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[Abstract]

In this paper, we introduce a technique for generating synthetic benchmarks based on time series
data. Many of the data measured on IoT devices have a time series characteristic that measures
numerical changes over time. However, there is a problem that it is difficult to model the data
measured over a long period as generalized time series data. To solve this problem, this paper
introduces the BST-IGT model. The BST-IGT model separates the entire data into sections that can be
easily time-series modeled, collects the generated data into templates, and produces new synthetic
benchmarks that share or modify characteristics based on them. As a result of making a new
benchmark using the proposed modeling method, we could create a benchmark with multiple aspects by
mixing the composite benchmark with the statistical features of the existing data and other benchmarks.
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I. Introduction
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II. Background Work

1. Time Series Data Pattern
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Fig. 1.

Characteristics of Time Series Data
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2, Time Series Data Model Estimation
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Fig. 2. ARIMA time series estimation for entire data
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III. Motivation
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Fig. 3. residuals for the entire data
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IV. Methodology

1. BST-IGT Model Methodology
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Fig. 5. residuals for the partial data
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Fig. 6. Summary of the Synthetic Benchmark Generation Process
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Table 1. BST and IGT Structure
Variable Type Description
freq Integer The number of data in
(opt) 9 the interval
type Integer Type 1/ Type 2 / Null
model strin ARIMA(p, q, d) /
9 distribution type
Maximum value in the
max float .
interval
. Minimum value that
min float . .
appears in the interval
Arithmetic mean of the
mean float A
interval
Standard deviation of
sd float .
the interval
tag . Supplementary Indicators
string .
(opt) for Evaluation
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Table 2. Type Conditions for Synthetic Benchmark
Validation

Model

Imitation

BST(e) IGT(e)

e=Type I e=Type I

For all e < Type I,
Exist e Type 1II,

e <Type II ‘ e<Type II

Semi-Imitation

Variation

Ry} SHA Iz ]UHL BST2} IGTQ 2E 247} Type
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It} ¥ 2 BST+ Type 2 SHESHA|GE, IGT+ Type II
d Fee AAl &4 WxuE fEE Y 280 22

AAIE ‘3—4 %ﬁlﬂ Eé% FRISHAIRE Fd @404 LA]

|

%

7Ie $AFE e IGT7F EAlisHA] obe ™ ul=] Bojd
REoA AEZe TARISH: 49 BT 2 Ak olet
22 /3 HIR[otE= SSBeF A5t s B7lM o
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V. Experimental Result

1. Overview
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2. Synthetic Benchmark Generation
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Fmpirical Data 1, IGT a Syntetic Data from IGT a

o
R o
o = +
4 =
2 = |
| )
o 27
27 4
= (=3
s
2 LI R ] T
0 300 1000 2000 3000 0 500 1000 2000 3000
Empirical Data 1, IGT b Syntetic Data from IGT b
o
2
=] J
&
g 4 21
= o
e -
5 E -
- T T T T T T T - T T T T T T T
0 500 1000 2000 3000 0 500 1000 2000 3000
Empirical Data 1, IGT ¢ Syntetic Data from IGT ¢
o i
s |
& = |
o =
g |
g o 4
- (=3
s 4
= 5 =
° J
g g
' T T T T T T T - T T T T T T T
0 500 1000 2000 3000 0 500 1000 2000 3000
Fig. 7. IGT Modeling of Empirical Benchmark 1

& IGT= Type I 22 Aol Fig. 99} Z¥o] SAF &
£ tobd glo] B vjelg AVgick Ay Ldle R o
olE{o]] tist Kolmogrov-Smirnov 7274 ZAit p-value
0122 5 U4t 2o Bmeke AP7HES 712e 4 Qi
whpA A2 AAIE HlolE Q] Feo] RAIEA] tiets &
Ao A% L7} pgasisel e
W2 i 9 AOES &
2  clojeiete] Al oz AR
ot A% EﬂOlEH Eﬁé% Fig. 10, 2] Hlo]&] #29]
e 2= E Fig. 110 Yl

