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Abstract—Energy consumption of an office building is gener-
ally divided into energy consumptions from sockets, lights and
air-conditioners, which are measured in each room of the office
building by three ammeters installed inside, respectively. On
the other hand, an office building generally consists of several
types of rooms, i.e., office rooms, computer rooms, storage
rooms, meeting rooms, etc., the energy consumption of which
varies in accordance with different working routines in each
type of room. In this paper, several novel reservoir topologies
of echo state network (ESN) are proposed, and ESNs with
different reservoir topologies are applied to predicting energy
consumption of rooms in an office building. A case study shows
that the proposed simplified reservoir topologies are sufficient
to achieve outstanding performance of ESN in the prediction
of building energy consumption.

I. INTRODUCTION

W ITH increasing population and rapid economic de-

velopment in recent years, energy consumption has

been constantly rising across the world, thereby resulting

in a large number of environmental problems, including air

pollution, water contamination, greenhouse effect, etc. [1].

For energy consumption, buildings have become a focus of

energy policy and decision making [2]. In order to develop

policies to effectively reduce building energy consumption,

it is important to establish accurate prediction of building

energy consumption. During the past decades, a variety of

techniques were applied to the prediction of building energy

consumption, e.g, neural networks [3], clustering analysis

[4], support vector machine [5], etc. Among existing pre-

diction methods, neural networks, which were widely used

in nonlinear time-series prediction, were most extensively

applied to the prediction of building energy consumption

[6]–[9]. However, conventional neural networks have sev-

eral drawbacks, such as the requirement of various training

parameters, difficulty in obtaining stable solutions, and lack

of generalization. Moreover, their training is time-consuming

and may be trapped in local minima.

As a new type of neural network proposed by Jaeger

et al. [10], [11], echo state network (ESN) attracted great

attention among researchers in the past years [12]–[20]. ESN

utilizes the dynamics created by a huge randomly created

layer of recurrent units called reservoir, and only connections
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between the reservoir and the output layer are modified

in the learning process, thus avoiding many shortcomings

of traditional neural networks. The past decades witnessed

extensive studies on ESN both in theory and practice. The-

oretical studies on ESN focused on reservoir optimization

mainly carried out from structure improvement [12], [13]

and parameter selection [14], [15]. On the other hand, ESN

has achieved wide practical applications in various fields,

including chaotic time-series prediction [16], [17], dynam-

ic pattern recognition [18], speech recognition [19], noise

modeling [11] and adaptive complex signal filtering [20].

Inspired by [13], several simplified reservoir topologies

of ESN are proposed in this paper, and then ESNs with

these different reservoir topologies are applied to the pre-

diction of building energy consumption, which fully utilizes

the remarkable performance of ESN in chaotic time-series

prediction.

The rest of the paper is organized as follows. Basic

knowledge on ESN is given in Section II. Several different

reservoir topologies of ESN are proposed in III, and related

parameters of the topologies are described. In Section IV,

a detailed case study is given to show the performance of

the proposed topologies. Finally, the conclusion is drawn in

Section V.

II. PRELIMINARIES OF ESN

As shown in Fig. 1, ESN is a discrete-time recurrent

neural network composed of an input layer, a reservoir and

an output layer. The reservoir contains a large number of

interconnected dynamic units, which are called reservoir

units in this paper. The output layer is a memoryless linear

readout trained to generate the output.

Fig. 1. Basic structure of ESN.
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It is assumed that an ESN has K input units, N reservoir

units and L output units. Activations of the input, reservoir

and output units at time step t are denoted by st, xt and

ot, respectively, where st ∈ RK , xt ∈ RN and ot ∈ RL.

Connections between input units and reservoir units are

collected in an N × K weight matrix W in, connections

between reservoir units are collected in an N × N weight

matrix W , while connections between reservoir units and

output units are collected in an N × L weight matrix W out.

Therefore, the activation of reservoir units is updated as

xt = f(W in · st +W · xt−1), (1)

where f is the activation function of the reservoir. The linear

output is calculated as

ot = (W out)T · xt. (2)

Elements of W in and W are randomly initialized from a

continuous probability distribution before training.

