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Short abstract:

The main purpose of this master thesis it to show that Fourier transform
methods can be applied to Option Pricing theory to reduce the computational
time compared with other methodologies like Monte Carlo, when we price
European vanilla options considering the following models: Heston, Bates,
SVJJ, Double Heston and Time Dependent Heston.
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Resumé:

The goal of this master thesis is to prove the computational efficiency achieved to
pricing options through the use of Fourier transform theory, instead of traditional
valuation methods, like Monte Carlo or finite differences. Through this master
thesis, an European call option shall be considered, for which we know the
semi-closed solutions for different models and whose results shall serve us to
further check the values obtained by Fourier techniques, finite differences and
Monte Carlo.

The master thesis is divided into four chapters that shall seek to provide the
necessary information for the proper monitoring of the work. In the first, the
basics of Fourier theory shall be presented. Then, in the second chapter, a
brief and concise overview about the methods to be used to option pricing shall
be made. Shall not be until the third chapter, when we offer the first results
obtained using all the above methodology to price an European call option for
Heston model and four of its variants, such as: the Heston model considering
a jump in the stock equation (Bates model), the Bates model allowing jumps
in variance equation (SVJJ model), the double Heston model, which consider
two variance equations and finally the Heston model with time dependent
parameters. The relevant features of these models are also discussed in this
third chapter, previously to the presentation of the results obtained. Finally, in
the fourth chapter it shall be showed that it is possible to use these algorithms
efficiently for calculating greeks and other sensitivities. This fourth chapter with
the third one, are what offer us relevant results regarding the advantages and
disadvantages of using the FFT and FRFT algorithms for option pricing and
parameter sensitivities and they make up the core of this work.

Due to the completion of this work, it has been checked that algorithms based on
Fourier transform are methods more accurate and faster when assessing options
compared with use of any method based on Monte Carlo simulation, coming
to simultaneously provide prices for 2!! strikes for an order of magnitude time
similar to a single Monte Carlo simulation, but the problem arises, however,
when we try to evaluate exotic options, for which the Fourier methods can
be much more difficult to perform and even in the worst case, impossible to
implement.




Resumé:

El objetivo de este trabajo de fin de méaster, es dejar constancia de la eficiencia
computacional lograda al valorar opciones mediante el empleo de la teoria de
transformadas de Fourier, con respecto de los métodos de valoracién tradicionales,
como son Monte Carlo o diferencias finitas. En este trabajo se ha optado por
valorar una opcién call europea, para la que conocemos soluciones semicerradas
para los diferentes modelos que estudiaremos y cuyos resultados nos serviran
para comprobar ademas el grado de ajuste obtenido para cada modelo mediante
los métodos de Fourier y Monte Carlo.

El trabajo esta dividido en cuatro capitulos en los que se tratara de proporcionar
la informacién necesaria para el correcto seguimiento del trabajo. En el primero
de ellos, se expondran los conceptos bésicos sobre la teoria de Fourier. A
continuacién, en el segundo capitulo, se hard un breve y conciso repaso acerca
de los métodos que seran empleados en la valoracién de opciones. No serd hasta
en el capitulo tercero, cuando se ofreceran los primeros resultados obtenidos
empleando toda la metodologia anteriormente descrita para valorar una opcién
call para el modelo de Heston y cuatro de sus variantes: el modelo de Heston
considerando un salto en el subyacente (modelo de Bates), el modelo de Bates
incluyendo un salto en la parte de la volatilidad, el modelo doble de Heston
y finalmente el modelo de Heston dependiente del tiempo. Las caracteristicas
relevantes de todos estos modelos serdn también comentadas en este tercer
capitulo, previamente a la exposicion de los resultados obtenidos. Finalmente,
el cuarto capitulo mostrarda que también es posible emplear estos algoritmos
de forma eficiente para el cdlculo de griegas y otras sensibilidades. Este cuarto
capitulo junto con el tercero, son los que ofrecen resultados relevantes en cuanto
a las ventajas e inconvenientes de emplear los algoritmos FFT y FRFT para la
valoracién de opciones y calculo de sensibilidades y forman por tanto, el nicleo
del presente trabajo.

Debido a la realizacién de este trabajo, se ha podido comprobar que la aplicacién
de algoritmos basados en transformadas de Fourier son una metodologia mucho
mas precisa y rapida a la hora de valorar opciones que cualquier otro método
basado en simulaciones de Monte Carlo, llegando a proporcionar de forma
simultanea los precios para 2'!' strikes para un orden de magnitud temporal
similar al de una séla simulacién Monte Carlo, aunque el problema surge, sin
embargo, cuando tratamos de valorar opciones exéticas, para los cuales la
metodologia de Fourier puede ser mucho mas complicada de aplicar e incluso en
el peor de los casos, imposible de implementar.
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OVERVIEW OF FOURIER
TRANSFORM IN FINANCE

This chapter provides a brief, but complete discussion about the concepts of
continuous Fourier transforms
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1.4.2 Fourier Transform of Out-of-the-Money Option Prices




2 1. Overview of Fourier Transform in Finance

Introduction

The outline of this chapter is as follows. At first, we will present some useful
results of Fourier analysis and after that Gil-Peldez inversion formula will be
presented. These are all the prerequisites needed to face Carr and Madan
[CM99] inversion formula for European options, which it will be presented in
the last section of this chapter.

The Fourier Transform

Let W be a random variable defined on some probability space (2, F,P). The
Fourier transform of the continuous function f is defined by

flw) = /_OO et () dt < oo (1.1)

where w € R. The original f can be recovered as the Fourier transform by
inversion of f and for this reason as much f as f satisfies the same above
conditions

£t ! /OO e f(w) dw < 0o (1.2)

:% .

The sufficient (but not necessary) condition for the existence of Fourier trans-
form and its inverse is that if f : R — R is in L', i.e, the space of integrable
functions, then:
o0
/ ()] dt < 0o

— 00
Characteristic functions (CF) are closely related to Fourier transforms. Then,
a characteristic function ¢(w), with w € R, is defined as the Fourier transform
of the probability density function P(z)

o(w) = F[P(x)] = /700 e P(z)dr = E [ei‘”] (1.3)

Probability density function P(z) can be obtained by inverse Fourier transform
of the characteristic function using the equation (1.2)

P(z) = F [g(w)] 1/°° ¢ () duo (1.4)

:% .
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These are the basics concepts about continuous Fourier transforms, so we can
already focus on to explain some important applications of these methods to
Finance.

Gil-Peléez (1951) Inversion Theorem

Gil-Peldez [GP51] published his famous inversion formulatin 1951. The follow-
ing proposition states this inversion formula.

Proposition 1. Gil-Peldez Inversion Formula. Let F(z) be the cumulative
distribution function of some variable X. Furthermore, let

oo

o) = [ dr)

— 00

be the associated characteristic function. Then we have

AT N S

(A%

The proof of this proposition can be found in [GP51] and [Ng05].

Next, let ¢(K) denotes the price of an European call on a non-dividend paying
stock with spot price St, strike K and time to maturity 7 =T — ¢. Under the
risk neutral measure Q we have

c(K) =e ""EC (ST — K)*]
= e_TTEQ [(ST - K)]l(ST>K)]
= ¢ ""EQ [ST]I(ST>K)] — Ke ""EQ []I(ST>K)} (15)

where 1 is the indicator function. These probabilities are obtained under
different probability measures. We can write

E? [1(sp>r)] = Q(St > K) = P.

On the other hand, evaluating e~ ""E@ [11( Sp> K)] requires changing the orig-
inal measure Q to another measure Q. We employ the Radon-Nykodym

derivative
dQ _ Br/B; _ EQ[exT] (1.6)
dQs St/ St err '

I This formula was used by Heston in [Hes93] to derive its model.



4 1. Overview of Fourier Transform in Finance

where we define B(t) to be the value of a bank account at time ¢ > 0. We
assume B(0) = 1 and that the bank account evolves according to the following
differential equation:

dB(t) = rB(t) dt, B(0) =1

where r is the risk-free rate. As a consequence,

t
By =exp (/ rdu) =e"
0

Then, we can write e ""EQ [Il(ST>K)} as

Sr/St }
Br/B, 72K

St /S dQ
BT/Bt (ST>K) dQS

= SEY [1(s,5x)]
= S,Q%(Sr > K)

e E? [L(s,5 k)] = SiE? {

— S, EY {

with these results, European call options prices can be written as
C(K) = Stpl - KB_TTPQ (18)

The quantities P, and P» represent the probability of the option expiring
in-the-money, conditioned to the value of the stock S; = e**, where z; = log S
and on the value v; of the variance of the stock price at time t. Hence

P, =Q%(Sr > K) and P, =Q(Sr > K)

Where the measure QQ uses the bank account as numeraire, whereas the measure
Q% uses the stock price S;.

The next proposition can be find in [CM99].

Proposition 2. The probabilities P;, for j = 1,2, obtained under different
measures can be written as

1 1 00 —ipInk 4 (.
P=- / Re [6 Gileimv) (1.9)
2wy ip

where ¢j(p;x,v) represents the characteristics functions ¢1 and ¢o for the
logarithm of the terminal stock price, xr = In St.
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It makes sense that two CF ¢ and ¢ be associated with the Heston model,
due to P; and P, are obtained under different measures. However, only a
single CF ought to exist, because there is only one underlying stock price in
the model, so we can write the probabilities P; and P, in terms of a single CF

P(pra,0) as: da(p) = ¢() and d1(p) = P — i)/ P(—i).

Carr and Madan (1999) Formulation

The Fourier technique illustrated in this section was proposed by Carr and
Madan [CM99] in (1999). It offers advantages in terms of reduced computation
time and an integrand that decays faster than the integrand of the original
Heston [Hes93] formulation and shows that Fourier transform of an European
option exists once singularities are removed by the inclusion of a damping
factor.

1.4.1| The Fourier Transform of an Option Price

Let St denote the price at maturity of the underlying asset of an European call
with strike K. Define also, x = log S7, whose associated risk neutral density
is given by gr(x). Then, the Fourier transform of gr(x), or equivalently the
characteristic function of S, can be written as

or(u) = / e qr(x) dx
Now, let k = log(K), then risk neutral valuation yields
CT(K) =e¢ ""E [(ST - K)Jr]

=e ""E [(e" — e")*]

=e 7 /00 [(e” — 6’“)*] qr(z) dx

— 00

=e 7 /OO [(e" — )M ] gr(z) da
k
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Since

lim c¢p(K)= lim cp(eb)
K—0) k——o00)

=e 7 /:0 [(e” — )] gr(z) dx
= e "TEY [e"] -0
=S,

we have now that cr(e*) does not tend to zero for k — —oo. Thus cr(e¥) is not
in L', the space of integrable functions. For this reason, the Fourier transform
will not exist. Carr & Madan [CM99] rectify this by defining the modified call
price ¢r(k) as

er(k) = e ep(eh)

where @ > 0. For now, we assume that the Fourier transform of ¢r(k) is
well-defined?, so we have ¢ (k) € L.

Yr(v) = / - eker (k) dk (1.10)

— 00

Inverting this expression gives

(k) = - / ek (0) do

27 J_ o

or

e—Q In(K)

er(K) = ——— / T i ) gpp (v) do

2 oo
e~ In(K)

——Re UOOO e~ InE) g (v) dv} (1.11)

™

where the last equality follows from the observation that

o0 © 0
/ 6_ivln(K)wT('U> dv :/ e—ivln(K)¢T<v) dU+/ e—ivln(K)sz(v) dv
—0o0

0 —o0

2A complete study of the dampening factor can be found in [LKO06]
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and where the second term on the right hand side can be rewritten as

0 0
/ efiv ln(K)wT(U) dv = / eiu In(K)wT(_u) du

0o 0

_ /OOO [e—mln(K)wT(u)f du

o T
— |:/ e—iv ln(K),(/)T(U)} dv
0

yield the claim. Note that we have a nice closed form for the Fourier transform
of ET(k)

Yr(v) = /OO e"rer (k) dk

o0

0 .
— / ewkeach(ek) dk

—00

:/Oo ivk ok [ —”/:O(ew—ek) (w)d;v] dk

=e / [/ elivtalk oo —e)dk} dx
=ec / [e elivtalk gp / e(”“‘*l)’“dk] dx

) { e(w—i—a)k e(iv—i—a—i—l)k S
=e / - dx
o [w—i—a oo Lv—i—a—i—l]oo

since for o > 0

lim
k——o0

)k’ = lim

6(iv+o¢+1)k‘ — lim e(iv+o¢)k =0
k——o00

the last expression reduces to

. oo e(iv+a+1)a: 6(iv+a+1)z
Yr(v) =e qr(x) - - dx

o W+« wH+a+1

o] e(eraJrl)a:
— —TrT d
o) {<w+a>(a+w+1>] g

Taking now the Fourier transform for

/ qT(I)e(ieraJrl)x dx :/ qT(I)ei[vf(aJrl)i]z de

o0 — 00



8 1. Overview of Fourier Transform in Finance

we get the characteristic function for the risk neutral price process
or [v— (a+ 1)i].

Finally, we have

e "or[v - (a+1)i]

= 1.12
vr(v) a?+a—v2+i(2a+ 1)v (1.12)
The call price is found through the inverse Fourier transform of ip(v)
cr(k) = e % ep(eb)
_ e—ak: /oo e—ivk}w (’U) dv
P2 . r
e ok [ —ivk
= Re [e " yr(v)] dv (1.13)
0

1.4.2 | Fourier Transform of Out-of-the-Money Option Prices

As it was explained by Carr & Madan [CM99], the equation (1.13) is valid
only for pricing ATM and ITM options. However, for very short maturities,
the call value approaches its intrinsic value (S — K )+, and this forces to the
integrand in the Fourier inversion equation (1.13) to be highly oscillatory, and
therefore, difficult to integrate numerically. In this section, following the steps
given in [CM99], it will be developed an analytic expression in terms of the
characteristic function of the In of the terminal stock price for the Fourier
transform of zr(k), which represents the time 7" maturity price of OTM call or
put option with strike K = e¥.

Defining (r(v) as the Fourier transform of zp(k)

o0

¢r(v) = / e"F zp (k) dk (1.14)
— 0o

The prices of out-of-the-money options are obtained by inverting this trans-

form:

2 (k) 1/00 e~ "WrCr(v) dk (1.15)

:ﬂ .
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Assuming that Sy = 1, the price is given by

ar(k) =e™"" /°° [(" =€) Luchhcoy] ar (@) dz

— 00

+ 6_TT/ [(ex - ek) ]l{ac>k,k>0}] qr(r) dx (1.16)

— 00

Now, as it is described in [PK12], applying the Fourier transform to zp(k), we
obtain

Cr(v) = / h eF 2 (k) dk

— 00

:/ e“’ke*rT/ [(e’C — e””) ]l{x<k7k<0}] qr(x) dzedk

(o) i o0
+ / e“’ke_’”T/ [(e’” — ek) ]l{z>k7k>0}} qr(z) dzdk
—o0

— 00

0 k
:/ ei”ke”T/ (ek —€”) gr(z) dedk

— 00

+ / ei”ke_rT/ (e — €*) gr () dzdk
0 k
0 0o
:/ eiTT/ e (¥ — e*) qr () dudk
+ / e / e (" — e¥) qr(z) dudk
0 0
e'rT

s S ] (17

It is important to point out that when k = 0 and T — 0, 2p(k) is wide
and oscillatory, as can be checked in [CM99]. For this reason it is useful to
include a dampening factor® and consider the transform of sinh (ak)zr (k) as
this function vanishes at k£ = 0. Then

Yr(v) = /OO e'* sinh (ak)zr (k) dk

— 00

_ Cr(v —ia) — (r(v+ia)

1.18
. (118)
and the price of an OTM option is given by
2 (k) = - /00 Rele "k yp(v)] dv (1.19)
27 sinh (ak) Jo '

3A complete study of dampening factor can be found in [LKO6]






PRICcING METHODS

This chapter introduces four theoretical pricing methods and shows how they
can be applied to option pricing
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2.1 Introduction

Many techniques have been suggested to pricing European options under
different assumptions of the underlying asset’s evolution. For example, one
can attempt to find a solution of a pricing partial differential equation (PDE)
using numerical methods. One can also resort to Monte Carlo techniques to
simulate sample paths of the asset. Averaging a sufficiently large number of
realized payoffs then yields the required price. Another methods are based on
Fourier analysis, which presents the advantage of pricing options for a huge
number of strikes very quickly.

The first method that we will study is based on a direct integration (DI) of the
semi-closed formulas for a Call option, once we have solved the model PDE. The
second one is based on Euler Monte Carlo simulation scheme (EMC) and the
last ones are based in Fourier analysis, being these the Fast Fourier Transform
(FFT) and the Fractional Fast Fourier Transform method (FRFT). We will
present these last two methods using the adaptive Simpson’s and Trapezoidal
rules.

Direct Integration Method

Pricing European options in each one of the following models usually requires the
evaluation of an integral, for which we have chosen Gauss-Laguerre quadrature
as approximate numerical method, as it is explained in [Roul3]. The goal is to
approximate an integral defined on [a, b] as the (weighted) sum of functional
values evaluated at several discrete points along the integration domain

b N
/ flx)de = ijf(m])

where the points (x1,...,2x) presesent the abscissas and the points
(w1, ...,wy) are the weights.

Gauss-Laguerre quadrature is really relevant for evaluating the integrals for the
studied models, because it is designed for integrals over the integration domain
(0,inf). If we consider N points to apply the Gauss-Laguerre quadrature, we
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have that abscissas (1, ..., zy) are the roots of the Laguerre polynomial Ly ()
of order N, defined as:

k
Ly(z) =) (_kl!) (JZ)x’f (2.1)
N

where () is the binomial coefficient. There are N roots in all and the weights
are obtained with the derivative of Ly (z) evaluated at each abscissa

N k
Ly(z;) =Y (1(@»—1)1)! (]]Dxf—l forj=1,..N (2.2)

Then, we can define each weight as follows:

N2,
wj:% forj=1,...,N
zj [Liy(25)]

It is important to notice that although the Laguerre polynomial in equation
(2.1) has N + 1 terms, its derivative (2.2) has N terms.

Euler Monte Carlo Method

We will examine the stochastic Euler scheme by the simulation of approximating
discrete-time trajectories. In addition, general definitions for discrete-time
approximations will be given, and the strong and weak convergence criteria for
discrete-time approximations introduced. These concepts will all be developed
more extensively in the Monte Carlo simulations of the models.

One of the simplest discrete-time approximations of an Ito process is the Euler
approximation, or the Euler-Mamyama approximation as it is sometimes called.
Explanation of this method can be find in [KP92] and [FROS].

We will consider an Ito process X = {X;,tp < t < T} satisfying the scalar
stochastic differential equation

dXt = (l(t, Xt)dt + b(t, Xt>th
on tg <t < T with the initial value

X, = Xo.

0
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For a given discretization tg =19 <71 < -+ <7, < -+ <7y =T of the time
interval [tg, T], an Euler approximation is a continuous time stochastic process
Y ={Y(t),to <t < T} satisfying the iterative scheme

YnJrl = Yn + CL(Tn, Yn)(TnJrl - Tn) + b(Tna Yn)(W

Tn+1

- Wr.),
forn=0,1,2,..., N — 1 with initial value
Yo = Xo,
where we have written
Y, =Y ()

for the value of the approximation at the discretization time 7,,. We will also
write
An =Tn+1 — Tn

for the nth time increment and call
6 =max A,
n

the maximum time step. For much of this chapter we will consider equidistant
discretization times
Tn = to +nd

with § = A, = (T —t¢)/N for some integer N large enough so that ¢ € (0,1).

In this work, we have models driven by a two or three SPDE and for this reason
we will consider Cholesky decomposition to enforce correlation between the
Brownian motions.

Fast Fourier Transform Method

Carr & Madan [CM99] in 1999, applied this method to speed up the computation
of option prices. In order to illustrate the algorith, it is important to keep
in mind that the Discrete Fourier Transform maps a vector of points (x =
Z1,...,2N) to another vector of points (& = 21, ..., 2y) via the relationship

e~ i2x (] 1) k 1) for k = 1,. .. 71\1 (23)

Mz

Jj=1
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In DFT we computes these sums independently one of another, hence the
number of arithmetic operations is of order N2, i.e. O(N?). It was 1965
when Cooley and Tukey [CT65] showed that it was possible to have the DFT
evaluated with O(N log, N) arithmetics operations and computed these sums
simultaneously.