Fig. 10 9] (a) Empirical Benchmark 12 Z&= AjEd
F1014 ARIMAS 0} 84t A4S 2alo] 4a85Ic). of
o} 72 749 HA| IGT Type I8 02 E25]o] o]u] 4
e ARIMA 2585 o] &5t} 240E|Qll, BSTol= ofw]
o WHE Qb B B WAlAR H91E 4 ok

(b)= Empirical Benchmark 1& 7]gtoz Zojxl
IGTS} BSTO] ojmjst ZA% 7jelx] o a4at A} ¢
2 2g 2% olHie] Aol 7H= Ve eAFE Ae
ISB7} Al it

Fig. 109] (c)ofA] YE = Empirical Benchmark 2
L 5 T700]4 ARIMAZ ©]84F 2 H3lo] o]£oj50
U, 8 P20 A4 2z SN 4 e WEe)

|

P

FEmpirical Data 2, IGT a Syntetic Data from IGT a

4000 2000
1 1 1 1
-5000 3000 -1000
1 1 1 1 1

T T T T T
0 500 1000 2000 3000

0 500 1000 2000 3000

FEmpirical Data 2, IGT b Syntetic Data from IGT b

4000 -3000 -2000 -1000
{ N I S N B |
4000 -2000 1}

1 1 1 1 1

T T T T T T T T T T T T T T
0 500 1000 2000 3000 0 500 1000 2000 3000

Empirical Data 2, IGT ¢ Syntetic Data from IGT ¢

1}
1

5000 -3000 -1000 1000
N N I B
20000 -10000

1 1 1 1

T T T T ' T T T T T T T
0 500 1000 2000 3000

T T T
0 500 1000 2000 3000

Fig. 8. IGT Modeling of Empirical Benchmark 2

Cullen and Frey graph

g

T T T T T T T T T T T
0 1 2 3 4 0 500 1000 1500 2000 2500 3000

square of skewness Time(ms)

Fig. 9. Generate random data with similar distribution

dlolef7F YeRHT. 12 QlsliA] Fig. 109] (d)ef &2, ot
AleF He FAF B2 giFste] "ARR] Ve AT
I BEE FARBHTE A2 AIAIE golg Fg oA &
Aleltt, o]= SSBz EE8E 4

Fig. 109] (e)e} ()= %Oo}%}:% ’*\H@Eeﬂa@] 23E AR
BSTE 7]§to 2 [GTE Exof et &Xtsta Empirical
Data 137} Empirical Data 29] £A12 A& W] A Hi

Aot=& HeRd Zlojoh.

3. Discussion
ARIMAS o]8& REMQI AAY F4e SAMoR

= (]
Rnlel] SN ZHPYS o= HE DYt T



38 Journal of The Korea Society of Computer and Information

{a) Empiical Data 1 {b) Empirical Data 2

=
3
=
4 -
B 3
5 J 2
2 =
e
o 4 g
S 4
= «
g 4
S 7 o
‘ g
S 4
T T T T T T T “ T T T T T T T
0 2000 6000 10000 0 2000 6000 10000
() ISB (d) SSB
= = T
87 S
i o
o 3
5 4 5
o “
4 -
o 3
B 5 4
il E
- T T T T T T T T T T
0 2000 4000 G000 8000 0 2000 4000 6000 2000
(e) VSB 1 {f VSB2
B o
S J 3
2 E
= ] =
] 3
5 4 5 4
= o B
] 3
5 4 S
b a9
= B o B
g 3
R TT T T T T T T AT T T T T T 1

0 2000 6000 10000 0 2000 6000 10000

Fig. 10. Generated synthetic benchmark model

}\-] l:ﬂo]E-]E AHA—]@HLH _/'\_ ol;(]n} Fig 7q Empirical
Data®} Synthetic Data®] BlwojjA Ueht: Alsh &

A& dHgste A2 ta o o] IEs Zlog 2ol
o} 22y FEAQ1 4 wixjot=9] vlw-E UERH Fig.
113 A&5HH, ISB= A& HIx|opael fARRE 2] 22
= 7HA| SSBY| 74-¢ Wr o] £A|& Afol7f Qlon; Fx
BEo o5t agﬂi RHAEIT) VSBE 7kt 930 gl
dix|ot=et vl sl S o € o] B2 dAS ¢

