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Dear editor,
In the iron and steel enterprises, the energy cost
(electricity, gas, among others) accounts for 20%–
30% of the total production cost. Real-time per-
ceiving and monitoring energy consumption data
through cyber-physical energy system is extremely
important for saving energy. The purpose of this
research is to analyze energy consumption data to
identify any abnormalities.

With respect to energy analysis across indus-
tries, Gopalakrishnan et al. [1] examined the en-
ergy utilization in the wood manufacturing indus-
try. Usón et al. [2] proposed a thermoeconomic
diagnosis method to determine fuel consumption
variation and improve energy efficiency of a coal-
fired power plant. Saidur and Mekhilef [3] ana-
lyzed the energy use data and presented energy-
savings strategies in Malaysian rubber-producing
industries.

Most results in literature focus on the qualita-
tive analysis of energy use. This study aims at
providing a quantitative indicator of energy con-
sumption via the Kalman filter algorithm proposed
by Kalman [4]. The traditional Kalman filter al-
gorithm is based on the physical model of a par-
ticular system. For energy consumption diagno-
sis in iron and steel plant, the expression of en-
ergy consumption is unknown. Therefore, a data

model-based Kalman filtering method is proposed.
In literature, the statistical characteristics of the
sample data are used to describe the system using
the mean and the variance of the state variables
when it is difficult to obtain the exact mathemati-
cal model. Yan et al. [5] studies the optimal fusion
of sensors data by taking linear transformations to
establish a new measurement model to decouple
noises. Sohlberg [6] dealt with condition moni-
toring and failure diagnosis for a steel strip rinsing
process based on a priori knowledge and data. Cao
et al. [7] researched wind turbine fault diagnostics
using the unscented Kalman filter approach. Wen
et al. [8] investigated the fault estimation of non-
uniformly sampled-data systems.

This research uses least square support vector
machine (LSSVM) to express the input and output
relationship of the studied system. In the model,
the consumption of one or more types of energy is
set as the input variables, and the energy needed
to be diagnosed is set as the output variable.

LSSVM-based Kalman filtering algorithm. SVM
maps inseparable data set in a low-dimension
space to the high-dimension space and constructs
an optimal decision function

f(x) =

n
∑

i=1

αiK(x, xi) + b. (1)
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The obtained model of the training sample set
(xi, yi) is used as the physical model in the Kalman
filtering algorithm. Suppose the discrete system
equations are as follows [9]:

xk = Fk−1xk−1 +Gk−1uk−1 + wk−1, (2)

yk = Hkxk + vk. (3)

Assuming that the mean values are zero, and
the covariance matrix P is known, then the time
update equation is

x−
k
= Fk−1x

+
k−1 +Gk−1uk−1, (4)

P−
k

= Fk−1P
+
k−1F

T
k−1 +Qk−1. (5)

The state update equation is

Kk = P−
k
HT

k (HkP
−
k
HT

k +Rk)
−1

, (6)

x+
k
= x−

k
+Kk(yk −Hkx

−
k
), (7)

P+
k

= (I −KkHk)P
−
k
. (8)

Eqs. (4) and (7) are the update equations of
estimated covariance. Substitute (5) into (6) to
get

x+
k
=

(

1−
P+
k
HT

k
Hk

Rk

)

x−
k
+

P+
k
HT

k

Rk

yk. (9)

Assuming that the observation matrices H are
unit matrices, then

x+
k
=

(

1−
P+
k

Rk

)

x−
k
+

P+
k

Rk

yk, (10)

where Rk is the noise of the observation. From (4)
and (7), the covariance matrix of the estimated
error P+

k
is propagated by Qk. The state of each

period is what we concern about, that is xk in
(1). For the energy consumption process, here uk

is equal to zero, then Eq. (1) can be written as

xk = Fk−1xk−1 + wk−1. (11)

By now, we have established an LSSVM-based
energy consumption model. A priori estimate is
directly obtained from the LSSVM model as fol-
lows:

x−
k
= fls(·). (12)

x−
k
is used as the priori estimate of the Kalman

algorithm at time k. With x−
k
, we assume that the

system state is linearly propagated along time as
follows:

Fk−1 = x−
k
(x+

k−1
)
−1

, (13)

where x+
k−1 is the posteriori estimate of state vari-

ables of the system at time k − 1. Fk−1 is the
simulation matrix calculated by LSSVM at time
k − 1; the optimal estimate is obtained using (5)–
(7). Then, the prediction equation of the mean
square error is as follows:

P−
k

= Fk−1P
+
k−1F

T
k−1 +Qk−1, (14)

where Qk−1 is the covariance of process excitation
noise of the system at time k − 1. The Kalman
filter gain equation is

Kk = P−
k
HT

k
(HkP

−
k
HT

k
+Rk)

−1
= P+

k
HT

k
R−1

k
,

(15)
where the unit matrices Hk and HT

k
are the ob-

servation matrix and the transpose matrix of the
observation matrix of the system at time k, respec-
tively. Rk is the covariance matrix of the obser-
vation noise of the system at time k. Then, the
posteriori estimate equation is as follows:

x+
k
= x−

k
+Kk(yk −Hkx

−
k
), (16)

where yk is the observation value of the system
at time k. In the iron and steel enterprises, the
most efficient way to assess the time-varying con-
sumption ratio of energy is to analyze the statisti-
cal characteristics of the data. Assuming that the
measured value is subject to a normal distribution,
the probability density function is

f(x) =
1

√

2πσs

exp

{

−
(x− Es)

2

2σs
2

}

. (17)

