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Abstract Yw

In recent years, lots of studies have been in progress akound the solve the
problem of global warming. The reduction of CO, wou porta@lve the global
warming problem. Probably the production and on of ight be thought
to be highly crucial. Also it would be impor energy with high
efficiency. In addition, the efficient use of the cur energggg be also an important
issue. Therefore, this paper focused on the d ment of devices for reducing electricity
as a primary energy source for mobile clo mputln ch can be utilized in homes,
shops, buildings, factories and so on. ver we further emphasize to develop
the inference engine as core com e% thls paper proposes an efficient
electricity saving system for re c@ e elec% consumptlon using the mobile cloud
computing technique and A model erformance evaluation is carried out for

showing the effectiveness o&he propose a&
Keywords: infere%i:lg%ne SARI model, reducing electricity consumption, mobile
cloud computing, warpi blem

1. Introdu

Currently, the en@anagement system for buildings and factories, namely, the
electricity saving ic€ is a system that reduces the electrical energy by providing the
operating inforn& of energy devices in a building. It collects or analyses energy usage
and facilitywoperating history through various sensor devices. The electricity saving device
itroduced when constructing new buildings as well as when being installed
n existing buildings. In both cases, introducing the electricity saving devices
mber of facilities. Due to the number of additional facilities, when comparing
sts and investments, managing energy efficiently is a very difficult situation.
order to devise a high-efficiency electric economizer, it is essential to develop the
efficient algorithm for the electric energy reduction. An electric economizer consists of
both a predictive engine and a predictive control engine. The former on a server is
designed to activate the predictive algorithm for the management of power usage. This
model is operated by big data based on cloud system such as fixed data, external data and
internal data. The predictive control engine at the client is designed to activate the
algorithm for reducing energy consumption. We have studied to obtain the optimal
solution to make precise prediction possible by using both mobile cloud computing and
SARIMA model based upon the estimated data at a server. In this paper, an efficient
electricity saving system is proposed for reducing the electricity consumption.

The rest of this paper is organized as follows: the next section describes demand
estimation and SARIMA model, the proposed inference algorithm will follow, the
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proposed inference algorithm is described in Section 3, the performance evaluation
section which includes performance evaluations and discussion of the effect of the
proposed scheme, and finally, we conclude this paper in the last section.

2. Demand Estimation and SARIMA Model

The various industrial or social sectors have been using the ARIMA model to estimate
user’s demand. However, since it is impractical to apply ARIMA model to periodic and
seasonal condition, we will try to deal with SARIMA (Seasonal Auto-Regressive
Integrated Moving Average) model shown in Figure 1, which is the supplemented model
for ARIMA model. The following equations (1) and (2) are the basic form of ARIMA

model. N
(1-®1L - Qy[2 — o — @ IP)Z, = G+ (1— 0L — 0,12 — - —apwqew(l)
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The SARIMA model shown in Figure 1 is divided i Nwe steps such.as identification,
estimation, and forecasting ones. In identification %ﬁe requir del is set through
analyzing the input data by taking conversion, @ence a asonal variations. In

estimation phase, by calculating a statistic representing the racy of the parameter
estimation and checking that the model is a@e anckit @rmines whether there is any
° \

forecasting. \
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Figure 1. SARIMA Model

b3

If we simplify ARIMA(p, d, qz model, the equation (3) below will be obtained.
&, (L)(1-L)%2Z, = 6+ 8,(L)e, @A)
Here, Z;, t, ¢ mean the row series data, time operator, and the error term due,
respectively. Also L, p, g, d, 6 mean the operation followed by, the degree of
autoregressive term, the degree of moving average term, the degree of difference, and
constant value, respectively. SARIMA model will be the suitable technique for the
seasonal and periodic procedure. The equation (4) below is related to the model of
SARIMA(p,d,q) (P,D,Q)s.
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Here, P, Q, D mean the degree of seasonal AR terms, the degree of seasonal MA terms,
and the degree of seasonal difference respectively.

