Statistics and Application i1t 58, 2021, 10(5), 823-826 Hans X
Published Online October 2021 in Hans. http://www.hanspub.org/journal/sa
https://doi.org/10.12677/sa.2021.105085

—METREFERUNBEEIRIESHET

x| 4, & &, AREL HRAT
MR R B S B0 B, e R
2I0IH e B B, L R

ks HiH: 20214F9H16H; A HM: 20214F10A1H; KA H#: 20214F10H15H

wm B

BIDAE &R A & EEARH , &SRB HIRECH 25 M E BT, JiRZ B ERFNMERF RS,
TR PAR R P RS R AT R AT B EERN —AEE. R CMREE =035 2 KBV 2 7
BHE, URICRERENEMEEE, RS REENTERS TR %= B LI sh R 55
%, BETLRITIREE10%LIN,

Xiid
KGR, BEIE, S HIBENR

Non-Parametric Estimation of Volatility
Based on Monte Carlo Simulation

Jia Liu?, Zheng Cao?, Chengyu Fu?, Junjie Duz*

'School of Information and Mathematics, Yangtze University, Jingzhou Hubei
?School of Mathematics and Physics, Jingzhou University, Jingzhou Hubei

Received: Sep. 16", 2021; accepted: Oct. 1%, 2021; published: Oct. 15", 202

Abstract

Option plays an important role in the financial market and is an important lever for financial in-
vestors to obtain benefits. It has always been praised by the academic and financial circles, and the
volatility estimation of the asset won by option price is one of the most important problems. Based
on the stochastic differential equation satisfied by the underlying asset price, this paper uses
Monte Carlo simulation method to obtain the calculated formula of the realized volatility of the
underlying asset. The actual error of numerical experiment is less than 10%.
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Figure 1. Stock price simulation diagram (where red is mean line)
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