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Abstract: In this paper, based on echo state network (ESN), a data-driven method is developed to solve the room

classification problem of office buildings. The developed method is divided into two steps. Given the data of electricity

consumption, which are classified into electricity consumption from sockets, lights and air-conditioners for a typical

room in an office building, the first step is to reconstruct the behavior of electricity consumption in three types by using

three ESNs. The second step is to classify the room into a certain category of office room, computer room, storage room

and meeting room by establishing another ESN. The developed method fully utilizes the outstanding performance of

ESN in chaotic time-series prediction and classification. Practical study on an office building illustrates the accuracy and

effectiveness of the developed method.

Key Words: Data-driven room classification, Office buildings, Electricity consumption, Neural networks, Echo state

network.

1 INTRODUCTION

With the rising cost and short supply of energy, it is ur-

gently necessary to optimize energy management and en-

hance consumption efficiency. In recent years, extensive

research has been conducted in this respect. In [1], the ef-

ficiency of energy consumption in buildings was improved

through integrated scheduling and control of various build-

ing energy supply sources. In [2], M. A. Alahmad et al.

investigated the influence of implementing real-time ener-

gy monitors on the amount of energy consumption in resi-

dential areas. In [3], a distributed energy control algorithm

was proposed for energy consumers to control their energy

consumption. In [4], a novel Q-learning-based method was

proposed to the solve optimal battery management problem

in smart residential environments. In [5], a smart home en-

ergy management system including renewable energy was

developed to optimize home energy consumption.

As a remarkable part of urban structure, office buildings

account for a great proportion of social energy consump-

tion, in which electricity consumption plays the key role.

Therefore, it is important to improve the electricity con-

sumption of office buildings. Generally, an office building

consists of rooms in different categories, including office

rooms, computer rooms, storage rooms, meeting rooms,

etc. Based on different characteristics, different rooms vary

from each other in terms of electricity consumption behav-

ior. In our research, the electricity consumption of rooms in
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61273140, and 61379099, and in part by Beijing Natural Science Founda-

tion under Grant 4132078.

office buildings is divided into three types, namely electric-

ity consumption from sockets, lights and air-conditioners.

To achieve distributed optimal electricity management, it

is necessary to first classify the rooms in an office building

into different categories.

Characterized by strong ability of complex system mod-

eling, neural networks have attracted profound research

and achieved wide applications in recent years, including

noisy speech recognition [6], signal processing [7], fault

diagnosis [8] and adaptive dynamic programming [9], [10].

Feed-forward neural networks (FNNs) and recurrent neu-

ral networks (RNNs) are two major types of popular neu-

ral networks. Different from FNNs, the hidden layer of

RNNs has lateral or cyclic connections. Generally, all the

parameters in RNNs need to be adjusted. In recent years,

echo state network (ESN) is a significant development in

RNNs because of its high efficiency in network training.

Proposed by Jaeger et al. [11,12], ESN is a novel approach

to analyzing and training RNNs. It is a fully connected

one-hidden layer RNN, where the hidden layer is gener-

ally called a reservoir. Instead of complex training pro-

cess, ESN reflects the history of inputs with the Marko-

vian architectural bias of untrained RNNs, and makes ful-

l use of the dynamics from the huge randomly initialized

reservoir. Significant features from such dynamics are ex-

tracted by the output units of ESN, therefore only connec-

tions between the reservoir and output units are modified

in the training process. As an important development in

RNNs, ESN offers a rapid, simple and effective algorith-

m for supervised training of RNNs. In recent years, ESN

has attracted great interest from the research community
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and achieved wide applications in various research fields,

including chaotic time-series prediction [14], dynamic pat-

tern recognition [15], speech recognition [16], noise mod-

eling [12], reinforcement learning [17], adaptive filtering

of complex signals [18] and gene regulatory network mod-

eling [19].