We adopt the mean square error (MSE) to train and

evaluate the training effect of ESN, i.e.,

MSE =
1

M

M∑

t=1

‖ôt − ot‖2 (3)

where ôt is the network input, ot is the target output, M is the

number of training samples, and ‖·‖ denotes the Euclidean

norm.

During the training of ESN, W in and W are fixed, and

only W out is tuned. Therefore, given M training samples and

based on (1) and (2), we can obtain the following equation

H W out = O, (4)

where the matrix H called reservoir output matrix is con-

structed as

H (win
1 , · · · , win

N , w1, · · · , wN ,

s1, · · · , sM , x0, · · · , xM−1)

=

⎡

⎢⎣
f(win

1 · s1 + w1 · x0)
...

. . .

f(win
1 · sM + w1 · xM−1)

f(win
N · s1 + wN · x0)

...

f(win
N · sM + wN · xM−1)

⎤

⎥⎦

M×N

, (5)

and

W out =

⎡

⎢⎣
(wout

1 )T

...

(wout
N )T

⎤

⎥⎦

N×L

, and O =

⎡

⎢⎣
oT1
...

oTM

⎤

⎥⎦

M×L

. (6)

We can calculate the minimum norm least-square solution

of the linear system (4) as the output weight matrix of ESN,

Ŵ out = H †O, (7)

where H † is the Moore-Penrose generalized inverse of

matrix H [21], [22].

III. SEVERAL RESERVOIR TOPOLOGIES

In this section, apart from the traditional ESN reservoir

described in Section II, six simplified reservoir topologies as

follows are proposed, as shown in Fig. 2, where DLR, DLRB

and SCR are given in [13]. We aim to compare the newly

proposed topologies with existing ones with respect to per-

formance in the prediction of building energy consumption.

1) Non-connected reservoir (NCR): composed of reser-

voir units, none of which are connected with each other, i.e.,

all the elements in the reservoir weight matrix W are zero.

Specifically, it is exactly the same as the well-known back-

propagation (BP) neural network.

2) Delay line reservoir (DLR): with units arranged in

a line, and only elements on the lower subdiagonal of the

reservoir weight matrix W have non-zero values Wi+1,i = r
for i = 1, · · · , N − 1, where r is the weight of all the

feedforward connections.

3) DLR with feedback connections (DLRB): with the same

structure as DLR, but each reservoir unit is also connected

to the previous one. Elements on the lower and upper

subdiagonals of the reservoir weight matrix W have non-

zero values, i.e., Wi+1,i = r and Wi,i+1 = b, where b is the

weight of all the feedback connections.

4) Simple cycle reservoir (SCR): consisting of units ar-

ranged in a cycle. Elements on the lower subdiagonal and at

the upper-right corner of W are non-zero with Wi+1,i = r
and W1,N = r.

5) Self-feedback DLR (SDLR): besides the same structure

as DLR, each reservoir unit is connected to itself. In addi-

tion to non-zero elements on the lower subdiagonal of W ,

elements on the subdiagonal of W are non-zero as well, i.e.,

Wi,i = d for i = 1, · · · , N , where d is the weight of all the

self-feedback connections.

6) Self-feedback DLRB (SDLRB): structured the same as

DLRB with each reservoir unit connected to itself. Besides

non-zero elements on the lower and upper subdiagonals of

W , the subdiagonal of W has non-zero elements as Wi,i = d.

In the next section, ESN with the above six reservoir

topologies will be applied to the prediction of energy con-

sumption in the rooms of an office building, and the perfor-

mance of different reservoir topologies will be compared.

IV. CASE STUDY

In this section, a detailed case study is given to demon-

strate the performance of ESN with the proposed reservoir

topologies.
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Fig. 2. Reservoir topologies. (a) NCR. (b) DLR. (c) DLRB. (d) SCR. (e) SDLR. (f) SDLRB.

A. Background Introduction

The building concerned in this paper is an office building

with a total of 14 floors with 6 rooms on each floor. The

building settles a certain number of companies engaged in

information technology, each of which rent several rooms and

use them as office rooms, computer rooms, storage rooms,

meeting rooms, etc. Moreover, three ammeters are installed

in each room to measure real-time energy consumption from

sockets, lights and air-conditioners. Given original data of

energy consumption, the data are preprocessed to eliminate

absence, incompleteness, repetition and other defects. Next,

the data at weekends are deleted, and the remaining data are

randomly divided into training data and testing data.