FAIeHE Aom SholE.
]O} 7S &3t HIR|opE Ao g o] ds BTl
A &g dix|ot=o] 7| & 9l FARRE HlolEL el
dlolglo] A4S 71E9] Markov-chain 2% £ &7|7t
9] '3]0151 St el M st wHof vis| 7}”40}71] |
OB & g & = Aol Qloj of2} 45 H7He &
]

7\t

II
u

F

o

2 AEEH 2o

VI. Conclusions

Density Plot of Empirical Ben 1 and ISB Density Plot of E. Bench 2 and SSB

0.0020
0.0020
1

-~ EB -~ EB
q — IS q — 58
B o B o
£ S g 3 A
(== a o
i ) i
VAN :
3 3
S 1 = = S 1 =
2 T T T T 2 T T T T
-10000  -5000 0 5000 10000 -10000  -5000 0 5000 10000
N =5000 Bandwidth= 1094 N =5000 Bandwidth=23783
Density Plot of E. Bench 1 and VSB1 Density Flot of E. Bench 1 and VSB2
o o
5 5
S S
3 3
=] — EB1 = — EB1
B -- WSH B -- WSH
B o B o
..E, S g E
0 = (== A
i i N
- A < Al
=} - =} Rk W
g - - = g - — =
= T T T T T = T T T T T
-10000  -3000 0 5000 10000 -10000  -3000 0 5000 10000
H=5000 Bandwidth=1094 H=5000 Bandwidth=1094
Density Flot of E. Bench 2 and VSB1 Density Flot of E. Bench 2 and VSB2
o o
= =
g S
3 3
=) — EBZ =) — EBZ
B -- W&H B -- W&H
B o B o
g g g 3
[=} o [=} o
o o
5] 2 -
= =
3 3
= =

B I T T
-10000  -5000 0 5000 10000 -10000  -5000 0 5000 10000

N=02000 Bendwidth= 23723 N=02000 Bendwidth= 23723

Fig. 11. Comparison of Density Between Benchmarks

IO sfof ol A TRset RS 92 Ralstol
sk Hﬂx]lﬂ}ié AOA an E35t ARIMA 232

15 ST T

mg 28siol WIS ) W mao gt gy
2 Rojsiot. Ak J1HS BEslo] Al WKjo} S
H

ACKNOWLEDGEMENT

This research was supported by Basic Science
Research Program through the National Research
Foundation of Korea(NRF) funded by the Ministry
of Education (2017R1D1A1A09000654).

REFERENCES

[1] Verma, S., Kawamoto, Y., Fadlullah, Z. M., Nishiyama, H., &

Kato, N., "A survey on network methodologies for real-time



BST-IGT Model: Synthetic Benchmark Generation Technique Maintaining Trend of Time Series Data 39

analytics of massive IoT data and open research issues", IEEE
Communications Surveys & Tutorials. 19(3), pp. 1457-1477, 2017.
DOI: 10.1109/COMST.2017.2694469
[2] Borgomeo, E., Farmer, C. L., & Hall, J. W., "Numerical rivers:
A synthetic streamflow generator for water resources vulnerability
assessments", Water Resources Research. 51(7), pp. 5382-5405,
2015. DOL: 10.1109/COMST.2017.2694469
Arlitt, M., Marwah, M., Bellala, G., Shah, A., Healey, J., &
Vandiver, B., "lotabench: an internet of things analytics
benchmark", Proceedings of the 6th ACM/SPEC International
Conference on Performance Engineering, pp. 133-144, January
2015. DOI: 10.1145/2668930.2688055
[4] Dua, D. and Graff, C.,"UCI Machine Learning Repository",
[http://archive.ics.uci.edw/ml], CA:  University of
California, School of Information and Computer Science, 2019.
[5] Aljawarneh, S., Radhakrishna, V., Kumar, P. V., & Janaki, V.,
"A similarity measure for temporal pattern discovery in time series

—
(o8]
=

Irvine,

data generated by IoT", 2016 International conference on
engineering & MIS (ICEMIS), pp. 1-4. September 2016.
10.1109/1CEMIS.2016.7745355