Figure (2.1) illustrates the huge differences between O(N?) and O(N log, N)

DFT vs FFT
2500 ; ‘ ‘

N IogzN

2000 1

1500 1

1000 1

500 1

Number of arithmetics operations

ol : . . .
0 10 20 30 40 50
N

Figure 2.1: Huge differences between O(N?) and O(N log, N)

This method is designed for evaluating integrals approximating them using an
integration rule as follows

N-1

/0 e (u) du ~ Z et Q/Ajjn (2.4)

j=0
Two examples of possible approximations are given by the trapezoidal rule

N-1

b h h
[ f@dom Srte) + 1Y ) + 5 fan) (25)

j=2
or by the Simpson’s rule

N/2-1 N/2

b
[ @dem i)+ 3 flaa)+ 5 Y feayn) + 5 ew) 20)

We saw in equation (1.13), that using the Carr and Madan representation, the
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call price is given by

cr(k) = e /000 Re {e‘“’k ¢ Torfv=—(a+ 1)1]) } dv

v a?+a—v2+i(2a+ 1)v

To implement the FFT algorithm, we must discretize equation (2.4) in strikes
and integration domains. Then, as Carr and Madan explain in [CM99], if we
approximate the call price by the trapezoidal rule over the truncated domain
[a, b] for v and using N discretization points

={-1)m forj=1,...,N (2.7)

where b = N7, being 7 the increment, then

wjkd} )]

where the weight are determined according the integration rule chosen before.
As Carr & Madan point out, we are mainly interested in values c(k), of at-the-
money calls, which correspond to k near 0. The FFT returns N values of k
and we employ a regular spacing of size A, so that our values for the strike
range, k are given by

ky=—04+(u—1A+1InS; foru=1,...,N (2.8)

This gives us log strike levels ranging from InS; — § to In S, + J — A, where
0 = N)A/2. Substituting (2.7) and (2.8) into (2.4), we obtain that the call price
is given by

—ak, N ) ) )
C(ku) o ne - ZRe [E_ZAU(]_I)(u_l)el(é_lnSt)vj'I/J(vj)} wj (29)

Jj=1

To apply the FFT, we note from equation (2.3) that we have the following
constraint on the increments 1 and A

U)\Zﬁ

being this is an important limitation of the FFT algorithm, since it entails a
trade-off between the grid sizes.
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Fractional Fast Fourier Transform Method

The Fractional Fast Fourier Transform (FRFT), was applied in Finance by first
time by K. Chourdakis [Cho04] in 2005. Compared with FFT, this method
relaxes the constraint An = 27 /N on the grid size parameters, so that the term
1/N in the exponent of FFT is replaced with a general term 8. The FRFT
algorithm has the advantage of using the characteristic function information in
a more efficient way than the straight FFT. Therefore less function evaluations
are typically needed and substantial savings in computational time can be
made.

ne—aku N ) )
Ty = Rele= A=D1z ] foru=1,..,N (2.10)

Jj=1

On the other side, the relationship between A and n becomes An = 273. Hence,
we can choose the grid size parameters freely, and set

A7)
7=
To implement the FRFT on a set of points (z1,...,2x), we first define the
vectors y and z, each of dimension 2N.

y = ([eiw(jl)gﬁxjrv ’[0]?’:1>

j=1
7 = |:@i7r(j*1)2ﬁ:| N |:€i7T(N7j+1)2ﬁj| N
j=1 j=1

The next step is take the FFT of y and z to obtain § = D(y) and Z = D(z),

A

taking their product element by element, which produces the vector h of
dimension 2N defined as:

=

=yoz={yz}

Now, take the inverse FFT of h to produce the vector h = D~ (ﬁ) of dimension
2N. Finally, multiply element by element the resulting vector with the vector e

defined as N
_ —im(k—1)%8 N
¢ ([e ]k:l ’ [O]k—l)



18 2. Pricing Methods

Therefore, we can write the FRFT in compact form as:

t=eoD Yh)=ec DYy 0 2)
=e® D ' [D(y) ® D(z)]

We have take only the first N terms of X, whereas the next N terms are dis-
carded, as all of them are zeros. If we compare FRFT with FFT, the first
method takes the N-vector x and maps it to the N-vector X. However, the
FRFT uses the intermediate 2N-vectors y and z, and requires the computation
of two FFTs in the intermediate steps. Nevertheless, the increase in compu-
tational time required by the two intermediate FFTs is usually offset by the
increase in accuracy due to being able to chosen the strike and integration grid
independently and as small as we wish.



THE MODELS

This chapter presents the Heston model and four variants, as well as their
characteristic functions and numerical options prices
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Introduction

This chapter presents five models, namely, the Heston proposed in [Hes93]
(1993) model and four variants of this model that were presented in Bates
[Bat96] (1996), the SVJJ model proposed in Duffie et al. (2000), the Double
Heston model introduced by Christoffersen et al. [CHJ09] (2009) and a Time-
Dependent Heston model proposed by Mikhailov and Nogel [MNO04] (2004).
Fach subsection starts showing the SDPEs that define each model and describes
the corresponding parameters. The second part of each section presents the
analytical formula of the characteristic function of the corresponding model
and applies it to pricing options by different methods, direct integration of
semi-closed solution via Gauss-Laguerre quadrature, Fourier algorithms via
Simpson’s and trapezoidal rules, and Monte Carlo simulation.

Finally, it is important to indicate that for a similar temporal magnitude order,
Fourier methods provide at the same time prices for about 2'! strikes, while
Monte Carlo simulation, provides only a single strike price. Here is the great
advantage of Fourier methods over Monte Carlo simulations. So the following
analyses represent a valid comparison in the only case that we are interested
in knowing the price for a given strike, since otherwise, Fourier methods are
much more powerful.

The Heston (1993) Model

The Heston Model [Hes93] is based on two differential stochastic equations for,
respectively, the evolution of the underlying asset price S; and its variance
Vi

dSt = rStdt + \/EStdWLt

d’Ut = 5(9 - 'Ut)dt + Ude2,t (31)
EF [dWy ;dWa 4] = pdt
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The parameters of the model are:

= the drift of the process for the stock
% > 0 : the mean reversion speed for the variance
# > 0 : the mean reversion level for the variance
o > 0 : the volatility of the variance
vg > 0 : the initial level of the variance

p : the correlation between the two Brownian motions W; ; and Wy,

We have here a pure diffusion model, which does not allow for jumps in the
stock price or the variance processes. Unlike the Black-Scholes model, the
volatility in the Heston model is stochastic and follows a mean-reverting square
root process, a process originally proposed by Cox, Ingersoll and Ross [CIJR85]
to model the spot interest rate.

3.2.1 Characteristic Function

Heston [Hes93] postulates that the characteristic function for the logarithm of
the stock price, zp = In S, has the following log linear form

¢j(pszt,v) = E[g;(p; 27, v7) |[F]
=F [ewlnsﬂ(xt,vt)] (3.2)
= exp [Ci(7,¢) + Dj(T, p)vi + ipwy]

where ¢ = /—1 and:

1—q. d;T
Gy = ripr+ = {(bj — poip +d;)T —2In <gje J )] (3.3)

1—gj
by — poip +d; 1—edi™
N o? 1—gediT

D, (3.4)



22 3. The Models

with:

N bj — pO’l(,O + dj

by — poip —d;

dj = \/(/m‘so —b;)* — 0% (2u5ip — ¢?)

1 =1
uj = 2 lfj_la
-1, ifj=2;

27

b — k+A—po, ifj=1;
N RSy if j = 2;

a= kb

3.2.2 Numerical Results

We present here the results obtained for the Heston model when we employ the
four methods presented before; direct integration of the semi-closed solution
by means of Gauss-Laguerre quadrature, Monte Carlo simulation, Fast Fourier
Transform and Fractional Fast Fourier Transform. The latter two Fourier
methods will be implemented via Trapezoidal and Simpson’s rules.

It is important to point out that all the numerical results have been obtained
by means of laptop with an Intel Core i5 processor of four cores running at
2.27 GHz and with 4.00 GB of RAM memory. Increasing the number of cores
and speed of the CPU would probably allow us to get better results.

For an European Call option, we consider a strikes range of K € [70,130]
and the values Sy = 100, K = 2, § = 0.06, 0 = 0.1, v9 = 0.06,p = 0.9, 7 =
0.5, » = 0.05 and g = 0, where ¢ denotes the dividend payment as a continuous
yield. Figure (3.1) shows three graphs that include the adjustments comparing
the Fourier algorithms with the closed solution, the errors in the previous
adjustment and CPU times.
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Price Price CPU Times

u A fA
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CPU Time (5)
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(a) Adjustment (b) Errors (¢) CPU Times

Figure 3.1: Adjustments, errors and CPU times for Fourier Methods in the Heston
model

The figure (3.1a)* shows that FFT and FRFT are in accordance to the solution
provided by DI method for the strikes range, as it can be seen in figure (3.1b).
In this last figure we can see that accuracy order for the whole strike range is
approximately 4.8 x 107%% in arithmetic mean for FFT under trapezoidal rule
and approximately 5.4 x 1073% in arithmetic mean for FRFT under trapezoidal
rule also?. The most relevant aspect in these errors are that they show an
increasing slope in FFT, which can be explained due to the different algorithm
applied in each case depending on we price ITM or OTM options. On the other
hand, CPU times are showed in figure (3.1c) where it can be seen that FRFT
method is more faster than FFT but losing accuracy, so we necessarily need
make a trade-off between accuracy and CPU time.

Before presenting the tables, we need to point out that we have decided to
prioritize accuracy rather than CPU time to show how the time that Fourier
methods required to reach a fourth order of accuracy in comparison with the
CPU time requires by Monte Carlo methods. For these purposes, we have
chosen the parameters o = 1.75, N = 2'! and uplimit = 700 for both Fourier
methods and the exclusive parameters n = 0.1, A = 0.005 for FRFT whereas,
on the other side, all the Monte Carlo simulations have been implemented out
with 50 time steps.

The next tables provide the results for an European Call option under the
Heston pricing model by applying direct integration of semi-closed solution,
Monte Carlo, and FFT and FRFT methods in their two alternative approxima-
tions under the following conditions aforementioned. We consider three cases
depending on the moneyness of the option.

1This graphs only provide the results for the Fourier techniques implemented via trapezoidal
rule for reason of readability.

2Results under the Simpson’s rule are very similar to those obtained with the trapezoidal
rule and are not presented for the sake of brevity.
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We begin with the ITM options.

IT™
Method Price  Error (%) Time (s)
Closed Form 31.9150 0.0000 0.0020
Monte Carlo 10000 paths 32.1107 0.6134 0.0900
Monte Carlo 50000 paths 31.8269 -0.2761 0.2770
Monte Carlo 100000 paths 31.9387 0.0745 0.6320
Monte Carlo 150000 paths 31.9241 0.0287 0.9230
FFT Trapezoidal Rule 31.9150 0.0001 0.2640
FFT Simpson’s Rule 31.9150 0.0001 0.2450
FRFT Trapezoidal Rule 31.9149 -0.0003 0.0100
FRFT Simpson’s Rule 31.9149 -0.0003 0.0090

Sp = 100, K = 70.46, x = 2, § = 0.06, o = 0.1, vy = 0.06, p = 0.9

Table 3.1: ITM results for the Heston model.

At first sight, we can see that, with the configuration chosen, Fourier methods
are more accurate than either Monte Carlo method and even less time consuming
than the simulations with at least 50,000 paths.

It can be seen that effectively FRFT is the fastest method and almost as
accuracy as FFT, being their accuracies of the same order (~ 1074%). For this
reason, we should be aware of this limitation and make a trade-off between
CPU time and accuracy required when we use this method for option pricing.

Furthermore, the FFT is the most accurate method, which is due to the
parameters chosen before implementing the model, N and uplimit are the
same that the FRFT method. Different set ups allow us to control the accuracy
and CPU times. However, by far, the FRFT is the most versatile method in
the sense that, modifying its parameters, we can achieve a great adjustment
for CPU time or the accuracy error.

On the other hand, focusing on Fourier methods, there are not any noticeable
differences in accuracy between the trapezoidal or Simpson’s rule but, regarding
times, we can appreciate that CPU times are higher for the trapezoidal rule
than for the Simpson’s rule. A possible explanation for this can be related to
the code vectorization in MATLAB.
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The results for ATM options are provided in the next Table.

ATM
Method Price Error (%) Time (s)
Closed Form 8.0902 0.0000 0.0010
Monte Carlo 10000 paths 8.0589 -0.3866 0.0610
Monte Carlo 50000 paths 8.0247 -0.8090 0.2700
Monte Carlo 100000 paths 8.1616 0.8829 0.5920
Monte Carlo 150000 paths 8.0305 -0.7380 0.9260
FFT Trapezoidal Rule 8.0902 -0.0000 0.3340
FFT Simpson’s Rule 8.0902 -0.0001 0.2820
FRFT Trapezoidal Rule 8.0901 -0.0001 0.0050
FRFT Simpson’s Rule 8.0901 -0.0001 0.0040

So = 100, k =2, 0 = 0.06, & = 0.1, vy = 0.06, p = 0.9

Table 3.2: ATM results for the Heston model.

In this case, the most relevant result is that the FRFT method almost achieves
the same accuracy order than FFT methods, but with a significantly shorter
CPU time (up to eight time less). It can be explained due to the special
circumstances of this table as it shows the ATM options results and, in this
case, the Fourier methods can reach an extraordinary accuracy modifying the
parameters. Again, the FRFT shows the best results as it has been implemented
with the same parameters N and uplimit than the FFT method and has been
enhanced with the choice of parameters 1 and .
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Finally, we present the results for OTM options under this model.

OTM
Method Price Error (%) Time (s)
Closed Form 0.9904 0.0000 0.0010
Monte Carlo 10000 paths 0.9490 -4.1764 0.0720
Monte Carlo 50000 paths 1.0125 2.2300 0.2420
Monte Carlo 100000 paths 0.9880 -0.2401 0.7640
Monte Carlo 150000 paths 0.9779 -1.2569 0.9270
FFT Trapezoidal Rule 0.9904 0.0061 0.2680
FFT Simpson’s Rule 0.9904 0.0058 0.2610
FRFT Trapezoidal Rule 0.9905 0.0118 0.0050
FRFT Simpson’s Rule 0.9905 0.0118 0.0050

Sp =100, K = 129.73, k = 2, 6 = 0.06, o = 0.1, vy = 0.06, p = 0.9

Table 3.3: OTM results for the Heston model.

Here, we can see that the pricing errors for all the methods increase with respect
to Table (3.2) and for both trapezoidal or Simpson’s rules of integration, being
this the most relevant result for OTM options. Needless to say, the FRFT is
again the fastest method, by construction of its algorithm.

Until now, we have presented the results for the Heston model, for which we can
appreciate some advantages of the Fourier methods for European option pricing,
being these the accuracy order reached and the CPU time required to compute
option prices. We have also seen that the FFT and FRFT algorithms present
a different behavior regarding both aspects, being FFT the most accurate
and FRFT the fastest one. For the Heston model, it may seem that these
algorithms do not provide a great advantage compared with the Monte Carlo
method, but we will see that, for more complicated models as the SVJJ or the
double Heston models, FFT and FRFT are a serious alternative to be taken
into account.

It is also important to keep in mind that Fourier prices for OTM calls in (3.3)
have been calculated by using alternative algorithm proposed by Carr and
Madan [CM99] instead of the algorithm applied for ATM or ITM options. For
this reason we appreciate some significant increments of accuracy losses in
these results.
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The Bates (1996) Model

This model was proposed in [Bat96] and, compared with the Heston (1993)
model, it considers jumps that are independently and identically distributed
and modeled by a compound Poisson process in the asset price evolution. The
model has the following risk-neutral dynamics:

dS; = (r — Apy)Sidt + \/0;S;dWy 4 + JS:dN;
dvy = k(0 — vy)dt + oyy/vidWay (3.5)
EF [dW) ;dWa 4] = pdt

where the new terms included are:

A : annual frequency of jumps
J : random percentage jump conditional on a jump ocurring

N : Poisson counter with intensity lambda

with
1+ J ~1logN (us,03)

and where the relationship between ug and py is the following:

0.2
HJZel‘p(us+25> -1

3.3.1 Characteristic Function

The characteristic function of Bates model [Bat96] has the same appearance as
that in the Heston model, with the only difference of a jump part.

b5 (03 4, v1) = E (85 (0; 27, v1) |84
=F [eicpln ST‘(xt,'Ut)]

= exp [C5(T, ) + Dj(7,p)v + P(p)AT + iy (3.6)
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where the functions C;(7, ¢) and D;(7, ¢) are the same as for the Heston model.
On the other side, P(y) is defined by:

2

Pp) = —pgip + | (1 + pg)*® 8 (F)e-1 1 (3.7)

3.3.2 Numerical Results

We present now the results for the Bates (1996) model. The four numerical
methods mentioned before are used again to price an European call option
with the following parameters: kK = 2, § = 0.06, oy = 0.1, vg = 0.06, p =
0.9, 7 =0.5, r =0.05, ¢ = 0. The additional parameters needed to implement
this model are A = 3, ug = —0.05, ¢ = 10~%. The parameters chosen to
implement both Fourier methods are o = 1.75, N = 22 and uplimit = 425,
whereas the FRFT exclusive parameters have been n = 0.1 and A = 0.005. As
it can be observed, the values of N and uplimit are smaller than those used
to implement the Heston (1993) model. The reason is that it can be checked
numerically that any increase of these values does not improve the accuracy
and implies a drastic increment of CPU time.

Figure (3.2) shows the adjustment, errors and CPU times.
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Figure 3.2: Adjustments, errors and CPU times for Fourier Methods in the Bates
model

Figure (3.2a) shows that both Fourier algorithms follow very close the prices
provided by the integration of semi-closed solution via the Gauss-Laguerre
quadrature, despite of the existence of jumps in this model, although they are
small. As can be seen in Figure (3.2b), because of the jumps, the errors in
the Bates model are higher than in the Heston model. In this case, we have
that the behavior of both methods is very close each other, with a remarkable
increased slope along the strikes range. These errors are of the same magnitude
order with a mean value of 107%%, which it is more accurate than in the Monte
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Carlo method, whit a mean error around 0.4% when we consider n = 50 time
steps and 1.5 x 10% paths. CPU times are presented in Figure (3.2c) where we
can see that the FRFT is more than one magnitude order faster than the FFT
algorithm. Looking at Monte Carlo simulations with the fastest simulation

(10* paths), we note that it is approximately seventeen times slower than the
FFT algorithm.

As in the Heston (1993) model, we present now the results for call option prices,
distinguishing by its moneyness.

Table (3.4) shows the results at maturity for ITM options.

IT™
Method Price Error (%) Time (s)
Closed Form 31.6284 0.0000 0.0030
Monte Carlo 10000 paths 32.0012 1.1785 0.4300
Monte Carlo 50000 paths 31.6742 0.1447 1.8040
Monte Carlo 100000 paths 31.6597 0.0987 3.8020
Monte Carlo 150000 paths 31.6780 0.1568 5.6010
FFT Trapezoidal Rule 31.6305 0.0064 0.0940
FFT Simpson’s Rule 31.5869 -0.1315 0.0290
FRFT Trapezoidal Rule 31.6303 0.0058 0.0090
FRFT Simpson’s Rule 31.6303 0.0058 0.0040

Sp =100, K = 70.46, = 2, 6 = 0.06, o = 0.1, vy = 0.06, p = 0.9
A =3, ps = —0.05, 0g = 1074

Table 3.4: ITM results for the Bates model.

This table reflects all the issues discussed previously. For example, in general,
Monte Carlo simulations are less accurate than any other method based on the
Fourier algorithm, except the FFT implemented via Simpson’s rule that provides
the worst accuracy. Focusing on the FFT technique, a quite counterintuitive
result is that the implementation via SR does not fit very accurately the
price compared with TR, although it is more than three times faster than
the alternative based on TR. The reason is that exists a minimum number of
points, NV, to calculate the integral via the Simpson’s rule to implementing
the FFT algorithm correctly, and we have calculated the integral under this
limit.

The following tables will not provide this conclusion. In this case, it is clear
that for ITM options is more convenient to price using the FRFT instead of
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any other method, because the best results are obtained implementing this
algorithm. Other relevant aspect is the CPU time, which is abnormally large

in relation to its mean value, as can be seen in figure (3.2c).

Next table, represents the ATM options case.