The following definition of abnormal function is
adopted,

α(x) = exp

{

(x− Es)
2

2σ2
s

}

. (18)

A time window is selected and the mean out-
liers of the estimated value in the time window ∆t
is calculated as

β =
1

∆t

t+∆t
∑

i=t

α(xi). (19)

Then, β is used as the evaluation indicator of
the operating state during the time period t+∆t.
If the time window is too small, the results will be
affected by one or two measurement points. Oth-
erwise, the sensitivity of the algorithm will be de-
creased. Then the standard deviation of the mea-
sured values of the dynamic system is defined as

S =

√

√

√

√

t+∆t
∑

k=t

(

f(k)− y
(obs)
k

)2

/N. (20)



Zhang Y Y, et al. Sci China Inf Sci November 2018 Vol. 61 110204:3

0

20

40

60

80

100

120

10 35 60 85 110 135 160 185 210 235 260 285 310

F
re

q
u

en
cy

S
ta

te
 e

v
al

u
at

io
n

 v
al

u
e

Noise distribution

250

300

350

400

450

500

550

600

650

0 10 20 30 40 50 60 70 80 90 100

Before filtering After filtering

1.0

1.2

1.4

1.6

1.8

2.0

2.2

2.4

2.6

2.8

0 20 40 60 80 100 120 140 160 180 200

Standard state

General state

Abnormal state

A
ir

 i
n

ta
k

e 
v

al
u

e

Data group Data group

(a) (b) (c)

Figure 1 (Color online) Diagnosis of energy consumption in hot blast stove system. (a) Filtering results; (b) noise
distribution; (c) diagnosis results.

After obtaining the evaluation criteria, each
time the time window is moved, the sum of the
anomalous factors corresponding to the time win-
dow is calculated to provide the state evaluation
results.

Experimental results of the hot blast stove sys-

tem. In the process of iron smelting, the hot air
blown from the bottom of the furnace is the im-
portant combustion improver. With the running
of the blast furnace, the amount of air intake grad-
ually deviates from the normal value till damping
down. The measurement data after maintenance
are selected as the standard data. 100 groups of
such data are shown to Figure 1(a).

The statistical results of the noise of 1000 groups
of such data are shown to Figure 1(b), indicating
that the noise of air intake data is in line with
the normal distribution hypothesis. Then the cor-
responding probability distribution function and
abnormal function are

f(x) = 0.0026 exp

{

−
(x− 485.8997)

2

47112.27

}

, (21)

α(x) = exp

{

(x− 485.8997)
2

477112.27

}

. (22)

The changing curves with respect to different
operating states are shown to Figure 1(c), where
β of standard operating state can be set as the
diagnosis reference. The general operating state
refers to the state in which the fluctuations of the
measured data of air intake appear. The abnor-
mal operating state refers to the state in which
the air intake of the blast furnace appears to have
a greater degree of fluctuations, which is an indi-
cator that the system is going to be down. With
the diagnosis results, the operators could deter-
mine whether and when to arrange maintenance
for the system.

Conclusion. This research studies the energy
consumption diagnosis problem in iron and steel

plants. An LSSVM-based data driven model is
designed, combined with the Kalman filtering al-
gorithm for energy diagnosis. Based on the statis-
tical properties of the standard data, the diagnos-
tic model of energy consumption is designed and
used to evaluate the state of the hot blast stove
system in a blast furnace. Our research provides
a feasible idea of combing a statistical model with
the Kalman filtering algorithm for solving prob-
lems without a physical model.

Acknowledgements This work was partly sup-

ported by National Key Research and Development

Plan (Grant No. 2016YFB0901900) and National

Natural Science Foundation of China (Grant Nos.

71302161, 61374203).

References

1 Gopalakrishnan B, Mate A, Mardikar Y, et al. Energy
efficiency measures in the wood manufacturing indus-
try. In: Proceedings of 2005 ACEEE Summer Study
on Energy Efficiency in Industry, 2005. 1-68–1-76

2 Usón S, Valero A, Correas L. Energy efficiency assess-
ment and improvement in energy intensive systems
through thermoeconomic diagnosis of the operation.
Appl Energy, 2010, 87: 1989–1995

3 Saidur R, Mekhilef S. Energy use, energy savings and
emission analysis in the Malaysian rubber producing
industries. Appl Energy, 2010, 87: 2746–2758

4 Kalman R E. A new approach to linear filtering and
prediction problems. J Basic Eng, 1960, 82D: 35–45

5 Yan L P, Xia Y Q, Fu M Y. Optimal fusion estima-
tion for stochastic systems with cross-correlated sensor
noises. Sci China Inf Sci, 2017, 60: 120205

6 Sohlberg B. Monitoring and failure diagnosis of a steel
strip process. IEEE Trans Control Syst Tech, 1998, 6:
294–303

7 Cao M, Qiu Y, Feng Y, et al. Study of wind turbine
fault diagnosis based on unscented Kalman filter and
SCADA data. Energies, 2016, 9: 847

8 Wen C L, Qiu A B, Jiang B. An output delay ap-
proach to fault estimation for sampled-data systems.
Sci China Inf Sci, 2012, 55: 2128–2138

9 Welch G, Bishop G. An Introduction to the Kalman
Filter. University of North Carolina at Chapel Hill,
TR 95-041. 2006

https://doi.org/10.1016/j.apenergy.2009.12.004
https://doi.org/10.1016/j.apenergy.2009.12.018
https://doi.org/10.1007/s11432-017-9140-x
https://doi.org/10.3390/en9100847
https://doi.org/10.1007/s11432-011-4472-8

