eb (t) − Pb (t) × η(Pb (t)),

∞


(2)

while meeting the demand balance equation (3) and other
relevant conditions. JT refers to the total expense from the
grid incurred over time. Let x1 (t) = Pg (t), x2 (t) = Eb (t)
and u(t) = Pb (t), the equation of the electricity consumption
management system can be derived as

x(t + 1) = F (x(t), u(t), t) =

PL (t) − u(t)
x2 (t) − u(t)η(u(t))


,
(5)

where x(t) = [x1 (t), x2 (t)]T .
Adaptive dynamic programming (ADP), which solves dynamic programming (DP) by approximating optimal solutions,
can be applied to obtain the optimal control u∗ (t) of the
above nonlinear system. Furthermore, given the optimal control u∗ (t), we can calculate u∗s (t) = γs (t) · u∗ (t), u∗l (t) =
γl (t) · u∗ (t) and u∗a (t) = γa (t) · u∗ (t), to satisfy the electricity
demand from sockets, lights and air-conditioners, respectively,
where γs (t) = PLs (t)/PL (t), γl (t) = PLl (t)/PL (t) and
γa (t) = PLa (t)/PL (t).
III.

O PTIMIZATION A LGORITHM OF E LECTRICITY
C ONSUMPTION BASED ON ADP

In this section, the optimization algorithm of electricity
consumption based on ADP is developed to ﬁnd optimal
control strategies for the electricity consumption management
system of a room in an ofﬁce building.
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A. Adaptive Dynamic Programming
In accordance with Bellman’s principle of optimality [20],
the method of dynamic programming is applicable to obtaining
optimal control actions to solve complex and nonlinear optimization problems. Given the discrete-time nonlinear system
in (5), where x(t) denotes the state vector, u(t) denotes the
control vector, and F (·) denotes the system function, the
performance index function (4) of the system can be derived
as

J[x(t), t] =

∞


γ l−t U [x(l), u(l), l],

(6)
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A typical scheme of ADHDP.

l=t

where U [x(l), u(l), l] = C(l) · x1 (l) is the utility function,
γ is the discount factor satisfying 0 < γ ≤ 1, while J
depends on the initial state x(l) and the initial time l. Dynamic
programming aims to obtain a series of control actions u(l),
l = t, t + 1, · · · , which minimize the performance index
function in (6). Based on Bellman’s principle of optimality
[20], the optimal performance meets the Hamilton-JacobiBellman (HJB) equation as follows

where x(t) is the state vector and u(t) is the control vector.

J ∗ [x(t), t] = min(U [x(t), u(t), t] + γJ ∗ [x(t + 1), t + 1]).

Q(t − 1) = U (t) + γQ(t)
= U (t) + γ[U (t + 1) + γQ(t + 1)]
= ···
∞

=
γ l−t U (l).

ul

(7)

The optimal control u∗ (t) at time t which achieves the
minimum cost is given by

Q(t) = Q[x(t), u(t)],

(10)

If Eq (t) = 0 at all time t, it is impled by (9) that

(11)

l=t

By comparing (6) and (11), we have Q(t − 1) = J[x(t), t].
u∗ (t) = arg min(U [x(t), u(t), t] + γJ ∗ [x(t + 1), t + 1]).
ul

(8)

ADP is a method based on the iteration between policy improvement and value approximation of dynamic programming
solutions. In general, four major schemes of ADP are available,
i.e., heuristic dynamic programming (HDP), dual heuristic
programming (DHP) and their action-dependent versions. The
scheme of ADP concerned in this paper is named actiondependent heuristic dynamic programming (ADHDP), where
the model network is not explicitly required in the design.
Next, the design of ADHDP will be elaborated.
B. Action-Dependent Heuristic Dynamic Programming
To solve the optimal control problem concerned in this
paper, the method of ADHDP is adopted, because an explicit
model network is not required. Fig. 2 shows a typical scheme
of ADHDP, in which the critic network is trained to minimize
the following error:
Eq =


t

Eq (t) =



[Q(t − 1) − U (t) − γQ(t)]2 ,

(9)

t

where Q(t) denotes the output of the critic network at time
t, and the critic network follows the input-output relationship
denoted by

Based on the error function (9), the critic network is trained
with the forward-in-time approach as follows.
Given the output target Q(t − 1) = U (t) + γQ(t), the critic
network is trained at time t − 1. That is, the critic network is
trained to achieve the mapping as follows


x(t − 1)
u(t − 1)