ATM
Method Price Error (%) Time (s)
Closed Form 8.0733 0.0000 0.0010
Monte Carlo 10000 paths 8.1732 1.2375 0.3690
Monte Carlo 50000 paths 8.1906 1.4523 1.7740
Monte Carlo 100000 paths 8.0925 0.2377 3.5890
Monte Carlo 150000 paths 8.0805 0.0892 5.5430
FFT Trapezoidal Rule 8.1073 0.4209 0.0230
FFT Simpson’s Rule 8.0640 -0.1161 0.0230
FRFT Trapezoidal Rule 8.1071 0.4186 0.0010
FRFT Simpson’s Rule 8.1071 0.4186 0.0020

So = 100, k = 2, 6 = 0.06,

oy = 0.1, v9 = 0.06, p = 0.9

A=3, ug=—0.05, og = 10~*

Table 3.5: ATM results for the Bates model.

We can see that the FFT algorithm implemented via SR is more accurate than
the alternative based on the TR. We have analyzed again whether Fourier

algorithms are faster than the Monte Carlo technique but, now, while Monte

Carlo prices present a similar error size to that for ITM options, we find that
the price errors from the Fourier algorithms have increased in two magnitude
orders, which was observed when discussing Figure (3.2b). Interestingly, CPU
times have decreased in a significant amount with a much smaller variance.
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We finish this section providing the Table for OTM options.

OTM
Method Price Error (%) Time (s)
Closed Form 0.9268 0.0000 0.0010
Monte Carlo 10000 paths 0.9280 0.1310 0.3760
Monte Carlo 50000 paths 0.9305 0.4008 1.7710
Monte Carlo 100000 paths 0.9501 2.5197 3.5840
Monte Carlo 150000 paths 0.9259 -0.0902 5.4710
FFT Trapezoidal Rule 0.9412 1.5555 0.0220
FFT Simpson’s Rule 0.8981 -3.0889 0.0240
FRFT Trapezoidal Rule 0.9412 1.5553 0.0020
FRFT Simpson’s Rule 0.9412 1.5553 0.0010

So = 100, K = 129.73, k = 2, 6 = 0.06, o = 0.1, vy = 0.06, p = 0.9
A =3, us = —0.05, o5 = 104

Table 3.6: OTM results for the Bates model.

As shown in Figure (3.2b), pricing errors from any Fourier algorithm are
increasing as the option goes deep OTM. In the extreme situation represented
in Table 3.6, the accuracy of the Fourier method corresponds to an error in the
units, so it is necessary to adjust the parameters N and uplimit to improve
the accuracy or if the CPU time is not too important, consider Monte Carlo
method as an alternative. In any case, it is worthy to take into account that the
FRFT is more flexible to solve this drawback as it incorporates the parameters
7 and A jointly with the parameters indicated before.

The SVJJ (2000) Model

This model was proposed by Duffie et al. [DPS00] in (2000) and extends the
Bates (1996) model adding jumps in the variance process. As a result, the
model is based on the following risk-neutral dynamics:

dS; = (1 — Muy)Spdt + /v:.S;dW1 ¢ + JS1dNy
dvy = k(0 — vy)dt + 0y\/0:dWa s + ZdN; (3.8)
EF [dWy ;dWa 4] = pdt
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where the jump terms are defined as:

Z ~ exp(py)
(1+J) ~ LogN (us + psZ,0%)

with:

0_2
exrp (us + 75)

Hr= pIMY

3.4.1 Characteristic Function

The characteristic function of the SVJJ model has the same appearance as that
in the Bates (1996) model, but with a more complicated jump part. Poklewski
[PK12] provides the following closed-form expression:

b5 (p; e, v) = Elg;(w; o7, v7) [F]
= ]E I:Ciwln ST|(CL't, Ut)]
=exp [Cj(1,¢) + D;(1,0)ve + Pj(1, 0) X + ipy] (3.9)

where the functions C;(7, ¢) and D;(7, ¢) are the same as for the Heston model.
On the other side, P(7, ¢) is defined by:

) ) 0.2 i 2
Pj(r,¢) = =7 (1 +ipps) + exp {wus + S(;O) } vj (3.10)
where
5j + dj 4uva
V. = T log (19
= Brd)e—oma’ T @or - Guva— g B W)
c=1—1ippspuy
and
2 .
0o ¥ triv)
2
Bj = bj — povip
2
9V
T
dj — B;)c+2
9, =1- (dj — Bj)e+2pva (1 _ edj‘r)

dec



3.4. The SVJJ (2000) Model 33

where b; was defined in the Heston model section.

3.4.2 Numerical Results

This Subsection presents the numerical results for the SVJJ model. As this
model includes jumps in both SPDEs, it is more difficult to pricing options
correctly in this model, so we must consider a lightly jump parameters. As our
goal is to price European call options by using the methods considered in the
previous sections, we consider the following parameters: kK = 2, § = 0.06, oy =
0.1, vo = 0.06, p = 0.9, A =3, pug = 0.014, 05 = 1074, p;j = —04, py =
0.01 and a strikes range of K € [70,130]. For both Fourier algorithms, we take
a =175, N = 21 and uplimit = 700, while the FRFT is implemented with
its exclusive parameters n = 0.1 and A = 0.005.

Figure (3.3) shows the adjustment, errors and CPU times.

Price Price CPU Times
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Figure 3.3: Adjustments, errors and CPU times for Fourier Methods in the SVJJ
model

Figure (3.3a) represents the adjustment to the exact price of both Fourier
methods under the trapezoidal rule® to integrate the semi-closed solution via
the Gauss-Laguerre quadrature. At first sight, both algorithms seems to fit
fairly well the prices, but we need to consider the implementation errors. Figure
(3.3b) illustrates that the errors for the SVJJ model show a similar aspect
to those in the Bates model as this Figure is graphically identical to Figure
(3.2b)). As we will see later, pricing errors for OTM options are greater than
those for ITM options. In any case, the errors are around 1072,

CPU times are different from those in the Bates model although both figures
show the same aspect. Now, the mean CPU time is one order higher than

3Results from the Fourier methods with the Simpson’s rule are very similar, so they are not
presented here.



IT™
options

34 3. The Models

CPU times for the Bates model, an expected result taking into account the
complexity of this model. In short, these values for the FFT and for the FRFT
are, respectively, of 10~ s and of 10~2s order while they are much higher for
the Monte Carlo approach.

As in the previous cases, we present the prices for the different degrees of
options moneyness.

Table (3.7) summarizes the results for ITM options.

IT™

Method Price  Error (%) Time (s)
Closed Form 31.9142 0.0000 0.0030
Monte Carlo 10000 paths 31.7928 -0.3806 2.2280
Monte Carlo 50000 paths 32.0682 0.4823 10.7900
Monte Carlo 100000 paths 31.9161 0.0058 22.3490
Monte Carlo 150000 paths 32.0178 0.3244 36.3570
FFT Trapezoidal Rule 31.9165 0.0070 0.3440
FFT Simpson’s Rule 31.9165 0.0070 0.2380
FRFT Trapezoidal Rule 31.9164 0.0066 0.0170
FRFT Simpson’s Rule 31.9164 0.0066 0.0100

So =100, K =70.46, K = 2, § = 0.06, oy = 0.1, vg = 0.06, p = 0.9
A=3, us =0.014, 05 = 1074, p; = —0.4, py = 0.01

Table 3.7: ITM results for the SVJJ model.

This Table shows that CPU times of Monte Carlo methods are much larger
than those in Fourier methods and, moreover, they do not guarantee the same
grade or accuracy than these algorithms. The last figure shows that both
Fourier methods reach the same accuracy order. Clearly, the FRFT is the best
alternative to price ITM options in this model.
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ATM  The results for this type of options are summarized in the next Table.
options

ATM

Method Price Error (%) Time (s)
Closed Form 8.0706 0.0000 0.0010
Monte Carlo 10000 paths 8.5833 6.3529 2.2600
Monte Carlo 50000 paths 8.4273 4.4208 11.4860
Monte Carlo 100000 paths 8.3981 4.0587 23.2030
Monte Carlo 150000 paths 8.4520 4.7259 33.4450
FFT Trapezoidal Rule 8.1102 0.4910 0.2330
FFT Simpson’s Rule 8.1102 0.4909 0.2350
FRFT Trapezoidal Rule 8.1102 0.4909 0.0070
FRFT Simpson’s Rule 8.1102 0.4909 0.0060

So =100, k =2, 6 = 0.06, oy = 0.1, vy = 0.06,p = 0.9
A=3, us =0.014, 05 = 1074, p; = —0.4, py = 0.01

Table 3.8: ATM results for the SVJJ model.

All the methods provide now much larger errors, being this increase specially
large in the Fourier algorithms, where they increase two magnitude orders,
whilst the errors in the Monte Carlo method have increased one magnitude
order. Now, CPU times for Fourier algorithms are lower than before while, as
expected, CPU times for the Monte Carlo are similar to those in the previous
Table. Anyway, the FRFT is again the best choice to price European call
options under this model.
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OTM  The last case under analysis relates to Deep Out-of-the-Money and is shown in
options  Table (3.9).

OTM

Method Price Error (%) Time (s)
Closed Form 0.9818 0.0000 0.0010
Monte Carlo 10000 paths 1.0676 8.7409 2.1340
Monte Carlo 50000 paths 1.0943 11.4644 11.1240
Monte Carlo 100000 paths 1.1419 16.3071 22.5510
Monte Carlo 150000 paths 1.1440 16.5278 34.4080
FFT Trapezoidal Rule 0.9990 1.7588 0.2550
FFT Simpson’s Rule 0.9990 1.7584 0.2620
FRFT Trapezoidal Rule 0.9991 1.7645 0.0070
FRFT Simpson’s Rule 0.9991 1.7645 0.0060

Sp = 100, K = 129.73, k = 2, 6 = 0.06, o = 0.1, vy = 0.06, p = 0.9
A=3, us =0.014, 05 = 1074, p; = —0.4, puy = 0.01

Table 3.9: OTM results for the SVJJ model.

Corroborating Figure (3.3b), the errors have increased even more in comparison
with the last table, but to a lesser extent, being now of one magnitude order.
The same is true for the Monte Carlo algorithm. In both cases, CPU times
are close to its mean, so one more time, the FRFT is the most accurate and
fastest algorithm among all.

The Double Heston (2009) Model

To match precisely the market implied volatility surface, we can specify a two-
factor structure for the volatility instead of a jump component as considered
before. This approach was proposed in Christoffersen et al. [CHJ09] leading
to a double Heston model. This model considers that the variance of the
underlying asset can be split in two components, each following a stochastic
process of CIR-type:
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For the sake of simplicity, we assume the following correlation structure:

dS; = (r — q)Sedt + \/v1,:S:dWi ¢ + /U2 1 dWs 4
dvie = k1(bh — v14)dt + 01\/010dZ0 (3.11)
dvat = Ko (02 — Vo )dt + 02\/V2 A7+

For the sake of simplicity, we assume the following stochastic structure:

E [dWLtle,t] = pldt
E [dWQ’tdZQ’t] = pgdt (3.12)
E [dWLtdWZt] = ]E [dZLtdZQ’t} = E [dWLtdZQ,t] = E [dWQ,tdZLt] = 0

Furthermore, the probabilities P, and P, for the Double Heston model, obtained
under different measures, are different from probabilities given for (1.9), which
are valid only for Heston, Bates, SVJJ and Mikhailov and Nogel models. In
[Roul3] we can find the following proposition.

Proposition 3. The probabilities Py and Py for the Double Heston model can
be written as

1 1 [ eIk G(o — Qs ay, vig, vor)
P=—-+—- R AL d 3.13
'Ta A ‘ { iipSyelr=aT ] 7 (3:19)
1 1 o —iplnk .
P2 = -+ 7/ Re |:€ (b(%ﬁ‘%l’t,vlt,vzt)] ng (314)
2 7/ ip

where ¢(p; Ty, V11, Vor) TEPTEsents the characteristics function for the logarithm
of the terminal stock price, xp = In Sp.

3.5.1 Characteristic Function

Just as the standard Heston model, the Double Heston model belongs to the
larger class of affine models, for which the computation of the characteristic
function is rather straightforward. Duffie et al. [DPS00], found that the
characteristic function for ¢ = (g0, ¢1, 2) and (x, v1 7, v2 1) has the following
linear form

(@5 ¢, v1,4,v2,) = Eexp(ivoxr + ip1v1,r + ipava )]
= exp[A(T) + Bo(T)xt + B1(7)v1 ¢ + Ba(T)va 4] (3.15)
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where

2
9 17 . djT
AT, ) = (r — q)pit + E % |:(Iij — pjojpi+d;)T —2In <g]e)]
j=1 17

Ki— pioipt+d; 1—edT
BJ(TWP): : ’ é ’ (1_gjedj7—

g;

and

Iij — ij'ngi + dj

Kj = pjojpi —d;
%=Vmw—mWWP+ﬁ¢W+U

9; =

3.5.2 Numerical Results

We present the numerical results for the Double Heston model. Similarly to the
previous models, we price European call options considering a range of strikes
in [70,130] with the following parameters: Sy = 100, k1 = 2, 6; = 0.005, o1 =
0.2, Vo1 = 004, P1 = 06, Rg = ].5, 92 = 0006, g9 = 025, Vo2 = 003, P2 =
—0.6, 7= 0.5, » = 0.03 and ¢ = 0. Additionally, Fourier algorithms are based
on the parameters a = 1.75, N = 2'! and uplimit = 700. Finally, the FRFT
is implemented with = 0.1 and A = 0.005, since this configuration is the most
suitable for our purposes.

Figure (3.4) shows the results obtained.

Price CPU Times

Error (96)

ol
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Figure 3.4: Adjustments, errors and CPU times for Fourier Methods in the Double
Heston model

Figure (3.4a) illustrates that both Fourier methods implemented via the trape-
zoidal rule adjust correctly option prices computed by integrating the semi-
closed solution via the Gauss-Laguerre quadrature. Figure (3.4b) shows the
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pricing errors, with mean values of 1.6 x 1073% and 6.8 x 1072% for the FFT
and FRFT, respectively. For the same values of N and uplimit, the FRFT
performs worse than the FFT algorithm; then, we should modify these param-
eters or, alternatively, modify the (FRFT) parameters n and A, but without
taking CPU times away, since although FFT shows lower errors than FRFT,
both are of same magnitude order, whereas whereas its mean CPU time are
two orders of magnitude less than those for the FRFT times.

Table (3.10) shows the results for ITM options.

I™

Method Price Error (%) Time (s)
Closed Form 31.8860 0.0000 0.0050
Monte Carlo 5000 paths 32.1318 0.7708 8.7860
Monte Carlo 10000 paths 31.7058 -0.5653 17.6370
Monte Carlo 50000 paths  31.8424 -0.1370 88.3170
Monte Carlo 100000 paths 31.8438 -0.1326 176.2970
FFT Trapezoidal Rule 31.8861 0.0002 0.3740
FFT Simpson’s Rule 31.8861 0.0002 0.2880
FRFT Trapezoidal Rule 31.8860 -0.0001 0.0180
FRFT Simpson’s Rule 31.8860 -0.0001 0.0100

S() = 100, K= 7046, R1 = 2, 91 = 0005, o1 = 02, Vo1 = 004,p1 =0.6
Ro = 1.5, 92 = 0.006, 09 — 0.25, Vo2 = 0.03,p2 = —0.6

Table 3.10: ITM results for the Double Heston model.

Two issues in this Table can be emphasized. First, we consider a smaller number
of paths in the Monte Carlo simulations than in the previous models. This
choice is motivated as, now, Monte Carlo simulations are very time consuming
and considering the same number of paths than before does not make sense
as this method never reaches the levels of accuracy and CPU times of the
competing methods. Second, CPU times in the Monte Carlo simulation are
much higher than those provided by other models and could not be decreased
in any of the alternatives under analysis.

We can see that both Fourier algorithms provide a very fine adjustment, whereas
the FRFT algorithm is more than thirty times faster than the FFT in some
cases. Once again, the Simpson’s rule is as accurate as the trapezoidal one but
faster that it.
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ATM  Table (3.11) summarizes the results for ATM options.

options
ATM
Method Price Error (%) Time (s)
Closed Form 8.0508 0.0000 0.0020
Monte Carlo 5000 paths 7.9245 -1.5691 8.7800
Monte Carlo 10000 paths 7.9322 -1.4736 17.7200

Monte Carlo 50000 paths 7.9636 -1.0841 88.5260
Monte Carlo 100000 paths 7.9988 -0.6464 176.9310

FFT Trapezoidal Rule 8.0508 -0.0004 0.2750
FFT Simpson’s Rule 8.0508 -0.0005 0.2390
FRFT Trapezoidal Rule 8.0508 -0.0006 0.0080
FRFT Simpson’s Rule 8.0508 -0.0006 0.0070

S() = 100, K1 = 2, 91 = 0.005, g1 = 0.2, Vo1 = 0.04,p1 = 0.6
Ko = 1.5, 0 = 0.006, 0o = 0.25, vg2 = 0.03, p = —0.6

Table 3.11: ATM results for the Double Heston model.

The qualitative conclusions equate those for ITM options: the Monte Carlo
approach provides larger pricing errors and much higher CPU times than
the Fourier methods. Both Fourier methods provide similar errors and the
implementation with the Simpson’s rule is faster than that with the trapezoidal
one.
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The next Table provides the results for this type of options.

OTM

Method Price Error (%) Time (s)
Closed Form 0.9553 0.0000 0.0020
Monte Carlo 5000 paths 0.8696 -8.9658 8.8160
Monte Carlo 10000 paths 0.8754 -8.3643 17.6770
Monte Carlo 50000 paths 0.8888 -6.9583 88.2400
Monte Carlo 100000 paths 0.8978 -6.0122 176.0430
FFT Trapezoidal Rule 0.9552 -0.0017 0.2670
FFT Simpson’s Rule 0.9552 -0.0021 0.2420
FRFT Trapezoidal Rule 0.9553 0.0039 0.0080
FRFT Simpson’s Rule 0.9553 0.0039 0.0080

So =100, K =129.73, k1 = 2, 61 = 0.005, o1 = 0.2, vo1 = 0.04, p; = 0.6
Ko = 1.5, 92 = 0.006, 09 = 0.25, Vo2 = 0.03,p2 = -0.6

Table 3.12: OTM results for the Double Heston model.

In this case, all the methods present a worse adjustment than in the previous
moneyness cases. For all the methods, the errors increase one order of magnitude
while mean CPU times are practically the same as before. As previously, the
Monte Carlo method is the least accurate and with the largest CPU times.
The FRFT is the best choice due to its calculation speed, whereas the FFT
becomes the most accurate method.

The Mikhailov and Négel (2004) Model

Another alternative to adjust the market implied volatilities for short maturi-
ties is based on allowing the parameters to be time-dependent, as proposed
in Mikhailov and Nogel [MNO04]. This time-dependent model has the same
appearance as the Heston model presented earlier but with time-dependent
parameters in the process of the asset variance and in the correlation between



42 3. The Models

Brownian motions:

dSt = T’Stdt + \/’thStdWLt
d’l}t = H}t(at - ’Ut)dt + O't\/’LTtdWQ,t (316)
EP [dW17tdW27t] = ptdt

3.6.1 Characteristic Function

We start presenting the characteristic function of the time-dependent Heston
model. This function is obtained by applying a recursive method, as shown in
Rouah [Roul3]. The outline of this method is as follows.

Consider the time interval [0,7x] and the partition Tp = 0 < T1 <

- < Tn < oo. The size of this partition is given by the increments
T =Tp—Tr_1, k=1,...,N. We will compute C (¢, Tk; Ok ) and D, i (0, Tr; Or)
recursively, where O = {K(k D gk=1) 5k 1)7vék 1)7p(k 1)} denotes the set
of parameter estimates in each stage for k = 1,..., N. For the first matu-
rity 71, we obtain 5]-((,0, 71;01) and lN)j (¢, 71;01) using the initial conditions
C9 = DY =0, exactly as in the Heston model. We then build the characteristic
functions, obtain the prices and estimate ©;. In the subsequent steps, the
estimation is modified since we are using general non-negative values C’C and
Dk Now, in the second step, replace ©; into the expressions for C and D
to produce the second set of initial conditions C’]1 and D]1 Then construct
6'j(@,72; 07) and ﬁj(gp,Tg; ©5), obtain the prices and estimates the set ©s.
And so on.