In this paper, based on electricity consumption data mea-

sured on site, a data-driven classification method based on

ESN is developed, where three ESNs are established to re-

construct the behavior of electricity consumption in each

type and another ESN is established to classify rooms in

an office building into different categories. The developed

method fully utilizes the outstanding performance of ESN

in chaotic time-series prediction and classification.

2 PROBLEM FORMULATIONS

In this section, the data of electricity consumption used in

this paper will be described, and basic formulations of ESN

will be presented.

Based on the data of electricity consumption, we propose

a data-driven classification method based on ESN, which

makes full use of the good performance of ESN in chaotic

time-series prediction and classification, and achieves high

accuracy of room classification for office buildings.

2.1 Data Description
In this paper, we suppose that the electricity consump-

tion behavior can be generally represented by three types

of electricity consumption, namely electricity consumption

from sockets, lights and air-conditioners, for a typical room

in an office building.

Our data of electricity consumption come from an of-

fice building in one of our practical projects, where three

electricity meters are installed in each room to measure

the hourly electricity consumption from sockets, lights and

air-conditioners, respectively. Due to absence, incomplete-

ness, repetition and other defects in data, data preprocess-

ing is required before further operation, such that intact

hourly data of electricity consumption lay a solid founda-

tion for our research.

2.2 Echo State Network
ESN is a discrete-time recurrent neural network composed

of an input layer, a fixed-weight reservoir and an output

layer, as shown in Fig. 1. The reservoir contains a large

number of interconnected dynamic units, which are called

reservoir units in this paper. The output layer is a memo-

ryless linear readout trained to generate the output. In the

developed method, ESN is used to reconstruct the electrici-

ty consumption behavior of different rooms in office build-

ings and classify the rooms into different categories.

It is assumed that an ESN has K input units, N reser-

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

reservoir and output units at time step j are denoted by sj ,
xj and oj , respectively, where sj ∈ RK , xj ∈ RN and

oj ∈ RL. Connections between input units and reservoir

units are collected in an N × K weight matrix W in, con-

nections between reservoir units are collected in anN ×N
weight matrix W res, while connections between reservoir

units and output units are collected in an N × L weight
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Figure 1: Structure of an echo state network.

matrix W out. Therefore, the activation of reservoir units is

updated as

xj = f(W in · sj +W res · xj−1), (1)

where f , a typically sigmoid function, is the reservoir acti-
vation function. The linear output is calculated as

oj = (W out)T · xj . (2)

Components of W in and W res are randomly initialized

from a continuous probability distribution before training,

and the sole trainable part of the ESN, the output weight

matrix W out, can be solved by the linear regression algo-

rithm analytically, thus improving the training efficiency.

3 DATA-DRIVEN ROOM CLASSIFICATION

In this section, the developed data-driven classification

method based on ESN is summarized first, then the detailed

training process of the method is described.

The developed method is described in Algorithm 1,

where the entire algorithm is divided into three sections as

data preparation, network training and room classification,

respectively. Next, the training process of ESN is elaborat-

ed in detail.

Given the aforementioned ESN in Fig. 1, which con-

sists of K input units, N reservoir units and L out-

put units, for M arbitrary distinct samples (sj , uj),
where sj = [sj1, sj2, · · · , sjK ]T ∈ RK and uj =
[uj1, uj2, · · · , ujL]T ∈ RL, based on (1) and (2), we have

N∑
i=1

wout
i f(win

i · sj + wres
i · xj−1) = oj ,

j = 1, 2, · · · ,M, (3)

where oj is the network output of the jth input sample, w
in
i

is the weight vector connecting the ith reservoir unit and

the input units, wres
i is the weight vector connecting the ith

reservoir unit and all the reservoir units including itself, and

wout
i is the weight vector connecting the ith reservoir unit

and the output units. win
i · sj denotes the inner product of
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Algorithm 1 Data-Driven Classification Method Based on

ESN.
Data Preparation:
1: Collect the data of electricity consumption of rooms in an

office building in three types as electricity consumption from

sockets, lights and air-conditioners.