3. The Proposed Inference Algorithm

The predicted algorithm is designed and evaluated based on SARIMA model. Table 1
shows the sample data collected by the data represented, which provides a one-year period
of historical data that is collected for five years from the mobile cloud server. The
collected data consists of a month and a year, parking, day, time, temperature, weather,
and the number of visitors etc. The predictive data for predicting the time (weather,
temperature, month and year) will be compared with the collected historical daa fore5
years, in order to predict the number of visitors on "October 24, 2014 the ﬁwek

Friday at 15:00".
Table 1. Predicted Number of Visitors &o@H?stor' a @

Suppose that the current time is “October 1% the third week Friday
14:00”, what is the number of the expected Visit one‘%lj from now?

r\;
rank year Week | day Cjke ‘m@ Weather | visiting

month

3 2009/10 31 Qp .ONZ 5 Sunny 5
A 0\ '\
) y
| 15:
=
4

A
4 2010/10 QQ Fri 16 Sunny 7
[ ]

1 201110 ()3 @ 15:00 | 14 Rain 2
NN K\V
2 20&@ 39 AFi 1500 | 15 Cloud 5
A~
hd
5 WSMO 3 Fri 15:00 18 sunny 10

A O

Wl )
Now 2014/1(@,‘{3rul Fri 1500 | 15 rain 4

The comparis@the priority placed on the properties that show the highest rate of
relevancy with theyvisitors. If the compared value is the same, compare the second highest
r%

relevant p . Next step is to add the weighted value to the high correlated attribute
with the @ ared one, and do the same to the second correlated property. Then finally
th I@lted data means the expected visitors who would visit the store on "October 24,
Z@e third week Friday at 15:00".

Lef’s find the prediction value by using the predicted visitor historical data. Current
weather condition value is "rain™ and the first value has the same weather condition. Since
the data of October of 2011 is the closest value, we multiply 0.4 to 2, the number of
visitors (0.4*2). The data of October of 2012 is ‘cloudy’ which is close to the current
weather, so we add the weighted value 0.3 to the value(5*03). The third, fourth, and fifth
value shows equal weather of ‘sunny’. Because the third value is the same as the current
one, we add the weighted value 0.2 to the data of October of 2009(5*0,2). Finally we add
0.1 and 0.05 respectively to the fourth(7*0.1) and fifth value(10*0.05). The expected
number of visitors = 0.4*2 + 0.3*5 + 0.2*5 + 0.05*7 + 0.05*10 = 4.15 (persons).
Consequently, the expected number of visitors on "October 24, 2014 the third week
Friday at 15:00" is 4. We have predicted the number of expected visitors on "October 24,
2014 the third week Friday at 15:00*. Next we will predict the amount of usage in cold /
heating operation temperature and illumination data on "October 24, 2014, the third week
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Friday, at 15:00" using the predicted number of visitors, the fixed data, the external and
internal data. In prediction engine, various simulations can be added under the various
environments. However, we will only deal with the illumination simulation and the
temperature in this paper. Here, Figure 2 shows the behavior of the proposed prediction
algorithm.

O

Input : daily, weekly electric power consumption,
incomingevent value from the head office

A

\

P)

Operations: comparing the predicted value at branch with \ﬂDu ze Iminai ntro\ walue
the results sent from the headguarters/ calculating - . | it For g e
llunination contral value in accordance with the power Ihe N module X
consumption, day and time for the branch (Hour, Minute)

or Te ergttire, ilumination contral request comes
Qutput : sending thetemperature, llumination control <N ¥ a Dred\ct e i@ e epemifien tEhe comEeieg,
vaue according to time for the respective devices and

N pan recelving er cortral reguest, control waits

the daily target power usage to headquarters via the V| util the ious Tequest ends
cartrol madule % @

% temperature and llumination contral signal
Flgure ﬂ Probg@l Predicted Scheme

3.1 IIIummatlon

In the initj s we m@p redicted the number of visitors on "October 24, 2014,
ay, "o

the third we n illumination simulation, we will predict illumination
value on the same co by using all the data that we have gathered up as the
procedure proceeded . Associated attributes of the illumination simulation will vary
from sunset, sunri diction, the number of predicted visitors, fixed contract electrical
power. Table 2 S the data values which need predicted illumination on "October 24,
2014, the t«\'{&vrve k Friday, at 15:00". To calculate prediction illumination, we should set
the illumi in accordance with the sunset and sunrise times by comparing those times

current illumination value. Also illumination value should be set by the
visitors. With the difference between the contract and currently using electric
power, we can calculate margin electric power per hour. With the difference between the
internal cumulative power and the target power, we will calculate the monthly average
margin power and divide your monthly power margin back to 24 the number of shares
remaining days, and finally calculate the hourly average margin progressive power.
Prediction illumination extracts the predicted illumination value by adjusting illumination
value based upon sunset, sunrise, and the number of visitors.