In summary, the characteristic function is given by the following expressions

¢;(p;x,v,0y) = exp [C (0, 7k3 Ok) + D (¢, Te; O )0k +ww} (3.17)

where
~ , a 1 —gjedim k—1
Cile,m;0k) = (r—qliem + o2 |WiTk 2In ﬁ +C;
~ Cja if k= ].;
D;(p,7%; 0 =
i (0, ks Ok) {Xj) k> 2
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with:
’(ﬂj = bj —pUZ(p-f— dj
¢ = bj — poip+d; [ 1—ehT
J T 0.2 1 _ gjedj‘l'
= (bj — poip +d;) — (b; — poip — d;)gjexp(d;Ty)
! o?(1 — gjexp(d;))
and where

bj — poip +d; — D' o?
b — poip +d; — Df*102

{

K+ A—po, ifj=1;
K+ A, if j =2

95 =

pow b;)? — 02 (2ujip — ?)
, ifj=1
, ifg =12

M\»—t N|=

3.6.2 Numerical Results

Prices for European call option are computed considering strikes in the interval
[70,130]. The remaining parameters are Sy = 100, 6 = 0.1, 0 = 0.2, vo = 0.1,
and p = —0.3. Moreover, K = 1,2,4 in the three periods, which we assume to
have the same length and maturity is 7 = 5. Finally, as in Table 1 in Mikhailov
and Nogel [MNO04], the model is implemented considering r = 0.

Both Fourier algorithms have been implemented considering o = 1.75 while
we consider N = 210 and wuplimit = 550 for the FFT and N = 2° and
uplimit = 450 for the FRFT. Moreover, the FRFT uses n = 0.1 and A = 0.005.
As we will see later, this choice allows the FRFT to be much more efficient
than the FFT, leading to a decrease in the number of integration points in one
magnitude order. Figure (3.5) shows that the numerical results for this model
are very accurate.
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Price . CPU Times
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Figure 3.5: Adjustments, errors and CPU times for Fourier Methods in the Mikhailov
and Nogel model

Figure (3.5b) shows that the mean pricing errors in both Fourier methods are
around 107%%, a really small value. It can also be noted that these errors are
higher than in the previous ITM and ATM options. The mean CPU times are,
respectively, around 10~2s and 103s for the FFT and FRFT alternatives.

Table (3.13) shows the results for ITM options.

IT™
Method Price Error (%)  Time (s)
Closed Form 41.5156 0.0000 0.0170
Monte Carlo 5000 paths 41.8804 0.8786 0.1190
Monte Carlo 10000 paths 40.6857 -1.9991 0.2130
Monte Carlo 50000 paths 41.1471 -0.8878 0.8120
Monte Carlo 100000 paths 41.5893 0.1774 1.8630
FFT Trapezoidal Rule 41.5156 -0.0000 0.1410
FFT Simpson’s Rule 41.5144 -0.0029 0.0950
FRFT Trapezoidal Rule 41.5156 -0.0000 0.0140
FRFT Simpson’s Rule 41.5156 -0.0000 0.0100

S() = 100, K= 7046, K1 — 2, 91 = 0005, g1 = 02, Vo1 — 004, pP1 = 0.6
Ro = 1.5, 92 = 0.006, 09 = 0.25, Vo2 = 0.03,p2 = —0.6

Table 3.13: ITM results for the Mikhailov and Noégel model.

We can highlight several interesting results. First, the FRFT offers a price
that is accurate up to the fourth decimal, whereas this algorithm is the fastest
method and is even faster than the integration of semi-closed solution via the
Gauss-Laguerre quadrature. The FFT algorithm is almost as accurate than
the FRFT but it much slower, up to ten times in some cases. Monte Carlo
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simulations provide accurate results although far from the efficiency achieved
by the Fourier algorithms.

ATM  The next table summarizes the results for ATM options.

options
ATM
Method Price  Error (%) Time (s)
Closed Form 27.3676 0.0000 0.0140
Monte Carlo 5000 paths 27.7069 1.2399 0.1150
Monte Carlo 10000 paths 27.3054 -0.2271 0.2080
Monte Carlo 50000 paths 27.1933 -0.6369 0.8950
Monte Carlo 100000 paths 27.3169 -0.1852 1.6290
FFT Trapezoidal Rule 27.3676 0.0000 0.0710
FFT Simpson’s Rule 27.3664 -0.0043 0.0860
FRFT Trapezoidal Rule 27.3676 0.0000 0.0060
FRFT Simpson’s Rule 27.3676 0.0000 0.0060

Sy =100, k1 = 2, 8; = 0.005, o1 = 0.2, vo1 = 0.04, p; = 0.6
Rog = 1.5, 6‘2 = 0.006, 09 = 0.25, Vo2 = 0.03,p2 =—-0.6

Table 3.14: ATM results for the Mikhailov and Noégel model.

The results are similar to the previous ones: the FREFT is the fastest algorithm,
including the Gauss-Laguerre quadrature. Once again, the Simpson’s rule for
the FFT method seems to be less accurate than the other Fourier methods.
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OTM Finally, table (3.15) shows the results for Deep Out-of-the money options.
options

OTM

Method Price Error (%) Time (s)
Closed Form 0.9553 0.0000 0.0020
Monte Carlo 5000 paths 0.8696 -8.9658 8.8160
Monte Carlo 10000 paths 0.8754 -8.3643 17.6770
Monte Carlo 50000 paths 0.8888 -6.9583 88.2400
Monte Carlo 100000 paths 0.8978 -6.0122 176.0430
FFT Trapezoidal Rule 0.9552 -0.0017 0.2670
FFT Simpson’s Rule 0.9552 -0.0021 0.2420
FRFT Trapezoidal Rule 0.9553 0.0039 0.0080
FRFT Simpson’s Rule 0.9553 0.0039 0.0080

Sp =100, K = 129.73, k1 = 2, 6, = 0.005, o1 = 0.2, vo1 = 0.04, p; = 0.6
Ko = 1.5, 65 = 0.006, 05 = 0.25, vgo = 0.03, pp = —0.6

Table 3.15: OTM results for the Mikhailov and Nogel model.

Now, the FRFT is four times slower than the Gauss-Laguerre quadrature.
Moreover, for all the methods, the errors have increased with respect to ATM
options. The worst case corresponds to the Monte Carlo method with errors
of 10% order, whereas the accuracy of the Fourier methods is around 1073%.
Note that the FFT via the Simpon’s rule is even more accurate than any FRFT
algorithm.
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4.1 Introduction

In this chapter, Greeks and other sensitivities will be computed under the five
option pricing models presented previously. These measures will be computed
numerically by four alternative techniques: direct integration through Gauss-
Laguerre quadrature, finite differences approximation and by FFT and FRT
methods. Our main goal is to show that both Fourier methods are valid in this
context and analyze their efficiency with respect to the elapsed time involved
in the calculation.

Through this chapter, it is important to keep in mind that, under the models
presented earlier, the prices of European calls admit a semi-closed form expres-
sion and, hence, it is also possible to obtain analytical formulas for the Greeks.
Recall that the call price is given as

C(K) = Ste_qul — Ke_rTPQ (41)

where P; and P, are the probabilities calculated in the previous chapters.

The Heston (1993) Model

In the first part of this section, Greeks for the Heston model will be showed
in their analytic formula. Other sensitivities as regards as parameters like
kappa, sigma and theta are also having into account, but only the sensitivity
as regards as theta will be calculated. The remaining sensitivities have been
calculated symbolically by means of MATLAB.

The goal of the second part of this section is to compare the results obtained
when we compute the Greeks and other sensitivities for the Heston model by
means of methods as finite differences or Fourier algorithms. We will compare
them in relation with the results provided by Direct Integration of semi-closed
solution via Gauss-Laguerre quadrature.
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4.2.1 Greeks and other Sensitivities

Differentiating equation (4.1) and considering equation (1.9), Delta, Gamma,
Rho and Theta are given respectively by

Jc
A — —e TP 4.2
oS € ! (4.2)

9%c oP, e 9T [ ;
_ _ a7 — —ipln K . 4.
To= g =" og = 5 | ReleT M oemn)] de (43)

9%c

PH = E = KTe_TTPQ (44)
Oc _ 0P, _ 0P,
_ " _ qr [ _ o1 rt [ YL 2
Oy o Sie ( qP; + o ) + Ke ( rPy + 5r ) (4.5)
Being
an 1 e 8¢j e_i‘Pan
Y = i 4
or /0 he [ ar ip 7
where 96 0c oD
873 = exp(C; + Djvs + i) (873 + 87-J vt>
and
0C;

. KO , 2g;d;edi
5 = (T—(])(pl-i-; |:bj —p0'<pl+dj+w
8Dj . bj — popi + d; (gj — 1)dj€dj7—
or o2 (1—gjedim)?

On the other hand, taking into account the two measures for the variance
explained by Zhu in [Zhu09], we have two Vegas, one based on v = /vy and
the other based on w = v/#. With these definitions, we have that the Vegas
are

oc oc

Vil = 5, = ug 2V 00
Oc Oc

Vo = 5 = 5p2Ve

Being the first Vega

P P
Vig = Se_qT@%/vo — Ke_”&%/vo (4.6)
(91)0 (91)0
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where

op; _ l/oc Re [e_wan(bj(w;xt,vt)Dj(T, ©)
0

=) — de.
81}0 ™ P :| v

and being the second Vega

Vou = 56*47%2\/6 — K(f”%%/é (4.7)
where op, 1 [ e~ K (0 2y 0,)0C; /00)
W:;/0 Re{ j ;<,07 j ]d@.
and

, —qgiediT
% = % [(bj — popi+d;)T —2In (1%)}

g

4.2.2 Numerical Results

The goal of this section is to compare the results obtained when we compute
the Greeks and other sensitivities for the Heston model by means of methods
as finite differences and the Fourier methods. We will compare them in relation
with the result provided by Direct Integration of semi-closed solution. In
this case, we will see as the Fourier methods continues offering a reduced
computation times, although they are not so small as the traditional methods
when we compute the most simplest Greeks. They offer also an accurate
results.

All the graphics and results that we will present, corresponding to an European
call option with the following conditions: K = 100, xk =2, § = 0.06, 0 = 0.1,
vo = 0.06,p =097 =05" r=0.05 ¢ =0 and for a spot range of Sy €
[70,130]. Furthermore, we implemented the Fourier algorithms with o = 1.75,
N = 29 integration points and an upper integration limit of uplimit = 600 for
FFT, while we have chosen N = 29, uplimit = 100, n = 0.1 and A = 0.005 for
FRFT. We have chosen these values to show one more time, the flexibility of
FRFT method in comparison with FFT and we will see that FRFT will be
faster and more accurate than FFT only with a fine choice of n and A\. We
want to point out, that all the tridimensional figures showed in this chapter,
contain two representation of the Greek or sensibility, corresponding each of
them to the cases in which correlation is p = 0.9 or p = —0.9.

1For 3D graphics, the maturity range is 7 € [0.01,0.5], while the value of 7 = 0.5 refers only
to bidimensional cuts
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We begin show the results for Delta Greek, which it can be seen in figure
(4.1).

Delta

g08

Relative Error (%)

0 80 % 100 110 120 130 o %0 £ 100 110 120 130
st

(b) Adjust (¢) Errors

Figure 4.1: 3D Visualization, adjustments and errors for Heston Delta

At first sight, we can see in figure (4.1b), that the adjustment for Fourier
methods via trapezoidal integration rule is near close to direct integration of
semi-closed solution. but if we see in deep, we can see in figure (4.1c), that
the error of the adjustment of both Fourier methods via trapezoidal rule is in
arithmetic mean 0.74% for FFT and 4.80 x 103% for FRFT, which it is really
a great adjustment in both cases. Times will not be presented here graphically,
but it will be discussed in the tables later.

In the next paragraphs, we will comment only three tables relatives to two
Greeks and the sensitivity of another parameter of the model, instead of
commenting all the tables for all the Greeks and other parameters for reasons
of space and readability of the document. Furthermore, all results showed in
this chapter corresponding for ATM options, because it has been proved that
the other cases do not provide any relevant result.

In the same way in which results for option pricing were presented in chapter
3, we show here the results for Greeks and other sensitivities under the model
conditions indicated before. Again, numerical results are obtained with same
laptop as we indicated previously.

Therefore, we begin with the results for Delta Greek and show them in the
next table
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Heston Delta

Method Value Error (%) Time (s)
Closed Form 0.5726 0.0000 0.0010
Finite Differences 0.5726 0.0102 0.0020
FFT Trapezoidal Rule 0.5727 0.0017 0.0160
FFT Simpson’s Rule 0.5727 0.0017 0.0220
FRFT Trapezoidal Rule 0.5726 -0.0000 0.0010
FRFT Simpson’s Rule 0.5726 -0.0000 0.0020

So =100, k =2, 6 = 0.06, o = 0.1, vy = 0.06, p = 0.9

Table 4.1: Results for Heston Delta.

FFT and FRFT algorithms have been executed considering the same integration
grid with N points, but with different uplimit and it is this, together with the
choice of n and A, which give us a negligible error in the results obtained with
FRFT method in comparison with FFT algorithm. Other relevant aspect in
table (4.1) is that Trapezoidal rule is faster but equally accurate than Simpson’s
rule for Fourier algorithms. The speed in the calculation is a reasonable result,
because Simpson’s rule requires a greater number of allocation of weights.
However, for FFT case, it is important notice that the error in accuracy, even
though it may seem significant, is an error in the third decimal. Throughout
FRFT algorithm, we get a great accurate order, which is greater than Finite
Differences methods and less CPU time consuming.

Next, figure (4.2) shows the results for Gamma Greek.

mmmmm

Relative Error (3%)

(a) Gamma (b) Adjust (¢) Errors

Figure 4.2: 3D Visualization, adjustments and errors for Heston Gamma

Again, we can see in figure (4.2c), that the adjustment for Fourier methods
is in arithmetic mean, around 0.13% for FFT and 5.80 x 1073% for FRFT,
which are of the same order than the means for Delta Greek and equally both
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algorithms offer us an higher reliability. Figures (4.2a) and (4.2b) show the
appearance of Gamma Greek.

We will analyze now the table of results for ATM options.

Heston Gamma

Method Value Error (%) Time (s)
Closed Form 0.0228 0.0000 0.0010
Finite Differences 0.0228 0.0244 0.0030
FFT Trapezoidal Rule 0.0228 -0.0002 0.0220
FFT Simpson’s Rule 0.0228 -0.0002 0.0150
FRFT Trapezoidal Rule 0.0228 -0.0002 0.0010
FRFT Simpson’s Rule 0.0228 -0.0002 0.0020

So = 100, k = 2, 6 = 0.06, o = 0.1, v = 0.06, p = 0.9

Table 4.2: Results for Heston Gamma.

In this table, we can se that results showed are very similar with those of table
(4.1) and anew, they are much better in accuracy order than FD method and
in the FRFT case, even thought more faster than it.

We continue with other important Greek, Vega 1, for which we present the
results obtained in figure (4.3)

Relative Ertor ()

(a) Vega 1 (b) Adjust (¢) Errors

Figure 4.3: 3D Visualization, adjustments and errors for Heston Vega 1

Here, we can see in figure (4.3c), that the adjustment for Fourier methods is in
arithmetic mean, around 0.02% for FFT and 4.70 x 1073% for FRFT, which
offer us an higher reliability. Figures (4.3a) and (4.3b) show the appearance of
Vega 1 Greek.

The results for ATM options are showed in the next table
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Heston Vega 1

Method Value Error (%) Time (s)
Closed Form 17.5660 0.0000 0.0030
Finite Differences 17.5660 -0.0000 0.0020
FFT Trapezoidal Rule 17.5659 -0.0008 0.0210
FFT Simpson’s Rule 17.5659 -0.0008 0.0190
FRFT Trapezoidal Rule 17.5659 -0.0008 0.0010
FRFT Simpson’s Rule 17.5659 -0.0008 0.0010

So =100, k =2, 6 = 0.06, o = 0.1, vy = 0.06, p = 0.9

Table 4.3: Results for Heston Vega 1.

In this table, there are not any remarkable result, being as we can observed
here the same situations commented before.

Here, we present here the figures for remaining Greeks Rho and Theta, which

no present any relevant aspect.

Value

Rho

80 %

100 110
st

e Price.
DI+ FFTTR O FRFTTR

(b) Adjust

(c) Errors

Figure 4.4: 3D Visualization, adjustments and errors for Heston Rho
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Figure 4.5: 3D Visualization, adjustments and errors for Heston Theta

To finish this section, we present here the figures for parameters kappa, sigma
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and Vega 2, whose more relevant aspects will be commented in briefly. Kappa
will be the first of them

130 0 80 %0 100 110 120 130

Stike Price
—+—FFT TR Enor —5— FRFT TREND]

(b) Adjust (¢) Errors

Figure 4.6: 3D Visualization, adjustments and errors for Heston Kappa

As it can be seen in figure (4.6¢), the adjustment error for Kappa is greater
than the other Greeks showed before. It can be explained due to the derivatives
for Kappa have been calculated symbolically throughout MATLAB due to its
complexity, and for this reason the results showed are less accurate and more
CPU time consuming in Fourier cases.

sigma Sigma
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Figure 4.7: 3D Visualization, adjustments and errors for Heston Sigma

From the same form as we indicated in the last paragraph for Kappa, Sigma
has been evaluated symbolically and presents the same inconveniences that we
commented previously.

Last, Vega 2 has been calculated in closed form and it does not present the
problems previously indicated, as you can see in figure (4.8)
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Vega2
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Figure 4.8: 3D Visualization, adjustments and errors for Heston Vega 2

The Bates (1996) Model

In the first part of this section, Greeks for the Bates model will be derived
in their analytic formula. Other sensitivities as regards as parameters like
kappa, sigma and theta are also having into account, but only the sensitivity
as regards as theta will be derived. The remaining sensitivities have been
calculated symbolically by means of MATLAB.

The goal of the second part of this section is to compare the results obtained
when we compute the Greeks and other sensitivities for the Bates model by
means of methods as finite differences or Fourier algorithms. We will compare
them in relation with the results provided by Direct Integration of semi-closed
solution via Gauss-Laguerre quadrature.

4.3.1 Greeks and other Sensitivities

Differentiating equation (4.1) and considering equation (1.9), we have that
Delta, Gamma, Rho and Vegas are the same that obtained before for the
Heston model. However, Theta acquires a different shape, as we will see in the
thorough this section.

AB == % = e_qul (48)
02 oP T [ 4
I'p= 87,5'02 = e_qTaisl - eWSt /0 Re [e7" Ko 11(p 21, 00)] dp (4.9)
¢

PB = 425;:' = }KT7_€-_1‘T:I32 (‘1. 1())
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while Theta is given by
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Finally, Vegas are given by
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4.3.2 Numerical Results

As we did before for the Heston model, we present here the numerical results
for Greeks and other sensitivities for the Bates model employing the same
methods. The peculiarity of this model, is that it includes jumps in the stock
price and for this reason the results will not be so accurate as what we obtained
for the previous model, unless we consider a restrained size of jumps and it is
what we did.

In this case, all the graphics and results showed in this section, corresponding
to an European call option with the following conditions: K = 100, k = 2,
0 = 0.06, oy = 0.1, vg = 0.06, p = 0.9, 7 = 0.5, r = 0.05, ¢ = 0 and the new
parameters needed to implement this model; A = 3, ug = —0.05, 0 = 107%.
We consider again, the same spot range of Sy € [70,130]. In relation to Fourier
algorithms, we have implemented them considering o = 1.75, a grid of N = 2°
integration points an upper limit of integration of uplimit = 200 for both
Fourier methods, while we implemented FRFT with a fine adjustment of its
parameters, taking 7 = 0.1 and A = 0.005.

As novelty for this model, we show the table of results for Delta, Theta and
Kappa only, whereas the remainder Greeks and other sensitivities will be
showed graphically.

We begin this section, showed the results for Gamma Greek, which it is presented
in figure (4.9)

Gamma Gamma Gamma
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Figure 4.9: 3D Visualization, adjustments and errors for Bates Gamma

The inclusion of jumps give us a worse adjustment of Gamma than we obtained
for the Heston model, as we can see in figure (4.9¢c). In this case, the error
in adjustment is in arithmetic mean 0.25% in FFT case and 0.08% for FRFT
algorithm, but in any case, Fourier algorithms continuously being an alternative
due to they offer us a minimal error compared with FD method and competitive
CPU times, specially in FRFT case, as we see in the next table.
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Bates Gamma

Method Value Error (%) Time (s)
Closed Form 0.0227 0.0000 0.0010
Finite Differences 0.0228 -0.4922 0.0040
FFT Trapezoidal Rule 0.0227 -0.0101 0.0150
FFT Simpson’s Rule 0.0227 -0.0101 0.0200
FRFT Trapezoidal Rule 0.0227 -0.0101 0.0020
FRFT Simpson’s Rule 0.0227 -0.0101 0.0010

So = 100, k = 2, 6 = 0.06, o = 0.1, vy = 0.06, p = 0.9
A=3, pug = —0.05, og = 104

Table 4.4: Results for Bates Gamma.