→ {Q(t − 1)} ,

(12)

where x(t − 1) and u(t − 1) denote the input of the network
and Q(t − 1) denotes the output of the network. The target
output for the network training is calculated with the output
at time t as presented in (12). The objective of approximating
the mapping denoted by (12) is to satisfy the output of the
critic network as
Q(t − 1) ≈ U (t) + γQ(t),

(13)

which is required by (11) for approximation of solutions to
dynamic programming.
After the training of the critic network is completed, the
action network is then trained to obtain the control action
u(t) which minimizes the output of the critic network Q(t).
Therefore, the action network is trained to achieve the mapping
as follows
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{x(t)} → {u(t)},

(14)

where u(t) denotes the target output of the action network.
As shown in Fig. 2, the action network is linked to the critic
network during the process of training.
After the training of the action network is completed, the
performance of the system is checked to terminate or continue
the training by returning to the training of the critic network
if the performance is unsatisfactory.
IV.

C ASE S TUDY

In this section, a detailed case study is given to illustrate
the effectiveness and superiority of the developed method. The
case study is based on an ofﬁce building in one of our practical
applications. The building is composed of 14 ﬂoors in total,
each of which contains 6 rooms. The entire building adopts a
central air-conditioning system, where each room is allowed to
control air-conditioning by several switches. The data of each
room are divided into electricity consumption from sockets,
lights and air-conditioners, which are respectively measured
on site by three electricity meters.
In our previous work [19], a data-driven classiﬁcation
method based on echo state network (ESN) is developed to
classify rooms in ofﬁce buildings into different categories,
including ofﬁce room, computer room, storage room and
meeting room. Based on the results in [19], we apply the
method developed in this paper to optimize the electricity
consumption of each room by installing a battery in each
room (if necessary), so as to reduce the expense on electricity
from the power grid. For the reason that stepped electricity
price rather than real-time electricity price is implemented in
China, we refer to typical real-time electricity price in nonsummer seasons in the United States from ComEd Company
in [22]. Combined with the real-time electricity price shown in
Fig. 3, results of different categories of rooms are respectively
presented as follows.
A. Ofﬁce Room
As given in [19], Room 3 on the 4th ﬂoor is an ofﬁce
room. Based on the electricity demand and real-time electricity
price in 5 working days, the electricity consumption of the
ofﬁce room is optimized with the developed method based
on ADHDP, and optimal control strategies of the battery are
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Fig. 4. Electricity management of the ofﬁce room. (a) Electricity management
of sockets in 5 working days. (b) Electricity management of lights in 5 working
days. (c) Electricity management of air-conditioners in 5 working days.

shown in Fig. 4. We can see that all the three types of
electricity consumption present a typical “double-peak” characteristic, namely, all the three types of electricity consumption
reach their peak values in mid-morning around 11:00 and
mid-afternoon around 16:00 on a working day, and achieve
a low point at noon since part of personnel working in the
ofﬁce room usually go out for lunch then, who may switch
off some of their electrical appliances using sockets, turn off
some of the lights or adjust the temperature set for the airconditioners, while some others who have their lunch inside the
rooms may still consume some electricity. After optimization
by the developed method, the control strategies for all the
electricity demand in three types follow the same pattern
given a similar pattern of demand, i.e., the battery is generally
charged when the electricity price is low during a day and
discharged to satisfy the demand when the electricity price is
high. In addition, the total expense on electricity from the grid
in the ofﬁce room for 5 days is originally 262.78 cents and
reduced to 209.07 cents after optimization with a total saving
of 20.44%.
B. Computer Room
For the computer room of Room 4 on the 6th ﬂoor, which
contains some hosts, servers, switches and other computer
equipments, the electricity consumption of the room is optimized with the developed method based on the electricity
demand and real-time electricity price in 5 working days, and
optimal control strategies of the battery are shown in Fig.
5. We can see that the most remarkable difference of the
curves from those of the ofﬁce room above is indicated by the
curve of electricity consumption from sockets, which almost
remains unchanged during a whole working day, since all the
computer equipments using sockets in the room require stable
running in 24 hours. However, both of the curves of electricity
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the electricity price is low during a day. In addition, the total
expense on electricity from the grid in the storage room for
5 days is originally 315.17 cents and reduced to 243.69 cents
after optimization with a total saving of 22.68%.