Table 2. Predicted lllumination from Historical Data

Est Est Est Fix_contract | Int_Cum Int_target Pwr
_sunrise | _sunset | _visiting | Power Power
06:48 17:44 11 20KW 6,650 9,000KW
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3.2. Temperature Simulation

Along with illumination simulation, temperature simulation extracts the prediction
value of the coolers / heaters for 1 hour at a point after the current time by using the
predicted number of visitors, the fixed data, external data, and internal data. Temperature
simulation is an environment property in which the properties for usage management are
in a month, the highest external temperature. The lowest external temperature, fixed
contract electric power, internal electric power, the internal cumulative power and the
target power. Table 3 shows the attributes necessary to predict the standard temperature of
coolers and heaters on "October 24, 2014, the third week Friday at 15:00". After we
calculate the prediction of standard temperature, we check the months which we operate
coolers and heaters. We choose cooling or heating according to the month. The internal
temperature is checked in the chosen cooler/heater. In the winter a heater is'ﬁﬁr?ed
under the 15 °C, and in the summer, a cooler is operated over the 24°C. In term? caooling
and heating, if the temperature value is adjusted when the temperature j easing or
decreasing by 1°C, the electric consumption is reduced by ?% We calculatethe margin

electric power per hour by differencing between the ct po e usage of
current power. Similar to the illumination simulation consumption is

tri
managed. Temperature simulation affects the pov@ dep@&\% which season the

month is.

Table 3. Predicted Temp@ﬁe from\%torlcal Data

Ext Ext .
Month | _High Optmal 1 temp @nm Ir;tv_vtearrget F:))\(,V::mtr
temp TemQ P P
Oct |21C el 29@5 6,650 9,000KW | 20KW
Here, let’s consider @v ire pro the proposed algorithm both at BEMS server
and at BEMS cli Q I

ils of t orlthm are described step by step as shown in
Figure 3.

Smart BEMS Client

Fixed| Data) Management;

A
Q
% Feedback
Results

Inner:Dataj Collecting|

Oi.lter DataCollecting

Feedback
Results

Figure 3. The Entire Process of the Proposed Algorithm
Here, we assume the following steps for simulations.

Step 1. Retail stores are operated as franchises form. (for example, 24-hour
convenience store)
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Step 2. The head office manages all data for a retail store. (big data & DBMS)

Step 3. Among the data managed from the head office, the number of customers
weather, and energy data are used to hold up to the maximum 3-5 years old data.

Step 4. The area of the retail store is 49.5 square meters.

Step 5._The operating mode is the power-saving mode.
Maximum power saving mode is used to save the power consumption up to the

maximum value, and the optimal mode is used to save the power consumption to an
optimal value. Figure 4 represents the service system model for simulation.

\ 000
Hul‘llldlwlm_unwmmm

‘: All-In-One
e

\ &

Cooling & HGO Controller for giope

Apphcauon II

8martpnone for st
(App)

Collected data report

Franchise Headquarters
Control center

-

o, _Digtal pover matsr

ands js sy Y

Ontro| ¢ omm,
]

|

golleded data rep,

[©00)
= Hunﬂdimn—mlumm:

A2

o M /
"J,, \ "\Cooling & "0 contmlul for éhope

“~._Digital powsr nutl_[l
for

Application 6
(App)