As we commented in the previous paragraph and you can see in table (4.4),
FRFT algorithm computes Gamma Greek so faster than the direct integration
of semi-closed solution via Gauss-Laguerre quadrature and it can be at least
until four times more faster than FD method when we compute this Greek for
ATM options, allowing reach an error of 1072%, while FD method is slower
than FRFT and presents an error in first decimal place. FFT is so accurate
than FRFT, but it is more slower in its two version, trapezoidal and Simpson’s
rules.

The next Greek that we will comment is Theta. It is showed in figure (4.10).

Relative Ertor ()
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Figure 4.10: 3D Visualization, adjustments and errors for Bates Theta
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Bates Theta

Method Value Error (%) Time (s)
Closed Form -9.1909 0.0000 0.0050
Finite Differences -9.1912 -0.0038 0.0030
FFT Trapezoidal Rule -9.2236 0.3564 0.0150
FFT Simpson’s Rule -9.2236 0.3564 0.0220
FRFT Trapezoidal Rule -9.2236 0.3564 0.0020
FRFT Simpson’s Rule -9.2236 0.3564 0.0020

Sp = 100, k = 2, 6 = 0.06, o = 0.1, vy = 0.06, p = 0.9
A=3, ug = —0.05, og = 104

Table 4.5: Results for Bates Theta.

To finish with Greeks, we show the remaining figures for Delta, Rho and Vega
1 in this order.
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Figure 4.11: 3D Visualization, adjustments and errors for Bates Delta

It can be thought that Delta Greek in the Bates model should be calculated
more precisely than Gamma, due to Delta is a first order Greek, whereas
Gamma implies a second order derivative, but numerical results do not reflect
this fact, being them, very similar in appearance. In any case, the error in
adjustment is in arithmetic mean about 0.23% for FFT and 0.07% for FRFT,
which they are some lightly lower than Gamma errors.

Figure (4.12), shows the Rho Greek.
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Figure 4.12: 3D Visualization, adjustments and errors for Bates Rho

For this Greek, we can observe in figure (4.12c) an accurate adjustment, being
the errors in arithmetic mean of 0.18% for FFT and 4.7 x 1073% for FRFT.
Furthermore, CPU times are shorter than FD method.

Next figure shows the results for the last Greek, Vega 1.
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Figure 4.13: 3D Visualization, adjustments and errors for Bates Vega 1

Vega 1 reflects the fact that both Fourier methods offer us a similar adjustment;
0.65% and 0.42% for FFT and FRFT algorithms respectively, having increased
FRFT mean error as regards to the other cases.

We continuously now with other sensitivities. We begin analyze Kappa in first
place.
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Figure 4.14: 3D Visualization, adjustments and errors for Bates Kappa



62 4. Greeks and other Sensitivities

As we will see later when we have presented Kappa and Sigma show large
errors in compare with other Greeks presented here, as it can be seen in figures
(4.14) and (4.15) respectively, which it is due to it has been gathered here
the jumps in stock price SDE with the fact that these derivatives for both
parameters have been calculated symbolically. For Kappa, its errors in the
adjustment through Fourier algorithms are in arithmetic mean: 1.48% for FFT
and 1.04% for FRFT. The adjustment of Kappa is the worst among all done
for this model. On the other hand, it can be noticed in table (4.6), where we
can find moreover, that CPU times have been increased for all the methods
except FD, which it is independent of any symbolic derivative.

Bates Kappa

Method Value Error (%) Time (s)
Closed Form 0.0052 0.0000 0.0270
Finite Differences 0.0052 0.0001 0.0030
FFT Trapezoidal Rule 0.0052 -1.3846 0.0380
FFT Simpson’s Rule 0.0052 -1.3846 0.0340
FRFT Trapezoidal Rule 0.0052 -1.3846 0.0190
FRFT Simpson’s Rule 0.0052 -1.3846 0.0180

So = 100, k = 2, 6 = 0.06, o = 0.1, vy = 0.06, p = 0.9
A=3, us = —0.05, o5 = 104

Table 4.6: Results for Bates Kappa.

Sigma is showed in the next figure.

sigma

(a) Sigma (b) Adjust (c) Errors

Figure 4.15: 3D Visualization, adjustments and errors for Bates Sigma

Here, we can observed the same problems that we found in Kappa. Arithmetical
mean errors are 1.51% and 0.97% for FFT and FRFT respectively.

We finish with Vega 2, which is presented in figure (4.16).
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Figure 4.16: 3D Visualization, adjustments and errors for Bates Vega 2

In this case, the adjustment and CPU times are very similar from Vega 1.
Errors are 0.64% for FFT and 0.42% for FRFT.

The SVJJ (2000) Model

In the first part of this section, Greeks for the SVJJ model will be derived
in their analytic formula. Other sensitivities as regards as parameters like
kappa, sigma and theta are also having into account, but only the sensitivity
as regards as theta will be derived. The remaining sensitivities have been
calculated symbolically by means of MATLAB.

The goal of the second part of this section is to compare the results obtained
when we compute the Greeks and other sensitivities for the SVJJ model by
means of methods as finite differences or Fourier algorithms. We will compare
them in relation with the results provided by Direct Integration of semi-closed
solution via Gauss-Laguerre quadrature.

4.4.1 Greeks and other Sensitivities

Differentiating equation (4.1) and considering equation (1.9), we have that
Delta, Gamma, Rho and Vegas are the same that obtained before for the Heston
model. However, Theta acquires a different shape, as we will see through this
section.

0
Agvyg = £ =e P (4.15)

0%¢ gt or, e 17

—- - - _ oL > —ipln K .
Lsvig 952 e 95 3, /o Re [e o1 (¢ xt,vt)] de (4.16)
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0%¢ _
psvis = 5= = Kre™ " Py (4.17)
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where b; was defined in the Heston model section.
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Finally, Vegas are given by

Jc  Oc
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Being the first Vega
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and being the second Vega
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4.4.2 Numerical Results

It will be presented here, the numerical results for the SVJJ model. Unlike of
Bates model, this model includes jumps in variance SDE and of course, in the
stock price equation. Due to these jumps, the accurate in values obtained will
be lowered depending on the jumps parameters that has been considered. For
this reason, it has been chosen a jump parameters that are not too large in the
variance SDE, whereas jump parameters in stock price SDE, are the same that
it has been employed in Bates model.

For this model, all the graphics and results showed in this section, corresponding
to an European call option with the following conditions: K = 100, k = 2,
6 = 0.06, oy = 0.1, vop = 0.06,p = 0.9, A = 3, pug = 0.014, 05 = 1074,
ps = —0.4, uy = 0.01 and it has been considered again, the same spot range
of Sy € [70,130]. In relation to Fourier algorithms, we have implemented
FFT considering a = 1.75, a grid of N = 2! integration points and an
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upper limit of integration of uplimit = 400, whilst FRFT algorithm has been
implemented considering N = 28 integration points an upper limit of integration
of uplimit = 200. As it can see here, the number of integration points has
been increased for FFT algorithm in one magnitude order, as well as the upper
limit of integration, that it has been increased from 200 to 400. It is due to
the fact that this model is a model that include jumps in both SPDE and
for this reason, it is more difficult to get a better results in Greeks and other
sensitivities if N and wuplimit are not increased. On the other hand, it has
been taken the same parameters n = 0.1 and A = 0.005 for FRFT algorithm.
The reason for what it has been decided increased uplimit to N in FRFT is
due to the CPU times and errors are faster and accurate respectively than any
other combination.

In this model, we show the table of results for Delta, Rho and Sigma only,
whereas the remainder Greeks and other sensitivities will be showed graphically.
As always, 3D visualizations have been obtained considering the extreme
correlations of 0.9 and —0.9, being each of them represented by means of
different shaded graphics. Bidimensional cuts have been taken at maturity for
the parameters indicated in before.

We begin this section showing the results for Delta Greek, which it is presented
in figure (4.17)
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Figure 4.17: 3D Visualization, adjustments and errors for SVJJ Delta

As it can seen in figure (4.17¢c), errors in the adjustment of Delta Greek are
similar to the Bates model, despite of having two SDJE. If we analyze errors in
arithmetic mean, we have that 0.11% is the error for FFT method, whilst 0.09%
is the error for FRFT algorithm, which reflects the fact that both methods get
a fine adjustment even in double jump conditions. However, CPU times are
greater than Bates model, as it can see in table (4.7)
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SVJJ Delta
Method Value Error (%) Time (s)
Closed Form 0.5723 0.0000 0.0010
Finite Differences 0.5725 -0.0380 0.0030
FFT Trapezoidal Rule 0.5727 0.0704 0.0550
FFT Simpson’s Rule 0.5727 0.0703 0.0800
FRFT Trapezoidal Rule 0.5727 0.0707 0.0010
FRFT Simpson’s Rule 0.5727 0.0707 0.0010

So =100, k = 2, 6 = 0.06, oy = 0.1, vy = 0.06, p = 0.9
A=3, us =0.014, 05 = 1074, p; = —0.4, py = 0.01

Table 4.7: Results for SVJJ Delta.

All Fourier methods reach the same accuracy order when Delta Greek is
computed for ATM options, but FRFT algorithm is the most faster among
them, up to fifty-five times faster than FFT and even so faster than closed
form integration. CPU times are logically greater for FFT than FRFT due
to the fact that FFT has been implemented with a greater N and wuplimit
than FRFT, but both methods have been compared to reflect the fact that
for reaching the same accuracy order, FRFT is with difference, the fastest
algorithm.

We continue our analysis with Rho Greek.

Rho

Relative Eror (%)

(a) Rho (b) Adjust (¢) Errors

Figure 4.18: 3D Visualization, adjustments and errors for SVJJ Rho

By its mathematical definition, Rho is a Greek that always have been well
implemented by Fourier methods in all previous models and the SVJJ is not
an exception. Error in the adjustment are very small, as it can seen in figure
(4.18c¢), being 4.7 x 1072% and 7.5 x 1072% the error in arithmetic mean for
FFT and FRFT respectively. Neither other Greek for this model is calculated
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with an accuracy order so fine as Rho. Table (4.8) summarizes the results for
ATM options.

SVJJ Rho
Method Value Error (%) Time (s)
Closed Form 24.5811 0.0000 0.0010
Finite Differences 24.5948 -0.0558 0.0030
FFT Trapezoidal Rule 24.5814 0.0014 0.0790
FFT Simpson’s Rule 24.5814 0.0014 0.0560
FRFT Trapezoidal Rule 24.5815 0.0018 0.0010
FRFT Simpson’s Rule 24.5815 0.0018 0.0010

So =100, k = 2, 6 = 0.06, o = 0.1, vy = 0.06, p = 0.9
A=3, us =0.014, 05 = 1074, p; = —0.4, puy = 0.01

Table 4.8: Results for SVJJ Rho.

It can be observed here, how for the same accuracy order, FRFT continues
offering us the best CPU times among Fourier methods and the configura-
tion chosen for this algorithm, make it so fast as Gauss-Laguerre quadrature
implemented in closed form and three times faster than FD method.

The remaining Greeks calculated will be commented briefly in the next para-
graphs.
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Figure 4.19: 3D Visualization, adjustments and errors for SVJJ Gamma

The error in the adjustment for Gamma Greek is in arithmetic mean 0.12%
for FFT and 0.09% for FRFT, showing both Fourier algorithms a similar
behaviour in this case. CPU times are similar to Delta Greek with any relevant
increment.
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Figure 4.20: 3D Visualization, adjustments and errors for SVJJ Theta

For Theta, the errors in arithmetic mean are 0.74% in both cases, as we can
check in figure (4.20), where it be can observed that the adjustments are very

close as regards to each other.
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Figure 4.21: 3D Visualization, adjustments and errors for SVJJ Vega 1

130

Vega 1 is the last Greek under study and it is a good example of FRFT is an
enhanced version of FFT algorithm. It can be observed in figure (4.21), that
both methods offer us errors that in arithmetic mean they are 0.55% for FFT
and 0.49% FRFT, but where CPU times are up to seventy times more faster

for FRFT than FFT algorithm, as it has been checked.

This section will be finished with an analysis of other sensitivities. We analyze

Sigma in first place, whose results can been observed in figure (4.22)
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Figure 4.22: 3D Visualization, adjustments and errors for SVJJ Sigma
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In the same way as it was commented for the last Greek, Vega 1, errors for
Sigma are also very close for each other for both Fourier methods, as can be
seen in figure (4.22c). However, it is important to point out that for first time
in all analysis made so far, error are very large in this case, being them of
1.41% and 1.28% in arithmetic mean for FFT and FRFT respectively. As it
was explained in other sections, it is manly due to the way in derivatives have
been calculated?, as well as the presence of jumps in both SPDE. Accordingly,
CPU times have been increased for Sigma Greek for all the methods, as it can
be observed in table (4.9)

SVJJ Sigma

Method Value Error (%) Time (s)
Closed Form -0.4404 0.0000 0.0120
Finite Differences -0.4403 0.0163 0.0030
FFT Trapezoidal Rule -0.4320 -1.8962 0.1170
FFT Simpson’s Rule -0.4320 -1.8962 0.1030
FRFT Trapezoidal Rule -0.4323 -1.8305 0.0150
FRFT Simpson’s Rule -0.4323 -1.8324 0.0160

So =100, k =2, 8 =0.06, oy = 0.1, vg = 0.06,p = 0.9
A =3, pus=0.014, 05 = 1074, p; = —0.4, py = 0.01

Table 4.9: Results for SVJJ Sigma.

In this case, Finite Differences is the best choice when we calculated derivatives
in symbolic form, being it up to five times faster than FRFT algorithm and
four times more faster than the integration of closed form via Gauss-Laguerre
quadrature. FD is also the most accurate method, up to two magnitude orders
compared with any Fourier method.

Next, it will be seen in figure (4.23), as Kappa shows a similar behaviour that
Sigma.

2Derivatives for Kappa and Sigma have been calculated numerically by means of MATLAB.
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Figure 4.23: 3D Visualization, adjustments and errors for SVJJ Kappa

If figure (4.23c) is observed, and we remember the values of errors in arithmetic
mean for Sigma, it can be seen that errors for Kappa; 1.43% for FFT and
1.25% for FRFT are very close to the Sigma errors, which it can be explained,
one more time, for the same reasons that it was commented before. It can
be checked that CPU times are also very similar for Kappa. In any case,

both Fourier methods are a reasonable approximation when we are trying to
calculated other sensitivities, although FD is the most accurate and faster

method of all.

This section finish with the graphics for Vega 2, summarizes in figure (4.24)
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Figure 4.24: 3D Visualization, adjustments and errors for SVJJ Vega 2

Vega 2 is calculated in a similar way as Vega 1, so errors are very close to
the last one in this case, being them, 0.54% and 0.49% for FFT and FRFT
respectively. In relation to CPU times, they are also very close to the times for

Vega 1 Greek in both cases.
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The Double Heston (2009) Model

In the first part of this section, Greeks for the Double Heston model will be
showed in their analytic formula. Other sensitivities as regards as parameters
like kappa, sigma and theta are also having into account, but only the sensitivity
as regards as theta will be calculated. The remaining sensitivities have been
calculated symbolically by means of MATLAB.

The goal of the second part of this section is to compare the results obtained
when we compute the Greeks and other sensitivities for the Double Heston
model by means of methods as finite differences or Fourier algorithms. We will
compare them in relation with the results provided by Direct Integration of
semi-closed solution via Gauss-Laguerre quadrature.

4.5.1 Greeks and other Sensitivities

Differentiating equation (4.1) and considering equations (3.13), we have that
Delta, Gamma, Rho and Vegas are the same that obtained before for the
Heston model. However, Theta acquires a different aspect, as we will see later.
Delta and Gamma, are respectively

oc
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while Theta is given by

Jdc _ oP; _ opP,
— qT _ - rT _
Opy = 9 = Sie ( qP; + 3 ) + Ke ( TP2-|-78T ) (4.24)



4.5. The Double Heston (2009) Model 73
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Where A and B were defined in equation (3.16). Finally, the two Vegas are
defined by

_or 0P e OPy
— qr TT__29 /0o 4.2
Se 6’0()] (9’Uoj UOJ ( 5)

Voj; —

for j = 1,2. and considering that as V};? is based on v; = /o1 and Vi, is
based on vy = /vg2, then

OP 1 [ e lvinK . _
— */ Re {..Tf (o = d524,v1,4,v2,4) By (7,0 — Z)] do
0

duoj ipSe(r—a)
8P2 1 © e—icp In K
3voj T /0 € |: ZQO f (gpvxt,vljt,’ljgﬂt) J(T, SO) )

4.5.2 Numerical Results

It will be presented here, the numerical results for the Double Heston model.
Unlike of all previous model, in this section it has been more difficult make the
trade-off between accuracy and CPU times choosing suitably the parameters N
and uplimit for Fourier methods, so it has been considered include two different
alternatives for FRFT algorithm for the purpose to prove the fine adjustment
that it can be made with this method. These analysis will be collected with
the inclusion of another function in error figures and the inclusion of two more
lines of results in the tables.

For this model, all the graphics and results showed in this section, corresponding
to an European call option with the following conditions: K = 100, k1 = 2,
6‘1 = 0.005, g1 = 0.2, Vo1 = 0.04,p1 = 0.6, Rg = 1.5, 92 = 0.006, 09 = 0.25,
vo2 = 0.03, p2 = —0.6 and it has been considered again, the same spot range of

31t is important to point out that in this model, we have not consider Vegas that involving
derivatives as regards to 6
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So € [70,130]. On the other hand, Fourier algorithms have been implemented
considering a dampening factor of & = 1.75 and N = 2% and NV = 2 integration
points for FFT and FRFT algorithms respectively, whilst the upper limit of
integration is 100 for both methods. Along this section, it will be checked
that FRFT method with N = 22 will be the most accurate algorithm, while
FRFT method with N = 2% will be faster than direct integration of semi-closed
solution via Gauss-Laguerre quadrature?.

In the next pages, it will be showed the table of results for Theta, Vega 11
and Vega 22 only, whereas the remainder Greeks and other sensitivities will be
showed graphically. As always, 3D visualizations have been obtained considering
the extreme correlations of 0.9 and —0.9, being each of them represented by
means of different shaded graphics. Bidimensional cuts have been taken at
maturity for the parameters previously indicated.

We begin this section showing the results for Theta Greek, which it is presented
in figure (4.25)
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Figure 4.25: 3D Visualization, adjustments and errors for Double Heston Theta

The new element in relation with other figures analyzed before is the inclusion
of blue function in figure (4.25¢), which represents the error in the adjustment
when FRFT algorithm has been implemented considering N = 29 integration
points. It can be seen here that with this configuration, error adjustment
decreased in arithmetic mean from 2.9 x 1072% for FRFT algorithm with
N =28 to 5.3 x 1073%, which represents one magnitude order. On the other
and, error for FFT is approximately about 0.17%. In relation to CPU times, it
can been checked that this magnitude order acquired for FRFTqy algorithm, is
accompanied by an increment of 45.71% of CPU time in arithmetic mean as
regards to FRFTg algorithm, so it is clear here, that trade-off between accuracy
and CPU time requires a very fine adjustment of Fourier parameters.

Table (4.10) summarizes the results for Theta Greek for ATM options.

4From this moment, we refer to FRFT algorithm implemented with N = 29 as FRFTg and
to FRFT algorithm implemented with N = 2% as FRFTg.
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Double Heston Theta

Method Value Error (%) Time (s)
Closed Form -5.5090 0.0000 0.0060
Finite Differences -5.5094 -0.0088 0.0040
FFT Trapezoidal Rule -5.5091 0.0022 0.0680
FFT Simpson’s Rule -5.5091 0.0022 0.0690
FRFTs TR -5.5077 -0.0233 0.0020
FRFTy TR -5.5091 0.0022 0.0020
FRFTg SR -5.5077 -0.0227 0.0020
FRFTy SR -5.5091 0.0022 0.0030

So = 100, K1 = 2, 91 = 0005, g1 = 02, Vo1 — 004, P1 = 0.6
Rog = 1.5, 92 = 0.006, 09 = 0.25, Vo2 = 0.03,p2 = —0.6

Table 4.10: Results for Double Heston Theta.

This table summarizes all previous comments for Theta Greek. In addition to
everything mentioned above, one relevant aspect is that both FRFT algorithms
are faster than any other method to compute Theta and in the case of FRFTy
it is up to four times more accurate than FD method. It can be seen here, as
to reach the same order that FRFT with FFT algorithm, it is necessary invest
approximately thirty times more time, so as it has been discussing until now,
FRFT is a best choice in comparison with FFT method.