B. Office Room

The original energy consumption of an office room in the

building in 5 working days is shown in Fig. 3, where the ener-

gy consumptions from sockets, lights and air-conditioners are

shown by three curves, respectively. As indicated by Fig. 3,

all the three curves present a periodic property with a typical

“double-peak” characteristic, namely all the three types of

energy 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.

ESNs with different reservoir topologies are established

and then trained with the training data. With a fixed reser-

voir size N each time, network parameters, including input

connection v, feedforward connection r, feedback connection

b and self-feedback connection d, are randomly initialized

within corresponding ranges in each training. After 100 times

Fig. 3. Original energy consumption of the office room in 5 working days.
(a) Energy consumption from sockets. (b) Energy consumption from lights.
(c) Energy consumption from air-conditioners.

of training, we finally calculate the average network output

as the prediction result by the ESNs and regard the average

values of testing data as the real energy consumption. Next,

we calculate the MSE between predicted and real energy

consumptions as the prediction error of the ESNs. The result

of energy consumption prediction in the office room is shown

in Fig. 4, where only the real energy and energy predicted
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Fig. 4. Energy consumption prediction of the office room. (a) Prediction of energy consumption from sockets. (b) Prediction of energy consumption from
lights. (c) Prediction of energy consumption from air-conditioners.

by the newly proposed SDLR and SDLRB are illustrated to

simplify the display. Particularly, the reservoir topology of

NCR, i.e, BP, fails to achieve accurate prediction by using

the training approach in this paper, so related results of NCR

are omitted.

C. Computer Room
Generally speaking, a computer room is equipped with

hosts, servers, switches and other computer equipments. The

original energy consumption of a computer room in the build-

ing in 5 working days is shown in Fig. 5, where the energy

consumptions from sockets, lights and air-conditioners are

shown by three curves, respectively. The most remarkable

difference between the computer room and the office room

above lies in energy consumption from sockets, which basi-

cally remains unchanged during a working day, since all the

computer equipments consuming energy from sockets require

24-hour stable running.
After similar training, where network parameters v, r,

b and d are randomized in each training with a fixed N ,

the result of energy consumption prediction in the computer

room is shown in Fig. 6, which also only includes the real

energy and energy predicted by SDLR and SDLRB.

D. Storage Room
A storage room is generally stored with items requiring

a constant temperature for storage. The original energy

consumption of a storage room in the building in 5 working

days is shown in Fig. 7, where the energy consumption-

s from sockets, lights and air-conditioners are shown by

three curves, respectively. It can be seen that all the three

curves display entirely different characteristics. The energy

consumption from air-conditioners remains constant in view

of special storage requirements of items stored inside, while

the other two curves are close to zero since nobody regularly

works in the storage room.
The energy consumption of the storage room is predicted

with the same approach as above. Since all the three curves

of original energy consumption are stable with few changes,

the prediction results are also stable and therefore omitted.

Fig. 5. Original energy consumption of the computer room in 5 working
days. (a) Energy consumption from sockets. (b) Energy consumption from
lights. (c) Energy consumption from air-conditioners.

E. Meeting Room

Since the meeting room is only occasionally used without

a fixed pattern, all the three types of energy consumption

are close to zero. Therefore, it is unnecessary to predict the

energy consumption in the meeting room.

V. CONCLUSION

In this paper, several simplified reservoir topologies of

ESN are developed and applied to the prediction of energy

consumption in an office building, where rooms are classified

into several types, including office rooms, computer rooms,

storage rooms, meeting rooms, etc. The performance of

ESN with different reservoir topologies is compared. A case

study is given to show the excellent performance of ESN

with the proposed simplified reservoir topologies in energy

consumption prediction of an office building.
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Fig. 6. Energy consumption prediction of the computer room. (a) Prediction of energy consumption from sockets. (b) Prediction of energy consumption
from lights. (c) Prediction of energy consumption from air-conditioners.

Fig. 7. Original energy consumption of the storage room in 5 working
days. (a) Energy consumption from sockets. (b) Energy consumption from
lights. (c) Energy consumption from air-conditioners.
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