8&, Figure 4. Service Model

. grmance Evaluation
In this chapter, we confirmed that space division intelligent BEMS has energy savings

effect by using the environment suggested earlier. The experimental environment was
selected by a convenience store as it can be found everywhere. In the setting phase of
SARIMA model, we use the measured value of the same time zone. The measured values
consist of fixed data, external data and internal data. Location is a 24-hour convenience
stores located in 15-pyeong, Songpa-gu, Seoul. The contract power is 20Kw. External and
internal data include the data values of the 15-pyeong 24-hour convenience store from
2008 to 2012. A meteorology weather web site provided minimum temperature,
maximum temperature, sunrise time, and sunset time. The number of visitors was
converted into the POS data which is generated from usage of convenience store. Power
consumption was set depending on the size of a convenience store refrigerator, freezer,
open-chilled fruit and vegetables, vegetables in refrigerator, air conditioning, refrigerator,
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and fluorescent lights. The contract power consumption was determined by the electricity
use per hour, the first contract one, between KEPCO and convenience store.

Figure 5, 6, and 7 show the results obtained by using the illumination and cooling /
heating based on the temperature that came up with extraction using a predictive control
algorithm of prediction and prediction value obtained by using the prediction engine
control algorithm of the intelligent BEMS server. In this experiment, the use of power
savings for a year was compared to data predicted from the data of five years based on the
data 2013. From Figure 7, we can estimate the trend of electric power usage. While the
electric power usage tends to increase in summer and winter, it tends to decrease in spring
and winter. In case of using the space division intelligent BEMS, the same results are
shown. Besides, reduction effect in the existing environment were attained by 7~8%. The
results suggest that the properties of the test data have been simplified, and it cannot be
obtained a large reduction. However, if you use a lot of data attributes a le-
Learning, many savings are expected. r%»

—
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=@~ Internal Temperature

~#~ Predictive Control
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Figure 6. The Predicted Control Temperature Results
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Table 4 and Figure 8 show the results for powsump t‘ ylng the proposed

algorithm to the actual store. These are test resplts TOF the air- ioning in August 2014
and the results for heating in December of e year,despectively. The comfort level

of the proposed system is improved reducing y usage compared to the
conventional air conditioning system. @

Table 4. Anal%éResul%r the Power Usage
Test results (August) o Gigst results (January)

“WHOriginal: similar results in summer. Limit the

Original: High energy 60 ion and I&\«‘Q manual controls by that
comfort level X
E/S: 12.5% increas x redtp e E/S:7.1%increasecompared to existing comfort
comfort level enough, Energy consumption decreased by
Energy consu % decreas 24.1% 26.8%
Comfort: 17.2% Increase ed to existing
comfort level, Energy tion decreased | Comfort:12.7%increasecompared to existing
by 11.1% comfort enough, 23.2%reduction in energy

& consumption

Y

A\~

Q Comport level(August)

@Q 100 900
90 800

80 700
60 500

Basic E/S comport E/S Comport

Energy consumption (KWh)

Figure 8. Comport Level and Energy Consumption (August)

Figure 9 shows the console for the system administrator. This console has a function of
monitoring and controlling the system. Also, it shows the usage of energy and electricity.
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It is possible to check the execution status for dynamic statistical data, including the mode
changes if necessary.

[ e o —
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Figure 9. The Console for the inistrator
The controller provides basic informatigg about th\g by a manager and
administrator. This provides a target po:@age po nsumption, and demand
forecasting. It implements the functions real-tlm irmation of operation status
for the current, air conditioners. Mo minals oth managers and operators can
control cooling and heating of the her %1 ntly operational status monitoring
and control functions. It prow esa /Off fu for some devices if necessary.

5. Conclusion and Futere Wo

The energy rel té(&'1 rch ma : national agenda in a society where energy
management systeniNi natio olicy subsidized by federal funds, even though as
research area 0 n hlst n peneral, most people consider that energy reduction
can be attaly saving uff rather than saving big stuff. In the true sense the
energy reductiom has to |eved without harming the quality of human life. By taking
advantage of the el saving inference algorithm as proposed in this paper, the
energy can be red analyzing data. This algorithm makes it possible to the efficient
use of SARIMA@ by predicting the forecasting data after 1 hour of 10 minutes based
on the exi data. The predicted results can be applied to control electric devices. This
paper su at the function of prediction algorithm will be reasonable enough for
normal tion. Possible future projects include the development of the electric power

device equipped with the proposed algorithm as well as the EMS device for

re i
va applications.
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