We continue our analysis with Vega 11, showing in first place all its graphics in
figure (4.26)
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Figure 4.26: 3D Visualization, adjustments and errors for Double Heston Vega 11

This time, it has been observed that error in the adjustment is in arithmetic
mean 0.39% for FFT, 0.25% for FRFTg and 2.5 x 1072% for FRFTy, so that
all Fourier algorithms continues being an accurate way to compute Greeks. On
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the other hand, CPU times are in inverse relation, being the fastest method
FRFTg, requiring a 51.35% less time in compute Vega 11 than FRFTy. FFT
method does not enter in this comparison, because it is much slower than FRFT
algorithms. It is important to point out that FRFTg method is in arithmetic
mean near to 198.54% faster than direct integration via Gauss-Laguerre.

Table (4.11) shows results corresponding to the previous comments.

Double Heston Vega 11

Method Value Error (%) Time (s)
Closed Form 16.1568 0.0000 0.0040
Finite Differences 16.1570 -0.0011 0.0040
FFT Trapezoidal Rule 16.1587 0.0113 0.0660
FFT Simpson’s Rule 16.1587 0.0113 0.0820
FRFTg TR 16.1458 -0.0684 0.0020
FRFTy TR 16.1587 0.0112 0.0020
FRFTg SR 16.1460 -0.0670 0.0010
FRFTy SR 16.1587 0.0112 0.0020

So = ].00, R1 = 2, 01 = 0005, o1 = 02, Vo1 = 004,p1 =0.6
Ro = 1.5, 92 = 0.006, 09 = 0.25, Vo2 = 0.03,p2 = —-0.6

Table 4.11: Results for Double Heston Vega 11.

In this table it can been observed that FD is the most accurate method for
ATM options, but not the most faster, having ascertained that any FRFT
method is more faster than the first one.

For the remaining Greeks, there are not any strangeness in the results, therefore
they only will comment briefly.
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Figure 4.27: 3D Visualization, adjustments and errors for Double Heston Delta
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For Delta, it has been obtained that errors in arithmetic mean are: 0.31%, 5.0 x
1072% and 8.1 x 1073% for FFT, FRFTs and FRFTy algorithms respectively,
reflecting these results the fact that magnitude order decreased one order in
each refinement. Having CPU times into account, it has been checked that
FRFTg is a 54.8% faster than FRFTg and 6.8% than DI form.
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Figure 4.28: 3D Visualization, adjustments and errors for Double Heston Gamma

A similar behaviour it can be observed in Gamma results, since 0.43% 0.34%
1.1 x 1072% are the error in the adjustment for FFT, FRFTg and FRFTy
respectively, whilst FRFTg is a 36.25% faster than FRFTy and a 2.51% than
DI form.
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Figure 4.29: 3D Visualization, adjustments and errors for Double Heston Rho

In the same line as it has been commented in the previous paragraphs, Rho
adjustments present an identical behaviour, being 0.31% for FFT, 6.1 x 10~2%
for FRFTg and 8.2 x 1073% for FRFTy and FRFTy is near to 38.96% faster
than FRFTg method and a 9.09% than DI form.
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Figure 4.30: 3D Visualization, adjustments and errors for Double Heston Vega 12

The last Greek that we analyze is Vega 12, whose adjustment analysis is very
similar to Vega 11, being the errors in arithmetic mean of 0.17%, 2.8 x 1072%
and 5.6 x 1073% for FFT, FRFTg and FRFTy respectively. However, the
most relevant aspect is that for CPU times, it has been find that FRFTg is in
arithmetic mean near to 47.43% faster than FRFTg, but it is become up to
193.58% faster than DI form, which is a very remarkable result.

Next, it will be analyzed other sensitivities, where it will be only commented
with table Vega 22
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Figure 4.31: 3D Visualization, adjustments and errors for Double Heston Vega 22

Vega 22 in Double Heston model is calculated with an moderate accuracy at
it can be seen in figure (4.31c), where errors in arithmetic mean are 0.30%,
0.24% and 2.7 x 1072% for FFT, FRFTg and FRFTy respectively. This time,
we have that FFT and FRFTg presented a similar precision order, but it is
unimportant when CPU times are considered, because FRFTg is up to 57.53%
faster than FRFTg and even 224.65% than DI form.

Table (4.12) shows the results for Vega 22.
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Double Heston Vega 22

Method Value Error (%) Time (s)
Closed Form 2.9707 0.0000 0.0040
Finite Differences 2.9707 -0.0004 0.0040
FFT Trapezoidal Rule 29711 0.0121 0.0790
FFT Simpson’s Rule 2.9711 0.0121 0.0830
FRFTg TR 2.9653 -0.1813 0.0020
FRFTy TR 29711 0.0121 0.0020
FRFTg SR 2.9655 -0.1776 0.0010
FRFTg SR 29711 0.0121 0.0020

So = 100, K1 = 2, 91 = 0005, g1 = 02, Vo1 — 004, P1 = 0.6
Rog = 1.5, 92 = 0.006, 09 = 0.25, Vo2 = 0.03,p2 = —0.6

Table 4.12: Results for Double Heston Vega 22.

It can be checked that FD method is the most accurate method among all, but
this accuracy has a disadvantage and it is CPU time, because FD is not so
faster than any FRFT algorithm, but in the case of FFT, the last one is clearly
a worse option than FD.

Figure (4.32) shows the results for Kappa 1.
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Figure 4.32: 3D Visualization, adjustments and errors for Double Heston Kappa 1

Until now, we have analyzed for this model some Greeks and other sensitiv-
ities, but Kappa 1 is the first that we will analyze that has been calculated
symbolically, so due to our previous analysis we might be able to expected
some relevant results, but if is not the case in relation to errors adjustment,
because they are very similar to the errors in previous Greeks and parameter;
0.36% for FFT, 0.19% for FRFTy and 1.8 x 1072% for FRFTy. However, it is
true that there is one remarkable aspect and it is relative to CPU times, since
in this case, the symbolic derivative makes an increment in times of 14.49%
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when we are calculated Kappa 1 with FRFTg in relation to the CPU time
elapsed when we do the same considering DI form. Anyway it is consequence
only of the symbolic derivative, as it has been explained previously in other
sections. FRFTg continues being the fastest method among Fourier algorithms,
a 64.79% faster that FRFTy for example.

Kappa 2 is showed in figure (4.33)
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Figure 4.33: 3D Visualization, adjustments and errors for Double Heston Kappa 2

Any new it can be found here, due to everything relevant aspect have been
commented in the last paragraph and Kappa 2 differs only from Kappa 1 in
that derivative is calculated as regards to k2 instead of k1. Anyway, the errors
in the adjustment are; 0.29%, 9.8 x 1072% and 1.5 x 1072% for FFT, FRFTg
and FRFTg respectively, whereas in relation to CPU times we have that FRFTg
is 63.88% faster than FRFTy, but a 6.15% slower than DI form.

Sigma 1 is showed in figure (4.34)
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Figure 4.34: 3D Visualization, adjustments and errors for Double Heston Sigma 1

The results for Sigma 1 are in some way, surprising in what to an error
adjustment it referred, because Sigma 1 and as we will see later, Sigma 2, are
the only exceptions in Double Heston model considering this configuration in
where mean error for FRFTg is greater than error in FFT, being they 0.82%,
1.28% and 0.14% for FFT, FRFTg and FRFTg respectively. It can be explained
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due to values of o1 and o9 are shorter than k1 and k9, together with the fact
that we calculated their derivatives symbolically also. FRFTg shows a CPU
times a 65.90% faster than FRFTg and a 18.46% slower than DI form.

We will see now, the results for Sigma 2.
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Figure 4.35: 3D Visualization, adjustments and errors for Double Heston Sigma 2

Sigma 2 presents the same characteristics mentioned before for Sigma 1, so
the results will be only given without any relevant comment. Errors in the
adjustment in arithmetic mean are 3.69%, 14.02% and 0.46% for FFT, FRFTg
and FRFTy respectively, whereas FRFTg is faster than FRFTg in a 63.49%,
but a 11.11% slower than DI form.

To finish this section, it will be showed in figure (4.36) results for Vega 21.
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Figure 4.36: 3D Visualization, adjustments and errors for Double Heston Vega 21

Vega 21 shows a similar behaviour to Vega 22, so we present here again the
results, without any relevant input. Errors in the adjustment in arithmetic mean
are 0.40%, 0.28% and 2.9 x 1072% for FFT, FRFTg and FRFTy respectively,
whereas FRFTy is faster than FRFTg in a 49.36% and a 192.4% faster than
DI form.
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The Mikhailov and Négel (2004) Model

This section does not include any analytic formula, since Greeks and other
sensitivities for the Time-Dependent Heston model® have the same form as for
the Heston model. The only difference is the way in which they have to been
calculated, but it is straightforward once we know the final set of parameters
On = (,%N, N, N vl pN), so they are not presented here.

The goal of the only part of this section is to compare the results obtained when
we compute the Greeks and other sensitivities for the TD Heston model by
means of methods as finite differences or Fourier algorithms. We will compare
them in relation with the results provided by Direct Integration of semi-closed
solution via Gauss-Laguerre quadrature.

4.6.1 Numerical Results

It will be presented here, the numerical results for Time-Dependent Heston
model. Unlike of all previous model, in this section the results will be presented
in a different way, since it has been opted for remove 3D visualization figures
and in its place, graphics with CPU times have been included to analyse them
for Greeks and other sensitivities. This choice has been motivated due to the
fact that it has not sense consider a 3D figure, because we need to make several
suppositions about the parameters or estimate the time-dependent parameters
for each period, which is far of the scope of this Master Thesis. Instead of 3D
visualization graphics, it has been though convenient introduce CPU times,
since they will be able to help us with our times comparisons in the next
analysis.

For this model, all the graphics and results showed in this section, corresponding
to an European call option with the following conditions: K = 100, the static
parameters § = 0.1, 0 = 0.2, vg = 0.1 and p = —0.3, while k varies from
k = 1,2,4 in the three periods, which we assume to be equal in length,
considering maturity in this case and a difference of the previous models as
7 = 5. Furthermore, the model has been implemented considering r = 0, like
Mikhailov and Négel [MN04] made in table 1 of their article of 2004. At last,
it has been considered the same spot range of Sy € [70, 130].

5When we talk about the Time-Dependent Heston Model, we refer to the Mikhailov and
Nogel Model.
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On the other hand, Fourier algorithms have been implemented considering a
dampening factor of a = 1.75 and N = 22 integration points for both Fourier
algorithms, whilst the upper limit of integration is 200 for FFT and 100 for
FRFT algorithm.

In the next pages, it will be showed the table of results for Delta, Theta and
Sigma only, whereas the remainder Greeks and other sensitivities will be showed
graphically. As we have been doing until now, bidimensional cuts have been
taken at maturity for the parameters indicated in before.

We begin this section showing the results for Delta Greek, which it is presented
in figure (4.37)
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Figure 4.37: CPU times, adjustments and errors for Mikhailov and Négel Delta

Figure (4.37a), shows a comparison among the different methods employed
in order to compute Delta under TD Heston model. In this figure it can be
observed that with the choice of parameters N and uplimit, we have that
Fourier algorithms are both faster than FD method, concretely, in the FRFT
case it is up to 1.43 x 1073% more than FD, but it is also, near to 198% times
faster than DI form. Figure (4.37b) shows the adjustment of Delta Greek under
Fourier algorithms via trapezoidal rule, whose errors in arithmetic mean can
be noticed in figure (4.37c), where it can be observed that FRFT algorithm is
two magnitude orders lower than FFT and FD method.

Table (4.13) shows the results of Delta at maturity for ATM options.
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TD Heston Delta

Method Value Error (%) Time (s)
Closed Form 0.6441 0.0000 0.0060
Finite Differences 0.6440 0.0022 0.0270
FFT Trapezoidal Rule 0.6441 0.0001 0.0050
FFT Simpson’s Rule 0.6438 -0.0461 0.0060
FRFT Trapezoidal Rule 0.6441 0.0000 0.0010
FRFT Simpson’s Rule 0.6441 0.0000 0.0020

So=100,0=0.1,0 = 0.2, vy = 0.1, p = —0.3

571:47572:27HT:1

Table 4.13: Results for Mikhailov and Négel Delta.

The most significant result of table above is that FFT via Simpson’s rule
does not adjust Delta and as we will see later, any other sensitivity with the
accuracy that might be able to expected. This a curiously fact, because FFT
via Simpson’s Rule algorithm is the same that it has been used for FRFT in
this model and we can not find any explanation to this fact.

Theta will be the next Greek to be analyzed
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Figure 4.38: CPU times, adjustments and errors for Mikhailov and Négel Theta

One relevant aspect it can be observed in figure (4.38a) and it is that ranking
CPU mean times has changed in relation to Delta times ranking. FD method
and FFT algorithm have swapped their positions now. CPU times relatives for
DI, FD and FFT are respectively; 890%, 1.24 x 10>% and 269% slower than
FRFT algorithm. In relation to mean errors, they most accurate method is
also FRFT, with an accuracy of 3.41 x 107*% in arithmetic mean, while errors
for FD and FFT are respectively about 7.3 x 1072% and 7.6 x 1073%.

Next table shows results for ATM options.
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TD Heston Theta

Method Value Error (%) Time (s)
Closed Form -2.5730 0.0000 0.0210
Finite Differences -2.5750 -0.0780 0.0280
FFT Trapezoidal Rule -2.5730 -0.0000 0.0050
FFT Simpson’s Rule -2.5728 -0.0082 0.0070
FRFT Trapezoidal Rule -2.5730 -0.0000 0.0020
FRFT Simpson’s Rule -2.5730 -0.0000 0.0020

So=100,0=0.1,0 =0.2, vg =0.1, p = —-0.3

Ery =4, Ky, =2, k0 =1

Table 4.14: Results for Mikhailov and Nogel Theta.

It can be noticed as FFT algorithm implemented via trapezoidal rule is by
far, the worse Fourier algorithm as accuracy as concerned. Any other relevant
aspect is remarkable in this table.

Gamma is presented in the next figure.
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Figure 4.39: CPU times, adjustments and errors for Mikhailov and Nogel Gamma

Here, we can find that CPU times ranking is the same than for Delta, being
FRFT the fastest algorithm. Figure (4.39b) shows a different aspect to what we
were used to see in the previous model, which it is consequence of the choice of
parameters. Maybe, the most relevant aspect we can find it, when we analyze
figure (4.39¢c), where it can be noticed that for OTM options, the adjustment
via FFT is worse than ITM options, as direct consequence of FFT algorithm.
It is important to point out that FRFT does not present this inconvenience, as
it can see in the same graphic.

We will finish our study of TD Heston Greeks making a quick analysis for the
remaining Greeks, Rho and Vega 1.
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Rho will be commented in first place.
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Figure 4.40: CPU times, adjustments and errors for Mikhailov and Nogel Rho

It can be noticed that Rho shows similar characteristics to other Greeks
commented previously. Figure (4.40a) is clear and figure (4.40c) show the error,
which are in arithmetic mean; 473 x 107°%, 9.7 x 1072% and 2.38 x 10~*% for
FD, FFT and FRFT respectively. This time, FD is more accurate than Fourier
method. By contrast, it is three magnitude orders slower than FRFT.

Vega 1 is the last Greek that will be commented.
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Figure 4.41: CPU times, adjustments and errors for Mikhailov and Nogel Vega 1

This Greek does not present any interesting result that we have not commented
before. Therefore, it will only given the results for figure (4.41c¢), since figure
(4.41a) is clear. Therefore, errors in arithmetic mean are; 1.47 x 1074%,
1.4 x 1072% and 3.41 x 10=*% for FD, FFT and FRFT respectively. We can
find again, as FRFT is the most convenient algorithm, due to it is the most
accurate and fastest among all.

We conclude this section showing other sensitivities, as Kappa, Sigma and Vega
2. In this section, Sigma has been chosen to be analyzed together its table of
results, so we will begin analyzed it in first place.
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Figure 4.42: CPU times, adjustments and errors for Mikhailov and Négel Sigma

Sigma has been calculated via symbolic derivatives, so it can explain the results
showed in figure (4.42a), where the most relevant aspect is that CPU times
for FFT in the OTM options side is slower than CPU times for FFT in the
ITM options side. CPU times are all the same order, 10~2s, so choosing one or
another method has to be conditioned by the mean error in the adjustment.
Figure (4.42c) shows that mean error is about 65% for FD method, while
Fourier methods presented errors in arithmetic mean under 10~2% for the FFT
case and under 104% for FRFT case. We do not understand why FD errors are
so higher in this case, since derivatives have been calculated symbolically and
the method has been implemented in the same way that the models before.

TD Heston Sigma

Method Value Error (%) Time (s)
Closed Form -0.6448 0.0000 0.0380
Finite Differences -0.6521 -11.3213 0.0270
FFT Trapezoidal Rule -0.6448 -0.0000 0.0160
FFT Simpson’s Rule -0.6450 0.0281 0.0170
FRFT Trapezoidal Rule -0.6448 -0.0000 0.0110
FRFT Simpson’s Rule -0.6448 -0.0000 0.0110

So=100,0 =0.1, 0 = 0.2, vo = 0.1, p = —0.3

b =4, Ky =2, kp =1

Table 4.15: Results for Mikhailov and Nogel Sigma.

ATM options always presents the best adjustment and in spite of, error made
in the calculation this Greek is about 11%, which is really large. Notice, that
FFT Simpson’s Rule continues presenting the worse adjust among Fourier
methods.
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Kappa is the other sensitivity that has been calculated symbolically. We will
see now how it has affected to Kappa.
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Figure 4.43: CPU times, adjustments and errors Mikhailov and No6gel Kappa

Figures (4.43a) and (4.43c) are very similar to the figures (4.42a) and (4.42c)
respectively, but in a shorter scale, so the same comments made before are
valid here. As results, notice that mean error for FD is about 30%, while FFT
presented a mean error about 1072% and FRFT an erro of 10~4%.

This section conclude with the results for Vega 2.

Vega2 Vvega2 Vegaz

g
s g .
$wt E Fh | °
s 1 £ 13
= 107] i

0 80 EY 100 110 120 130 K 80 %0 110 120 130 70 80 %0 100 110 120 130

100
Strke Price Stk Price

e e e o TR o TR e e e
(a) CPU times (b) Adjust (¢) Errors

Figure 4.44: CPU times, adjustments and errors for Mikhailov and Nogel Vega 2

Ranking of CPU times is the same than Vega 1 ranking and it can be observed
in figure (4.44a). Figure (4.44c) also shows the same aspect than error in Vega
1, but in a shorter scale. This time, mean errors in arithmetic mean are the
same order order, 107%% for FD and FRFT, while FFT reachs an accuracy of
1072%.



CONCLUSIONS AND OUTLOOK

This chapter draw the conclusions and discuss other alternatives to Fourier

algorithms within Quantitative Finances
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Through previous chapters, it can be checked as algorithms based on Fourier
transforms are much more efficiencies than methods as Monte Carlo when
we prices options or as finite differences when we calculate greeks or other
sensitivities. By efficient we refer to the fact that these algorithms are more
accurate and faster than Monte Carlo and sometimes it is also true as regards
to finite differences method.

It is also important to indicate that for a similar temporal magnitude order,
Fourier methods provide at the same time prices for about 2! strikes, while
Monte Carlo simulations, provide only a single strike price. Here is the great
advantage of Fourier methods over Monte Carlo simulations. So all the analyses
performed represent a valid comparison in the only case that we are interested
in knowing the price for a given strike, since otherwise, Fourier methods are
much more powerful.

We have also made our study considering two Fourier algorithms implemented
via trapezoidal or Simpson’s rules and between them, we have checked that
FRFT is usually faster than FFT and sometimes, it is also true when we
compared FRFT algorithm with the integration of semi-closed solution via
Gauss-Laguerre quadrature It is also remarkable, that there are many cases for
which FRFT is a better alternative than FFT once we have suitably selected
the parameters 7 and A\. The most of all our comparison have this fact into
account and prove and reinforce the use of FRFT algorithm over FFT.

On the other hand, it is important to point out that main drawbacks of the
Fourier algorithms are that they force to log-strikes to fall inside integration
grid, so the methodology has to be adapted to this situation or if not, the
methods are limited to pricing only options whose corresponding log-strike
prices fall on that grid. To solve this situation, we have designed the first
alternative and we have used and interpolation scheme. This is the reason for
which sometimes accuracy order is not sufficiently good. Another drawback
of Fourier algorithms is that the value of N must always be a power of 2, but
the main problem arises when we need to price exotic options. In general in
these cases, Fourier methods does not provide us with a solution, so we need
to revert to Monte Carlo methods.