2: Preprocess the data, namely eliminating absence, incomplete-

ness, repetition and other defects in the data.

3: Randomly divide the data into training and testing data, mark

the rooms of training data with category labels.

Network Training:
4: Establish three ESNs, and randomly initialize the input

weight matrix W in and reservoir weight matrix W res of each

ESN.

5: Train the ESNs with the training data of electricity consump-

tion from sockets, lights and air-conditioners, respectively.

6: Establish another ESN, and randomly initialize the input

weight matrixW in and reservoir weight matrixW res.

7: Train the ESN with the entire data of electricity consumption

from sockets, lights and air-conditioners obtained from Step

6 and corresponding room labels.

Room Classification:
8: Given the testing data, use the three ESNs trained in Step 5 to

reconstruct the electricity consumption behavior.

9: With the data obtained in Step 8, use the ESN trained in Step

7 to classify each room into a certain one of the four common

categories as office rooms, computer rooms, storage rooms

and meeting rooms.

win
i and sj , and wres

i · xj−1 denotes the inner product of

wres
i and xj−1.

As a standard ESN can do a global approximation of

any dynamic system with arbitrary precision, we have∑M
j=1 ‖oj − uj‖ = 0 for theseM samples, i.e., there exist

win
i , w

res
i and wout

i such that

N∑
i=1

wout
i f(win

i · sj + wres
i · xj−1) = uj ,

j = 1, 2, · · · ,M. (4)

The aboveM functions can be written compactly as

BW out = U, (5)

where

B(win
1 , · · · , win

N , wres
1 , · · · , wres

N ,

s1, · · · , sM , x0, · · · , xM−1)

=

⎡
⎢⎣

f(win
1 · s1 + wres

1 · x0) · · ·
... · · ·

f(win
1 · sM + wres

1 · xM−1) · · ·
f(win

N · s1 + wres
N · x0)

...

f(win
N · sM + wres

N · xM−1)

⎤
⎥⎦
M×N

,

(6)

W out =

⎡
⎢⎣

(wout
1 )T

...

(wout
N )T

⎤
⎥⎦
N×L

and U =

⎡
⎢⎣

uT1
...

uTM

⎤
⎥⎦
M×L

. (7)

B is hereby named reservoir output matrix of the ESN,

and the ith column ofB is the ith reservoir unit output with
respect to input units and reservoir units.

Since the input weights win
i and reservoir weights wres

i

are randomly chosen before training, the reservoir output

matrix B actually remains unchanged during the training

process, only the output weights wout
i are tuned. Based on

(5), we can calculate the smallest norm least-square solu-

tion of the linear system as the output weight matrix of the

ESN,

Ŵ out = B†U, (8)

where B† is the Moore-Penrose generalized inverse of ma-

trix B [20, 21].

With the solution of (5), the training of ESN is complet-

ed.

4 CASE STUDY

In this section, a practical project is demonstrated to evalu-

ate the performance of the developed method. The project

is based on an office building. The entire building adopts

a central air-conditioning system, where each room is al-

lowed 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 respec-

tively measured on site by three electricity meters. Given

the measured data, we use the developed method to classify

the rooms in the office building into different categories.

Specifically, the building consists of 14 floors in total,

each of which contains 6 rooms except the first floor, since

it is used as the entrance hall of the entire building. First,

we collect the data of electricity consumption in three cat-

egories for all the rooms in the building on working days

during a certain period, e.g. from July, 2013 to December,

2013. Second, we do some preprocessing work on the da-

ta, including elimination of absence, incompleteness, repe-

tition and other defects in data, thus obtaining intact hourly

data of electricity consumption. Before training, we further

randomly divide the data into training and testing data, and

mark the training data with corresponding category labels.

4.1 Training Phase
During the network training phase, three ESNs are estab-

lished, the input weight matricesW in and reservoir weight

matricesW res of which are randomly initialized. Then, the

ESNs are trained by using the training data to reconstruct

the behavior of electricity consumption in each room.

