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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

k
Y= 0, + Zeifrl +€

i=1

A ()01 554 3, & ARt sl 71E s

So] ghitele BEfo] Bl RS Oujshi ek
oujgitt. of7lolM, QAR ¢, 2 Al (2)9] ol BT B
2 o]gsto] 22al ARMA RS A8 & 9k [11]
ARMA & 2710] oo} TAglo] g U HAlo]

SHSHAY A 7F B4to]l B4 Al HEEA] o
737874 (stationary)o] Q1= AlAIZO gholl A8 4~ 9Tt
ThebA] defie] AAHof|A] ol HEHS] Rlolg ok
Al#(difference}2 ARMA @Hlo] 2i5to] BIZY/doA &
Ak 2 9= Al (3)9] ARIMA(p, d, q) B&E A2 4 Qlth
k k

/= i721®iy/t* 1+ izleietfl +€
(3)
ARIMA(p, d, q) 2&2 37]9] mjzjug 2 o] fojX|=
I 2d=2H, pe AP 129 AR de 1AF AR
o] g . qr Ols FwY A= g AA

g pt quE ARSI Hs ApIEAS
(autocorrelation function, ACF)?} WA |ARIAIS

(partial autocorrelation function, PACF) J72jZ5 o]
g3lo] melujEls AP9E 4 ook [12-16],

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
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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
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V. Experimental Result
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2. Synthetic Benchmark Generation
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