Finally, we conclude with some comments about the alternatives to Fourier
methods to option pricing. These alternative consider other transforms, as it
can be read in [Lin11], where Lin devoted its study to the Hilbert transform and
its applications in computational Finance or [FO08], where Fang et al. develop
an option pricing method for European options based on the Fourier-cosine
series, and call it the COS method. However, noticed that both methods
consider also Fourier techniques inside.
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In this appendix, more detailed tables and figures corresponding to other

simulation for the Heston Model can be downloaded from here ﬂ
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2 A. Mean Errors and Times for Heston Model

Al Heston Price Errors and Times?

Heston Price Errors and Times

Method Error (%) CPU Time (s)
FFT 0.0005 0.2618
FRFT 0.0054 0.0095
MC 1 0.4489 0.5255
MC 2 0.3738 0.8465

So =100, k = 2, 6 = 0.06, o = 0.1, vy = 0.06, p = 0.9

Table A.1: Mean errors and CPU Times for Heston price.
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Figure A.1: Errors and CPU Times for Heston Price

1The table results have been obtained under the conditions indicated in figures legend.





A.2. Heston Sensitivities Errors and Times

Heston Sensitivities Errors and Times?

Heston Sensitivities Errors

Method Delta Gamma Rho Theta Vegal Kappa Sigma Vega 2
FFT 1 0.0337 0.1295 0.0192 0.0111 0.0202 0.4876 0.0518 0.0196
FFT 2 0.0222 0.0478 0.0194 0.0111 0.0202 0.1717 0.0518 0.0196
FRFT 1 0.0048 0.0077 0.0046 0.0035 0.0072 0.0788 0.0429 0.0075
FRFT 2 0.0048 0.0058 0.0047 0.0035 0.0068 0.0218 0.0190 0.0069
FD 0.0477 0.0280 0.0025 0.0033 0.0000 0.0001 0.0050 0.0000
Sy =100, k =2, 6 =0.06, c = 0.1, vg = 0.06,p = 0.9
Table A.2: Mean errors for Heston sensitivities.
Heston Sensitivities Times
Method Delta Gamma Rho Theta Vegal Kappa Sigma Vega 2
FFT 1 0.0205 0.0203 0.0207 0.0215 0.0205 0.0463 0.0477 0.0214
FFT 2 0.0731 0.0751 0.0738 0.0711 0.0715 0.1179 0.1231 0.0732
FRFT 1 0.0010 0.0010 0.0010 0.0012 0.0010 0.0111 0.0122 0.0011
FRFT 2 0.0014 0.0015 0.0015 0.0018 0.0015 0.0186 0.0204 0.0016
FD 0.0025 0.0037 0.0025 0.0025 0.0025 0.0025 0.0025 0.0025
So =100, k =2, 6 =0.06, c =0.1, vg = 0.06,p = 0.9
Table A.3: Mean times for Heston sensitivities.
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Figure A.2: Errors and CPU Times for Heston Delta

2The table results have been obtained under the conditions indicated in figures legend.
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Figure A.3: Errors and CPU Times for Heston Gamma
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Figure A.4: Errors and CPU Times for Heston Rho
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Figure A.6: Errors and CPU Times for Heston Vega 1
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Figure A.7: Errors and CPU Times for Heston Kappa

ON G, VY S
g
A AN A N AN~
= 10 °F E
-3
10 °f E|
10’5 L L L L L L L L L L
70 80 90 100 110 120 130 70 80 90 100 110 120 130
Strike Price Strike Price
FFTTR FFTTR FRFT TR FRFT TR FFTTR FRFT TR FRFT TR
§=5.18e-2 §=518e-2 =1.90e-2 p=123e-1 p=1.22e-2 §=2.04e-2
N=2° N=2' o FD N=21 N=28 N=2° FD
uplimit = 600 1=4.99%-3 uplimit = 600 uplimit = 100 uplimit = 100 W=2.49e-3
n=117 n=059 n=010 =010
A=0.010 A=0.010 A=0.005 A =0.005

(a) Sigma Errors

(b) Sigma CPU Times

Figure A.8: Errors and CPU Times for Heston Sigma
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Figure A.9: Errors and CPU Times for Heston Vega 2
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B. Mean Errors and Times for Bates Model

B.1 Bates Price Errors and Times!

Bates Price Errors and Times

Method Error (%) CPU Time (s)
FFT 0.4790 0.0212
FRFT 0.4814 0.0019
MC 1 0.4893 3.6651
MC 2 0.3892 5.5493

So =100, K =2, 6 = 0.06, oy = 0.1, vo = 0.06, p = 0.9
A =3, us = —0.05, 0g = 10~4

Table B.1: Mean errors for Bates price.
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Figure B.1: Errors and CPU Times for Bates Price

1The table results have been obtained under the conditions indicated in figures legend.





B.2. Bates Sensitivities Errors and Times

Bates Sensitivities Errors and Times?

Bates Sensitivities Errors

Method Delta Gamma Rho Theta Vegal Kappa Sigma Vega 2
FFT 1 0.2268 0.2459 0.1826 0.6189 0.6480 1.4798 1.5070 0.6406
FFT 2 0.1288 0.1405 0.0784 0.6264 0.5187 1.3471 1.1818 0.5123
FRFT 1 0.0710 0.0771 0.0047 0.6326 0.4229 1.0392 0.9663 0.4184
FRFT 2 0.0710 0.0771 0.0047 0.6326 0.4229 1.0392 0.9663 0.4184
FD 0.3184 0.3958 0.3728 0.0033 0.0000 0.0001 0.0050 0.0000
So =100, k =2, 8 = 0.06, oy = 0.1, vg = 0.06,p = 0.9
A=3, us =-0.05, 05 = 10~4
Table B.2: Mean errors for Bates sensitivities.
Bates Sensitivities Times
Method Delta Gamma Rho Theta Vegal Kappa Sigma Vega 2
FFT 1 0.0201 0.0205 0.0194 0.0210 0.0200 0.0443 0.0476 0.0201
FFT 2 0.0211 0.0209 0.0210  0.0209 0.0203 0.0468 0.0488 0.0208
FRFT 1 0.0018 0.0018 0.0017 0.0021 0.0017 0.0189 0.0209 0.0018
FRFT 2 0.0015 0.0015 0.0015 0.0019 0.0015 0.0183 0.0207 0.0016
FD 0.0027 0.0041 0.0028 0.0027 0.0027 0.0027 0.0027 0.0027
So =100, k =2, 8 =0.06, oy = 0.1, vg = 0.06,p = 0.9
A =3, ug =-0.05, 05 = 10—4
Table B.3: Mean times for Bates sensitivities.
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Figure B.2: Errors and CPU Times for Bates Delta

2The table results have been obtained under the conditions indicated in figures legend.






B. Mean Errors and Times for Bates Model

Relative Error (%)

Gamma Gamma

10 " 1
1073 L L L L L L L L L L
70 80 % 100 110 120 130 70 80 9 100 110 120 130
Strike Price Strike Price

FFTTR FRFTTR FRFTTR FFTTR FFTTR FRFT TR FRFT TR

n=246e-1 W=7.71e-2 W=2.05e-2 W=2.09e-2 W=178e-3 W=149e-3

N=2° N=2 FD N=2° N=2° N=2° N=2° FD

uplimit = 200 uplimit = 200 1=3.96e-1 uplimit = 200 uplimit = 300 uplimit = 200 uplimit = 300 = u=alle-3

=039 10 n=039 = -0.10 010
A=0.031 A=0.031 A=0.021 A =0.005 A=0.005
(a) Gamma Errors (b) Gamma CPU Times
Figure B.3: Errors and CPU Times for Bates Gamma
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Figure B.4: Errors and CPU Times for Bates Rho
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Figure B.5: Errors and CPU Times for Bates Theta
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Figure B.6: Errors and CPU Times for Bates Vega 1
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Figure B.7: Errors and CPU Times for Bates Kappa
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Figure B.8: Errors and CPU Times for Bates Sigma
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Figure B.9: Errors and CPU Times for Bates Vega 2
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C. Mean Errors and Times for SVJJ Model

C.1

Relative Error (%)

10°
7

SVJJ Price Errors and Times!

SVJJ Price Errors and Times

Method Error (%)

CPU Time (s)

FFT 0.5388
FRFT 0.5438
MC 1 4.7725
MC 2 4.7847

0.2677
0.0024
23.1713
34.7665

So =100, k =2, 6 = 0.06, o = 0.1, vy = 0.06, p = 0.9

A =3, ug = 0.014, o5 = 1074, p; = —0.4, puy = 0.01

Table C.1: Mean errors for SVJJ price.
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(a) Price Error

(b) Price CPU time

Figure C.1: Errors and CPU Times for SVJJ Price

1The table results have been obtained under the conditions indicated in figures legend.





C.2. SVJJ Sensitivities Errors and Times

SV JJ Sensitivities Errors and Times?

SVJJ Sensitivities Errors

Method Delta Gamma Rho Theta Vegal Kappa Sigma Vega 2
FFT 1 0.1137 0.1216 0.0468 0.7393  0.5491 1.4340  1.4119  0.5429
FFT 2 0.1137 0.1216 0.0468 0.7393  0.5491 1.4340  1.4119  0.5429
FRFT 1 0.0856 0.0899 0.0075 0.7438  0.4956 1.2464  1.2821  0.4909
FRFT 2 0.0856 0.0903 0.0075 0.7436  0.4950 1.2141  1.2933  0.4900
FD 0.3397 0.4494 0.4373 0.0131  0.0000 0.0107  0.0160  0.0000

So =100, k =2, 8 = 0.06, oy = 0.1, vg = 0.06,p = 0.9

A=3, us =0.014, 05 =107, p; = —0.4, uy = 0.01

Table C.2: Mean errors for SVJJ sensitivities.
SVJJ Sensitivities Times

Method Delta Gamma Rho Theta Vegal Kappa Sigma Vega 2
FFT 1 0.0787 0.0795 0.0768 0.0795  0.0765 0.1375  0.1451  0.0747
FFT 2 0.2608 0.2598 0.2608 0.2598  0.2618 0.3706  0.3857  0.2597
FRFT 1 0.0012 0.0012 0.0014 0.0019  0.0012 0.0156  0.0175  0.0013
FRFT 2 0.0018 0.0019 0.0018 0.0029  0.0018 0.0246  0.0280  0.0020
FD 0.0033 0.0049 0.0033 0.0032  0.0033 0.0032  0.0032  0.0033

So =100, K =2, 6 = 0.06, oy = 0.1, vo = 0.06, p = 0.9

A =3, ps=0.014, cg = 1074, p; = —0.4, py = 0.01

Table C.3: Mean times for SVJJ sensitivities.
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Figure C.2: Errors and CPU Times for SVJJ Delta

2The table results have been obtained under the conditions indicated in figures legend.

(b) Delta CPU Times
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Figure C.3: Errors and CPU Times for SVJJ Gamma
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Figure C.4: Errors and CPU Times for SVJJ Rho
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Figure C.7: Errors and CPU Times for SVJJ Kappa
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Figure C.8: Errors and CPU Times for SVJJ Sigma
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Figure C.9: Errors and CPU Times for SVJJ Vega 2
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D. Mean Errors and Times for Double Heston Model

Double Heston Price Errors and Times!

Double Heston Price Errors and Times

Method Error (%) CPU Time (s)
FFT 0.0016 0.2613
FRFT 0.0135 0.0016
MC 1 1.0243 95.7629
MC 2 1.2038 200.9712

So =100, k1 = 2, 6; = 0.005, o1 = 0.2, vg1 = 0.04, p1 = 0.6

Ko = 1.5, 92 = 0006, 09 = 0.25, Vo2 — 0.03,,02 = -0.6

Table D.1: Mean errors for Double Heston price.
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(a) Price Error (b) Price CPU time

Figure D.1: Errors and CPU Times for Double Heston Price

1The table results have been obtained under the conditions indicated in figures legend.





D.2. Double Heston Sensitivities Errors and Times

Double Heston Sensitivities Errors and Times?

Double Heston Sensitivities Errors I

Method Delta Gamma Rho Theta Vega 11 Vega 12
FFT 1 0.3083  0.4247  0.3077 0.1760 0.3892 0.3455
FFT 2 0.1352 0.1999 0.1321  0.0739 0.1756 0.1517
FRFT 1 0.0646 0.3454  0.0604 0.0287 0.2475 0.1946
FRFT 2 0.0084  0.0105 0.0082  0.0056 0.0249 0.0233
FD 0.0900  0.0464  0.0081 0.0053 0.0021 0.0018

SO = 1007 K1 = 2, 91 = 0005, g1 = 02, Vo1 = 004,,01 =0.6

Rg = ]..57 (92 = 0006, 09 = 025, Vo2 = 0.03,p2 = —0.6

Table D.2: Mean errors for Double Heston sensitivities 1.

Double Heston Sensitivities Errors I1

Method Kappal

Kappa 2 Sigma 1

Sigma 2 Vega 21 Vega 22

FFT 1 0.3611
FFT 2 0.1621
FRFT 1 0.1871
FRFT 2 0.0181
FD 0.0000

0.2935
0.1256
0.0979
0.0156
0.0000

0.8165
0.4401
1.2834
0.1392
0.0148

3.6871 0.4004
1.2359 0.1816
14.0238 0.2759
0.4590 0.0291
0.1174 0.0008

0.3707
0.1643
0.2386
0.0271
0.0005

So = 100, k1 = 2, 6, = 0.005, o1 = 0.2, v, = 0.04, p; = 0.6

Rg = 1.57 92 = 0.006, 09 = 0.25, Vo2 = 0.03,p2 =—-0.6

Table D.3: Mean times for Double Heston sensitivities II.

Double Heston Sensitivities Times I

Method Delta Gamma Rho Theta Vega 11 Vega 12
FFT 1 0.0745 0.0747  0.0753  0.0803 0.0765 0.0757
FFT 2 0.0216  0.0219 0.0220  0.0238 0.0223 0.0222
FRFT 1 0.0012 0.0013 0.0012  0.0017 0.0012 0.0012
FRFT 2 0.0018  0.0021 0.0018  0.0027 0.0018 0.0018
FD 0.0041 0.0061 0.0040  0.0041 0.0041 0.0041

SO = 100, R1 = 2, 91 = 0005, o1 = 02, Vo1 — 004,p1 =0.6

Rg = 1.5, 92 = 0.006, 09 = 0.25, Vo2 = 0.03,/)2 = —-0.6

Table D.4: Mean times for Double Heston sensitivities times I.

2The table results have been obtained under the conditions indicated in figures legend.





D. Mean Errors and Times for Double Heston Model

Relative Error (%)

Double Heston Sensitivities Times 11

Method

Kappa 1

Kappa 2 Sigma 1

Sigma 2 Vega 21 Vega 22

FFT 1
FFT 2
FRFT 1
FRFT 2
FD

0.1155
0.0461
0.0110
0.0186
0.0041

0.1125
0.0456
0.0105
0.0171
0.0040

0.1205
0.0488
0.0123
0.0206
0.0040

0.1158
0.0478
0.0113
0.0193
0.0040

0.0715
0.0213
0.0013
0.0020
0.0040

0.0755
0.0219
0.0012
0.0019
0.0040

So = 100, R1 = 2, 91 = 0.005, g1 = 0.2, Vo1 = 0.047 pP1 = 0.6

Ko = 1.5, 0o = 0.006, o2 = 0.25, vg2 = 0.03, ps = —0.6

Table D.5: Mean times for Double Heston sensitivities times II.
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Figure D.2: Errors and CPU Times for Double Heston Delta
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Figure D.3: Errors and CPU Times for Double Heston Gamma






D.2. Double Heston Sensitivities Errors and Times

Relative Error (%)
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Figure D.4: Errors and CPU Times for Double Heston Rho
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Figure D.5: Errors and CPU Times for Double Heston Theta
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Figure D.6: Errors and CPU Times for Double Heston Vega 11
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Figure D.7: Errors and CPU Times for Double Heston Vega 1
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Figure D.8: Errors and CPU Times for Double Heston Kappa 1
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Figure D.9: Errors and CPU Times for Double Heston Kappa 2
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Figure D.10: Errors and CPU Times for Double Heston Sigma
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Figure D.11: Errors and CPU Times for Double Heston Sigma 2
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Figure D.12: Errors and CPU Times for Double Heston Vega 2
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Figure D.13: Errors and CPU Times for Double Heston Vega 2
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In this appendix, more detailed tables and figures corresponding to other

simulation for TD-Heston Model can be downloaded from here g
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E. Mean Errors and Times for TD-Heston Model

TD-Heston Price Errors and Times?

TD-Heston Price Errors and Times

Method Error (%) CPU Time (s)

FFT 0.0006 0.0838
FRFT 0.0001 0.0041
MC 1 0.4822 1.6980
MC 2 0.4203 2.8226

So =100,0=0.1,0 =0.2, vo = 0.1, p= —0.3

b =4, Ky =2, 60 =1

Table E.1: Mean errors for TD-Heston price.
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Figure E.1: Errors and CPU Times for TD-Heston Price

1The table results have been obtained under the conditions indicated in figures legend.





E.2. TD-Heston Sensitivities Errors and Times

TD-Heston Sensitivities Errors and Times?

TD-Heston Sensitivities Errors

Method Delta Gamma Rho Theta Vegal Kappa Sigma Vega 2
FFT 1 0.0033 0.0639 0.0097 0.0140 0.0138 0.0167 0.0223 0.0138
FFT 2 0.0539 0.1825 0.0135 0.0302 0.0290 0.1336 0.0962 0.0283
FRFT 1 0.0001 0.0003 0.0002 0.0003 0.0003 0.0006 0.0006 0.0003
FRFT 2 0.0001 0.0003 0.0002 0.0003 0.0003 0.0006 0.0006 0.0003
FD 0.0023 0.0015 0.0000 0.0734 0.0000 29.9904 65.3799  0.0000
Sy =100,0=0.1,0 =0.2, v9g =0.1, p=—0.3
b =4, Ky =2, kp =1
Table E.2: Mean errors for TD-Heston sensitivities.
TD-Heston Sensitivities Times
Method Delta Gamma Rho Theta Vegal Kappa Sigma Vega 2
FFT 1 0.0073 0.0071 0.0070  0.0075 0.0071 0.0207  0.0225 0.0074
FFT 2 0.0073 0.0075 0.0072 0.0076 0.0073 0.0211 0.0227 0.0076
FRFT 1 0.0018 0.0019 0.0018 0.0021 0.0019 0.0112 0.0121 0.0019
FRFT 2 0.0017 0.0017 0.0017 0.0019 0.0017 0.0110 0.0121 0.0018
FD 0.0290 0.0433 0.0290 0.0290 0.0289 0.0293 0.0288 0.0291
Sy =100,0=0.1,0 =0.2, vg =0.1, p=—0.3
br =4, Ky, =2, k0 =1
Table E.3: Mean times for TD-Heston sensitivities.
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Figure E.2: Errors and CPU Times for TD-Heston Delta

2The table results have been obtained under the conditions indicated in figures legend.
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102 F. Alternative Methodology for Greeks and other sensitivities

Following to [Roul3], it is possible to derive semi-closed formulas for greeks
under Carr and Madan representation and compare the accuracy of the greeks
obtained under this model and the computation time involved in the calculations.
If we recall the equation (1.13) of Carr & Madan

R —iwk_ € o7 [v— (a+1)i]
er(k) = T /0 Re{e a2+a—v2+i(2a+1)v}dv

Then, it is very simply show that greeks under this formulation are:

et (k
Aoy = CaTé, )
e~ak oo vk € T [ — (a4 1)i]
7S Jy he {e a2+a—v2+i(2a+1)v} dv (F-1)
82CT(]€)
Fom = "gq
e~ak o ik € (v = 1)or [v — (a + 1)i]
T 1S2 /0 Re{e a?+a—v2+i(2a+ 1) } dv (F.2)
der(k
o
e—ak e} ik e~ T (T¢ + 8¢/8T>
R /0 Re{e a2+a—02+i(2a+1)v}dv (F-3)
der(k
-0

e~k o0 —ivk efTTD(’T, 'U)(bT [’U — (Oé + 1)2}
oo /0 Re{e a?+a—v2+i2a+1)v }dv (F.4)

And now it is possible adapt these expressions to implement the FFT and FRFT
algorithms. We need construct the integration grid {v, }j.vzl,

{kzu}i\f:l, and to calculate the points x; = exp[i (b —In(S;)) v;] ¥ (v;)w; for
j=1,...,N. We consider now that

the log-strike grid

" or [v; — (o + 1)i

C a? +a— v +i(2a + 1)v;

where now, ¢ corresponding to derivative of the second® characteristic function
for the desired greek using the expression calculated in 3.