We select four typical rooms, namely an office room, a

meeting room, a storage room and a computer room, to

illustrate the characteristics of each room given three types

of electricity consumption.

2604 2015 27th Chinese Control and Decision Conference (CCDC)
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Figure 2: Electricity consumption of an office room. (a)

Electricity consumption from sockets in 5 working days.

(b) Electricity consumption from sockets reconstructed by

ESN. (c) Electricity consumption from lights in 5 working

days. (d) Electricity consumption from lights reconstructed

by ESN. (e) Electricity consumption from air-conditioners

in 5 working days. (f) Electricity consumption from air-

conditioners reconstructed by ESN.

4.1.1 Office Room

As we know, Room 3 on the 4th floor is an office room,

whose original electricity consumption in three types dur-

ing 5 working days and results of electricity consumption

behavior reconstructed by ESNs are shown in Fig. 2. As

can be seen from Fig. 2, all the three types of electrici-

ty consumption present a typical “double-peak” character-

istic, that is to say, all the three types of electricity con-

sumption 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 commonly punctually go out

for lunch then, who may switch off some of their electrical

appliances using sockets, turn off some of the lights or ad-

just the temperature set for the air-conditioners, while some

others who have their lunch inside the rooms may still con-

sume some electricity. Before and after work, however,

due to no special requirements on electricity consumption

of general office rooms, all the appliances consuming elec-

tricity are turned off when nobody stays in the room, so

the electricity consumption in non-working hours is close

to zero.

4.1.2 Computer Room

Room 4 on the 6th floor proves to be a computer room,

which contains some hosts, servers, switches and other

computer appliances. Its original electricity consumption

in three types during 5 working days and results of elec-

tricity consumption behavior reconstructed by ESNs are

shown in Fig. 3. The most remarkable difference of the

curves from those of the office room above is indicat-

ed by the curve of electricity consumption from sockets,

which almost remains unchanged during a whole work-

ing day, since all the computer appliances using sockets

in the room require stable running in 24 hours. Howev-

er, in terms of the curves of electricity consumption from

lights and air-conditioners, both of them are almost in the

same form as those in the office room, “double-peak” char-

acteristic specifically, due to the similar working sched-

ules of personnel in the computer room. Another point not

to be ignored is that the electricity consumption from air-

conditioners in the computer room remains at a constant

non-zero value at night given the requirement on tempera-

ture from some computer appliances.
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Figure 3: Electricity consumption of a computer room. (a)

Electricity consumption from sockets in 5 working days.

(b) Electricity consumption from sockets reconstructed by

ESN. (c) Electricity consumption from lights in 5 working

days. (d) Electricity consumption from lights reconstructed

by ESN. (e) Electricity consumption from air-conditioners

in 5 working days. (f) Electricity consumption from air-

conditioners reconstructed by ESN.

4.1.3 Storage Room

Room 3 on the 13th floor is a storage room, where articles

requiring a constant temperature for storage, are stored. It-

s original electricity consumption in three types during 5

working days and results of electricity consumption be-

havior reconstructed by ESNs are shown in Fig. 4. It can

be seen that all the three curves display entirely different

characteristics, none of which still takes on the “double-

peak” characteristic, but the electricity consumption from

air-conditioners keeps at a constant level due to the spe-

cial storage requirements of articles stored inside, while

the curves of both two other types of electricity consump-

tion are close to zero for the reason that nobody regularly

works in the storage room, thus generally almost no elec-
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tricity consumption from sockets and lights is incurred for

the storage room.
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Figure 4: Electricity consumption of a storage room. (a)

Electricity consumption from sockets in 5 working days.

(b) Electricity consumption from sockets reconstructed by

ESN. (c) Electricity consumption from lights in 5 working

days. (d) Electricity consumption from lights reconstructed

by ESN. (e) Electricity consumption from air-conditioners

in 5 working days. (f) Electricity consumption from air-

conditioners reconstructed by ESN.