(OHFWULFLW\ N:

consumption from lights and air-conditioners are almost in the
same form as those in the ofﬁce room, with “double-peak”
characteristic speciﬁcally, due to the similar working schedules
of personnel in the computer room. After optimization by
the developed method, except similar control strategies for
electricity demand from lights and air-conditioners, the battery
in the computer room is charged more intensely when the
electricity price is low given the stable electricity demand from
sockets. Moreover, the total expense on electricity from the
grid in the computer room for 5 days is originally 362.71
cents and reduced to 285.14 cents after optimization with a
total saving of 21.39%.
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Fig. 6. Electricity management of the storage room. (a) Electricity management of sockets in 5 working days. (b) Electricity management of lights in
5 working days. (c) Electricity management of air-conditioners in 5 working
days.
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Fig. 5.
Electricity management of the computer room. (a) Electricity
management of sockets in 5 working days. (b) Electricity management of
lights in 5 working days. (c) Electricity management of air-conditioners in 5
working days.

C. Storage Room
Room 3 on the 13th ﬂoor is a storage room, where articles
requiring a constant temperature for storage, are stored. Similarly, with a same battery installed, the optimization method
based on ADHDP is implemented to improve the electricity
consumption in the storage room, and optimal control strategies of the battery in 5 working days are shown in Fig. 6. It
can be seen that all the three curves display entirely different
characteristics, none of which still takes on the “doublepeak” characteristic, but the electricity consumption from airconditioners keeps at a constant level due to the special storage
requirements of articles stored inside, while the curves of both
two other types of electricity consumption are close to zero for
the reason that nobody regularly works in the storage room.
Given almost no electricity demand from sockets and lights
in the storage room, the output of the battery is not linked
to the two demands but only satisﬁes the demand from airconditioners, and given the similar stable demand from airconditioners, the battery is intensely charged as well when

D. Meeting Room
Finally, the meeting room of Room 5 on the 8th ﬂoor is
chosen. Since the meeting room is occasionally used without a
ﬁxed pattern, all the three demands of electricity consumption
are close to zero except when meetings are held inside the
room. Therefore, it is unnecessary to install a battery in
the room and therefore the optimization method becomes
meaningless. In other words, the cost of installing batteries
in rooms classiﬁed as meeting rooms in the ofﬁce building
can be saved.
E. Expense Comparison
To evaluate the superiority of the developed method, we
compare it with the particle swarm optimization (PSO) algorithm [14] with respect to expense on electricity from the grid
in the above-mentioned ofﬁce room. In the PSO algorithm,
each particle naturally moves to an optimal or near-optimal
position. Initialized by the swarm size of G, the position
of each particle denoted by x (t),  = 1, 2, . . . , G and the
movement denoted by the velocity vector v (t), the update
rule of the PSO algorithm is expressed as
x (t) = x (t − 1) + ν (t),
ν (t) = ων (t − 1) + φ1 ρT1 (p − x (t − 1))
+ φ2 ρT2 (pg − x (t − 1)),
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Fig. 7. Real-time expense comparison between ADHDP and PSO algorithms.

where the inertia factor ω = 0.7, the correction factors ρ1 =
ρ2 = [1, 1]T , φ1 and φ2 are randomly initialized in [0, 1], p
denotes the best position of particles and pg denotes the global
best position. The comparison of real-time expense between
ADHDP and PSO in 5 working days is shown in Fig. 7, and the
comparison of total expense within the same period is shown
in Table I, which demonstrates the superiority of the ADHDP
algorithm concerned in this paper.
TABLE I.
Total expense (cents)
Savings (%)

T OTAL E XPENSE C OMPARISON
Original
262.78

V.

PSO
220.10
16.24

ADHDP
209.07
20.44

C ONCLUSION

Based on a practical ofﬁce building, where rooms are
classiﬁed into ofﬁce room, computer room, storage room and
meeting room [19], and electricity consumption in each room
is divided into electricity consumption from sockets, lights and
air-conditioners, and combined with real-time electricity price,
an optimization method based on action-dependent heuristic
dynamic programming (ADHDP) is developed to improve the
electricity consumption of each category of room by means
of optimal battery management, thus saving the total expense
on electricity from the power grid. The developed method is
elaborated, and neural networks are employed to implement
the method. Finally, practical effect of the developed method
is presented with a case study on an ofﬁce building.
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