[6] Xu, X., Huang, S., Chen, Y., Browny, K., Halilovicy, L., & Lu,

W., "TSAaaS: Time series analytics as a service on loT", 2014
IEEE International Conference on Web Services, pp. 249-256. June
2014. DOI: 10.1109/ICWS.2014.45

[7] Deb, C., Zhang, F., Yang, J., Lee, S. E.,, & Shah, K. W., "A
review on time series forecasting techniques for building energy
consumption", Renewable and Sustainable Energy Reviews. 74,

pp. 902-924, 2017. DOI: 10.1016/j.rser.2017.02.085

[8] De Livera, A. M., Hyndman, R. J., & Snyder, R. D., "Forecasting

time series with complex seasonal patterns using exponential
smoothing", J American Statistical Association. 106(496), pp.
1513-1527, 2011. DOL: 10.1198/jasa.2011.tm09771

[9] Hyndman, R., Koehler, A. B., Ord, J. K., & Snyder, R. D,
"Forecasting with exponential smoothing: the state space
approach", Springer Science & Business Media, 2008. DOI:
10.1198/jasa.2011.tm09771

[10] Jain, Garima, and Bhawna Mallick, "A study of time series models
ARIMA and ETS.", Available at SSRN 2898968, 2017.

[11] Choi, ByoungSeon, "ARMA model identification", Springer
Science & Business Media, 2012.

[12] Fan, S., & Hyndman, R. J., "Short-term load forecasting based
on a semi-parametric additive model",JEEE Transactions on
Power Systems. 27(1), pp. 134-141, August 2011. DOL
10.1109/TPWRS.2011.2162082

[13] Contreras, J., Espinola, R., Nogales, F. J., & Congjo, A. J.,
"ARIMA models to predict next-day electricity prices", IEEE
transactions on power systems. 18(3), pp. 1014-1020, August
2003. DOIL: 10.1109/TPWRS.2002.804943

[14] Singh, S. N., and Abheeject Mohapatra, "Repeated wavelet

transform based ARIMA model for very short-term wind speed
forecasting", Renewable energy. 136, pp. 758-768, 2019. DOL:
10.1016/j.renene.2019.01.031

[15] Farhath, Z. A., Arputhamary,” B., & Arockiam, L., "A Survey
on ARIMA Forecasting Using Time Series Model", Int. J.
Comput. Sci. Mobile Comput. 5, pp. 104-109, August 2016. DOL
10.3390/sym11020240

[16] Drago, Carlo, and Elisabetta Massa, "Measuring and Forecasting
Financial Advisory Demand using a Hybrid ETS-ANN Model",
BORDERS WITHOUT BORDERS:: Systemic frameworks and
their applications, 2019.

Authors

Kyung Min Kim received a B.S. degree in
Department of Computer Engineering from

Yeungnam University, Korea in 2017, a M.S.

s j degree in  Department of  Computer
‘\J,/ . Engineering from Yeungnam University,

in 2019,

candidate in

Ph.D.

Engineering at

Korea, respectively. He is currently a

Department of Computer
Yeungnam University. His current research interests include
architecture, internet of

advanced processor things and

non-volatile memory.

Jong Wook Kwak received a B.S. degree in

Computer  Engineering from  Kyungpook
National University, Daegu, Korea in 1998, a
M.S. degree in Computer Engineering from

Seoul National University, Seoul, Korea in

2001, and a Ph.D. degree in Electrical Engineering and
Computer Science from Seoul National University, Seoul,
Korea in 2006. From 2006 to 2007, he worked as a Senior
Engineer in the SoC R&D Center, at Samsung Electronics
Co., Ltd. During 2011~2012, he was a Guest Researcher at
the Research Institute of Advanced Computer Technology,
Seoul National University. During 2012~2013, he was a
Visiting Scholar at the Georgia Institute of Technology,
Atlanta, GA, USA. As a Head Director, he led DREAM
Software Human Resource Training Center from 2014~2015.
During 2018~2019, he was a Visiting Scholar at Arizona
State University, AZ, USA. He is

Department

Tempe, currently a

professor in the of Computer Engineering,
Yeungnam University. His research interests include advanced
processor architecture, low-power mobile embedded systems,

and high performance parallel computing.