4.1.4 Meeting Room

Finally, the meeting room of Room 5 on the 8th floor is

chosen, whose original electricity consumption in three

types during 5 working days and results of electricity con-

sumption behavior reconstructed by ESNs are shown in

Fig. 5. Since the meeting room is occasionally used with-

out a fixed pattern, it can be seen that all the three curves

of electricity consumption reconstructed by the ESNs are

close to zero. As indicated, the electricity consumption of

meeting rooms is the lowest of all the four types of rooms.

It is thus worth mentioning that the rooms can be classi-

fied into different categories based on significantly differ-

ent characteristics of electricity consumption for each cat-

egory of rooms, which is exactly the key to our data-driven

classification method.

After the reconstruction of electricity consumption be-

havior of all the rooms in training data, we start the nex-

t step of training. Another ESN is established, the input

weight matrix W in and reservoir weight matrix W res of

which are randomly initialized. Then, the ESN is trained

by using the entire data of electricity consumption from

sockets, lights and air-conditioners obtained from the three

ESNs trained before and corresponding category labels.

4.2 Classification Phase
In the classification phase, given the data of rooms in test-

ing data, the first three trained ESNs are used to reconstruct
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Figure 5: Electricity consumption of a meeting room. (a)

Electricity consumption from sockets in 5 working days.

(b) Electricity consumption from sockets reconstructed by

ESN. (c) Electricity consumption from lights in 5 working

days. (d) Electricity consumption from lights reconstructed

by ESN. (e) Electricity consumption from air-conditioners

in 5 working days. (f) Electricity consumption from air-

conditioners reconstructed by ESN.

Table 1: Labels of Training and Testing Data
�����Floor

Room
1 2 3 4 5 6

2 � � � � � �

3 � � � � • �
4 � � � � � •
5 � � � � � �

6 � � � � � �

7 � � • � � •
8 � � � � • �

9 � � � � � •
10 � � � � � �

11 � � � � • •
12 � � � � � �

13 � � � � • �

14 � � � • � �
�: office room �: computer room
�: storage room •: meeting room

the behavior of electricity consumption. Next, with the data

obtained from the first three ESNs, the fourth ESN trained

in the training phase is used to classify the rooms in testing

data into a certain one of the four categories as office room-

s, computer rooms, storage rooms and meeting rooms.

The rooms of training and testing data and corresponding

labels are summarized in Table 1, where we define office

rooms as “�”, computer rooms as “�”, storage rooms as
“�”, and meeting rooms as “•”.
From the results of Table 1, we can see that normal of-

fice rooms account for the majority of all the rooms in the

building, while computer rooms, storage rooms and meet-
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Table 2: Comparison of Classification Accuracy

Developed Method SVM RBF

Accuracy 92.31% 87.18% 84.62%

ing rooms are differently located due to relatively random

distribution of different companies. Compared with the cat-

egories of rooms in reality, we calculate the accuracy of

classification at 92.31%, which can basically meet the re-

quirements of practical demand with high calculation effi-

ciency.

To further show the superiority of the developed method,

we compare our method with two typical nonlinear classi-

fication methods, namely support vector machine (SVM)

[22] and radial-basis function network (RBF) [23]. Given

exactly the same training and testing data, the comparison

of classification accuracy by three methods is displayed in

Table 2, from which we can see that the classification ac-

curacy of our method is the highest among all the three

methods concerned.

To sum up, from the results of case study, both the ef-

fectiveness and superiority of our data-driven classification

method can be verified.

5 CONCLUSION

In this paper, a novel data-driven classification method

based on ESN is developed, which classifies rooms in office

buildings into different categories, including office rooms,

computer rooms, storage rooms, meeting rooms, etc. The

method fully utilizes the outstanding performance of ESN

in chaotic time-series prediction and classification. Consid-

ering distinctive characteristics of electricity consumption

in different office rooms, and simply based on data practi-

cally measured from an office building, detailed case study

is given to illustrate that the developed method achieves

good effect of practical application.
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