1For the Double Heston model we have only one characteristic function, so that in this case,
we referring it as the derivative of the cf, instead of the second cf.



103

With this, we obtain &, = C(k,), and the value of the greek is given by

ek & 2
Ty = ZR@{@ N (g —1)(u—1)xj} foru=1,....N (F.5)
Lt
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Carr & Madan (1999) Representation
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The Fractional Fast Fourier Transform

What is a Fourier Transform?

The Generalized Fourier Transform

The Generalized Fourier Transform of an integrable function, f(t),
is given by
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27r1a

HOE / M) dt < oo
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Fourier Transforms in Finance Continuous Fourier Transform
Carr & Madan (1999) Representation
The Fast Fourier Transform

The Fractional Fast Fourier Transform

What is a Fourier Transform?

The Generalized Fourier Transform

The Generalized Fourier Transform of an integrable function, f(t),
is given by

bl
27r1a

HOE / M) dt < oo

The Inverse Generalized Fourier Transform

The Inverse Generalized Fourier Transform of an integrable
function, f(w), is given by

| o]
27‘(’ (9-\1+a

f(t) =

/ e f(w) dw < oo
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The Characteristic Function

A characteristic function ¢(w), with w € R, can be defined as the
Fourier transform of the probability density function P(xz)

d(w) 2 F[P(x)] = /OO e“P(z) dz = E [e™7]
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Carr & Madan (1999) Representation
The Fast Fourier Transform

The Fractional Fast Fourier Transform

The Characteristic Function

A characteristic function ¢(w), with w € R, can be defined as the
Fourier transform of the probability density function P(xz)

d(w) 2 F[P(x)] = /OO e“P(z) dz = E [e™7]

—00

The Probability Density Function

Probability density function P(x) can be obtained by inverse
Fourier transform of the characteristic function ¢(w)

P) £ 7 )] = 5 [ " e () du

:g .
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Fourier Transforms in Finance Continuous Fourier Transform
Carr & Madan (1999) Representation
The Fast Fourier Transform

The Fractional Fast Fourier Transform

The Black-Scholes Style Formula

@ ¢(K) denotes the price of an European call.
¢(K)=e "TEQ [(S7— K)*]
= e "TEQ [ST]l(ST>K)] — Ke ""EQ []I(ST>K)]

= StP(ST > K) — Ke_rTQ(ST > K)
= Stpl - Ke_rTPQ (1)
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Fourier Transforms in Finance Continuous Fourier Transform
Carr & Madan (1999) Representation
The Fast Fourier Transform

The Fractional Fast Fourier Transform

The Black-Scholes Style Formula

@ ¢(K) denotes the price of an European call.
¢(K)=e TTEC [(S7— K)*]
e "TEQ [ST]l(ST>K)] — Ke ""EQ []I(ST>K)]
= StP(ST > K) — Ke_rTQ(ST > K)
= Stpl — Ke_rTPQ (1)

where for j = 1,2 we have

Gil-Peldez Inversion Formula (1951)

1 1 0 —ipIn K 4 (.
P; = Prob{St > K} = 5 / Re [e ;;Z(go,:c,v) dy
0
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Fourier Transforms in Finance Continuous Fourier Transform
Carr & Madan (1999) Representation
The Fast Fourier Transform

The Fractional Fast Fourier Transform

Carr & Madan (1999) Representation

e Now, let z = In(S7) and k = In(K), then risk neutral
valuation yields

or(K) = e "B [(Sr — K)7]
= e_”/ (e — eF)qr(z) d
k
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Fourier Transforms in Finance Continuous Fourier Transform
Carr & Madan (1999) Representation
The Fast Fourier Transform

The Fractional Fast Fourier Transform

Carr & Madan (1999) Representation

e Now, let z = In(S7) and k = In(K), then risk neutral
valuation yields

or(K) = e "B [(Sr — K)7]
= e_”/ (e — eF)qr(z) d
k

@ Evaluating the limit as £ — —o0, we see that

lim cp(k)= lim e”/ (e — eM)qr(z) dx
k

k——o0 k——o0

= S = cr(k) ¢ L2

7/42 Gorka Koldo Gonzalez Saez Fourier Transform Methods for Option Pricing





Fourier Transforms in Finance Continuous Fourier Transform
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The Fast Fourier Transform

The Fractional Fast Fourier Transform

o Carr & Madan rectify this by defining the modified call price
cr(k) as
er(k) £ e*ep(eh)
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o Carr & Madan rectify this by defining the modified call price
cr(k) as
er(k) £ e*ep(eh)

@ Now the Fourier transform of ¢p(k) is well-defined.

o [ e e Torlo— (a1
Yr(v) = /_ooe cr(k) dk = a?+a—v2+i2a+ 1)
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o Carr & Madan rectify this by defining the modified call price
cr(k) as
er(k) £ e*ep(eh)

@ Now the Fourier transform of ¢p(k) is well-defined.

o [ e e Torlo— (a1
Yr(v) = /_ooe cr(k) dk = a?+a—v2+i2a+ 1)
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Fourier Transforms in Finance Continuous Fourier Transform
Carr & Madan (1999) Representation
The Fast Fourier Transform

The Fractional Fast Fourier Transform

Carr & Madan (1999) Formula for OTM call options

zp(k) = 27rsinlh(a/<:) /000 Re [e*i”k'y;p(v)] dv

@ where

Cr(v—ia) — (r(v+ia)

vr(v) =
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Fourier Transforms in Finance Continuous Fourier Transform
Carr & Madan (1999) Representation
The Fast Fourier Transform

The Fractional Fast Fourier Transform

Carr & Madan Formula for ATM and ITM call options

Carr & Madan Formula for OTM call options

zr (k) _ /000 Re [e_i”kfyT(v)] dv

~ 2rsinh (ak)
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Carr & Madan (1999) Representation
The Fast Fourier Transform

The Fractional Fast Fourier Transform

Carr & Madan Formula for ATM and ITM call options

Fast Fourier Transform

Carr & Madan Formula for OTM call options

zr (k) _ /000 Re [e_i”kfyT(v)] dv

~ 2rsinh (ak)
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Fourier Transforms in Finance Continuous Fourier Transform
Carr & Madan (1999) Representation
The Fast Fourier Transform

The Fractional Fast Fourier Transform

Carr & Madan Formula for ATM and ITM call options

Fast Fourier Transform Fractional Fast Fourier Transform

Carr & Madan Formula for OTM call options

z7 (k) S /000 Re [e_i”kfyT(v)] dv

~ 2rsinh (ak)
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Fourier Transforms in Finance Continuous Fourier Transform
Carr & Madan (1999) Representation
The Fast Fourier Transform

The Fractional Fast Fourier Transform

The Fast Fourier Transform

@ The call price for ATM/ITM options under Carr & Madan
representation is given by

—ak

cr(k) = ¢ /OOO Re [e_i”kzZ)T(v)] dv

s
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Fourier Transforms in Finance Continuous Fourier Transform
Carr & Madan (1999) Representation
The Fast Fourier Transform

The Fractional Fast Fourier Transform

The Fast Fourier Transform

@ The call price for ATM/ITM options under Carr & Madan
representation is given by

e—ak

cr(k) = /000 Re {e_i”kd)T(v)] dv

s

@ To implement FFT algorithm, first create the integration grid
{vj}jy:l, and discretising the integral via trapezoidal rule

vj=(j—1)n foryj=1,....,N

—ak

N
e il
CT(k‘) =~ n E Re [e_wjkwT(’Uj) W

™

Jj=1
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Fourier Transforms in Finance Continuous Fourier Transform
Carr & Madan (1999) Representation

The Fast Fourier Transform
The Fractional Fast Fourier Transform

@ The second step is to create the log-strike grid {k,})_;.

ku:—5+(u—1))\+ln5t (5:%
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Fourier Transforms in Finance Continuous Fourier Transform
Carr & Madan (1999) Representation

The Fast Fourier Transform
The Fractional Fast Fourier Transform

@ The second step is to create the log-strike grid {k,})\_;

ku:—5+(u—1))\+ln5t (5:%

ZRe[ —iAn(Gj—1)(u—1) 1(6 In Sy) ij< ) . (2)

7=1
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Fourier Transforms in Finance Continuous Fourier Transform
Carr & Madan (1999) Representation
The Fast Fourier Transform

The Fractional Fast Fourier Transform

@ The second step is to create the log-strike grid {k,})\_;

ku:—5+(u—1))\+ln5t (5:%
—aky,
clky) = 16~ ne ZRe[ —in(j—1)(u=1) 4i(6—1In S¢) ujw Ol w; (2)

7=1

FFT Algorithm (1965)

Ze NU-DE-D g, fork=1,...,N (3)
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Fourier Transforms in Finance Continuous Fourier Transform
Carr & Madan (1999) Representation
The Fast Fourier Transform

The Fractional Fast Fourier Transform

@ To apply the FFT, we have the following constraint on the
increments 7 and A

@ This is an important limitation of the FFT, since it entails a
trade-off between the grid sizes.
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Fourier Transforms in Finance Continuous Fourier Transform
Carr & Madan (1999) Representation
The Fast Fourier Transform

The Fractional Fast Fourier Transform

The Fractional Fast Fourier Transform

@ The FRFT was proposed by Bailey in 1991.

14/42 Gorka Koldo Gonzélez Saez Fourier Transform Methods for Option Pricing





Fourier Transforms in Finance Continuous Fourier Transform
Carr & Madan (1999) Representation
The Fast Fourier Transform

The Fractional Fast Fourier Transform

The Fractional Fast Fourier Transform

@ The FRFT was proposed by Bailey in 1991.

Ze 2 (-1 (k-1)

Jj=1
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Carr & Madan (1999) Representation
The Fast Fourier Transform

The Fractional Fast Fourier Transform

The Fractional Fast Fourier Transform

@ The FRFT was proposed by Bailey in 1991.

Ze 2 (-1 (k-1)

Jj=1

N
Gu(m,f) = Y e 2 U=Dk-1iy,
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Fourier Transforms in Finance Continuous Fourier Transform
Carr & Madan (1999) Representation
The Fast Fourier Transform

The Fractional Fast Fourier Transform

The Fractional Fast Fourier Transform

@ The FRFT was proposed by Bailey in 1991.

Ze 2 (-1 (k-1)

Jj=1

N
Gu(m,f) = Y e 2 U=Dk-1iy,

@ Therefore, we can choose the grid size parameters freely.
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Fourier Transforms in Finance Continuous Fourier Transform
Carr & Madan (1999) Representation
The Fast Fourier Transform

The Fractional Fast Fourier Transform

The Fractional Fast Fourier Transform

@ The FRFT was proposed by Bailey in 1991.

N
Gila,B) =Y e 2T U=DE-1i,,

@ Therefore, we can choose the grid size parameters freely.

—Q

ku YV s ,
C(kﬁu) ~ 77€7T ZRe |:e—z27r,8(g—1)(u—1)ez(d—lnSt)vj¢(vj) w;
j=1
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Fourier Transforms in Finance Continuous Fourier Transform
Carr & Madan (1999) Representation
The Fast Fourier Transform

The Fractional Fast Fourier Transform

@ To implement the FRFT on a set of points (x1,...,zy), first
define the vectors y and z, each of dimension 2N.

v= (o] o)

j=1

” = <[eiﬂ(j—1)25} jv_ . {eiW(N—jH)"’B} jv_ 1)
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Fourier Transforms in Finance Continuous Fourier Transform
Carr & Madan (1999) Representation
The Fast Fourier Transform

The Fractional Fast Fourier Transform

@ To implement the FRFT on a set of points (x1,...,zy), first
define the vectors y and z, each of dimension 2N.

v= (o] o)

j=1
5= <[6iw(j—1)25};v_1’ {eiW(N_j—HPB};V_l)

@ We can write the FRFT in compact form as:

FRFT Algorithm (1991)

[Fi(y)
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@ To implement the FRFT on a set of points (x1,...,zy), first
define the vectors y and z, each of dimension 2N.

v= (o] o)

j=1
5= <[6iw(j—1)25};v_1’ {eiW(N_j—HPB};V_l)

@ We can write the FRFT in compact form as:

FRFT Algorithm (1991)

[Fr(y) Fr(2)]

Gorka Koldo Gonzélez Saez Fourier Transform Methods for Option Pricing





Fourier Transforms in Finance Continuous Fourier Transform
Carr & Madan (1999) Representation
The Fast Fourier Transform

The Fractional Fast Fourier Transform

@ To implement the FRFT on a set of points (x1,...,zy), first
define the vectors y and z, each of dimension 2N.

v= (o] o)

j=1
5= <[6iw(j—1)25};v_1’ {eiW(N_j—HPB};V_l)

@ We can write the FRFT in compact form as:

FRFT Algorithm (1991)

[Fr(y) © Fi(2)]
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Fourier Transforms in Finance Continuous Fourier Transform
Carr & Madan (1999) Representation
The Fast Fourier Transform

The Fractional Fast Fourier Transform

@ To implement the FRFT on a set of points (x1,...,zy), first
define the vectors y and z, each of dimension 2N.

v= (o] o)

j=1
5= <[6iw(j—1)25};v_1’ {eiW(N_j—HPB};V_l)

@ We can write the FRFT in compact form as:

FRFT Algorithm (1991)

Fi7 [Fu(y) © Fi(2)]
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Fourier Transforms in Finance Continuous Fourier Transform
Carr & Madan (1999) Representation
The Fast Fourier Transform

The Fractional Fast Fourier Transform

@ To implement the FRFT on a set of points (x1,...,zy), first
define the vectors y and z, each of dimension 2N.

v= (o] o)

j=1
5= <[6iw(j—1)25};v_1’ {eiW(N_j—HPB};V_l)

@ We can write the FRFT in compact form as:

FRFT Algorithm (1991)

N

Gi(x, ) = ([e-”“—”ﬂ ,[O]L) © F ' [Fie(y) © Fr(2)]

k=1
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Fourier Transforms in Finance Continuous Fourier Transform
Carr & Madan (1999) Representation

The Fast Fourier Transform
The Fractional Fast Fourier Transform

FFT vs FRFT
10 T T T T T

N IogzN
6N IogZN

Number of arithmetics operations
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The Double Heston (2009) Model

The Time Dependent Heston (2003) Model
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The Heston (1993) Model
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The Double Heston (2009) Model

The Time Dependent Heston (2003) Model
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The Models

Choose the model
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The SVJJ (2000) Model
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The Time Dependent Heston (2003) Model

The Models
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Choose the model Characteristic Function
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Choose the model Characteristic Function
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The Bates (1996) Model

The SVJJ (2000) Model
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The Heston (1993) Model

The Bates (1996) Model
The Models The SVJJ (2000) Model
The Double Heston (2009) Model

The Time Dependent Heston (2003) Model

The Heston (1993) Model

The Heston Model (1993)

It specifies the following risk-neutral stock price dynamics
dS; = rSidt + \/v:S;dW 4
dvt = /45(9 — ’Ut)dt + U\/’(TtdWQ,t
E |dWh i dWay| = pdt

@ Pure diffusion model

@ Volatility follows a CIR process
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The Heston (1993) Model

The Bates (1996) Model

The SVJJ (2000) Model

The Double Heston (2009) Model

The Time Dependent Heston (2003) Model

The Models

Heston Price Errors
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The Heston (1993) Model
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The Heston (1993) Model
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Heston Price CPU Times

Time (s)

70 80 90 100 110 120 130

Strike Price
FFT TR
u=254e-1
N=2%
uplimit = 700
n=034
A =0.009

21/42 Gorka Koldo Gonzalez Saez Fourier Transform Methods for Option Pricing





The Heston (1993) Model

The Bates (1996) Model

The SVJJ (2000) Model

The Double Heston (2009) Model
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Heston Price CPU Times
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The Heston (1993) Model

The Bates (1996) Model
The Models The SVJJ (2000) Model
The Double Heston (2009) Model

The Time Dependent Heston (2003) Model

The Bates (1996) Model

The Bates (1996) Model

It considers jumps independently and identically distributed in the
asset price modeled by a compound Poisson process.

dS; = (r — Apy)Sidt + \/0;.8:dW1 ¢ + JSydN;
dvy = k(0 — vy)dt + UU\/FtdW27t
E |dW 1 dWay| = pat

with

2
g
1+ J ~1log N (us,0%) jy = exp (/Ls+2s) —1
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The Time Dependent Heston (2003) Model

Bates Price Errors
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The Heston (1993) Model

The Bates (1996) Model
The Models 0 SvJJ (2000) Model
The Double Heston (2009) Model

The Time Dependent Heston (2003) Model

The SVJJ (2000) Model

The SVJJ (2000) Model

It considers jumps in the volatility process in addition to those in
the stock price process.

dSy = (r — Apy)Sidt + /0;S1dWy 4 + JSydN,
dv = k(0 — vy)dt + av\/EdVT/z,t + +ZdN,
E [dW,dWa,| = pat

where
o3
7~ eapluy) (st )
J= =
(14 J) ~ LogN (us + psZ,0%) L=psnv
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The Heston (1993) Model

The Bates (1996) Model
The Models The SVJJ (2000) Model
The Double Heston (2009) Model

The Time Dependent Heston (2003) Model

The Double Heston (2009) Model

The Double Heston (2009) Model

It considers a variance process split in two factors, each of them
driven by its own SDE.

dSt = (r — q)Spdt + \/W,tstdﬁ;l,t + \/@dwzt
dvi g = Kk1(01 — v14)dt + 01\/ﬁ7td217t
dva s = Ka(f2 — vog)dt + UQMdZZt
E {dwl,tdzl,t} = p1dt

E [dWs,1dZs,| = padt
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The Heston (1993) Model

The Bates (1996) Model
The Models The SVJJ (2000) Model
The Double Heston (2009) Model

The Time Dependent Heston (2003) Model

The Time Dependent Heston (2003) Model

The Mikhailov and Nogel (2003) Model

Tk = T =T fork=1,...,N
6]{; = [K)k,ek,o'k,UQk,pk]
¢i(p;2,v,0k) = exp [éj(@, 7; Ok) + Dj (0, T; Ok )vok + wx]

y

@ This model introduces time dependency in the Heston model
by allowing the parameters in the model to be piecewise
constant.

@ The idea is to obtain expressions for éj and l~)j recursively for
each maturity.
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Results for Heston Greeks and Sensitivities

Heston Sensitivities Errors

Method Delta Gamma Rho Theta Vega 1 Kappa Sigma Vega 2

FFT 1 0.0337 0.1295 0.0192 0.0111 0.0202 0.4876 0.0518 0.0196
FFT 2 0.0222 0.0478 0.0194 0.0111 0.0202 0.1717 0.0518 0.0196
FRFT 1 0.0048 0.0077 0.0046 0.0035 0.0072 0.0788 0.0429 0.0075
FRFT 2 0.0048 0.0058 0.0047 0.0035 0.0068 0.0218 0.0190 0.0069
FD 0.0477 0.0280 0.0025 0.0033 0.0000 0.0001 0.0050 0.0000

So =100, k = 2, 6 = 0.06, o = 0.1, vp = 0.06, p = 0.9

Heston Sensitivities Times

Method Delta Gamma Rho Theta Vega 1 Kappa Sigma Vega 2

FFT 1 0.0205 0.0203 0.0207 0.0215 0.0205 0.0463 0.0477 0.0214
FFT 2 0.0731 0.0751 0.0738 0.0711 0.0715 0.1179 0.1231 0.0732
FRFT 1 0.0010 0.0010 0.0010 0.0012 0.0010 0.0111 0.0122 0.0011
FRFT 2 0.0014 0.0015 0.0015 0.0018 0.0015 0.0186 0.0204 0.0016
FD 0.0025 0.0037 0.0025 0.0025 0.0025 0.0025 0.0025 0.0025

Sp =100, Kk = 2,0 = 0.06, 0 = 0.1, vg = 0.06, p = 0.9

Gorka Koldo Gonzilez Saez Fourier Transform Methods for Option Pricii





w Greeks and other Sensitiviti fichlestonitceke

Adjustments for Heston Greeks and Sensitivities

Nt I ——" « -
-

R

[ |

39/42 Gorka Koldo Gonzalez Saez Fourier Transform Methods for Option Pricing





w Greeks and other Sen i fichlestonitceke

3D Figures for Heston Greeks and Sensitivities

Gorka Koldo Gonzélez Saez Fourier Transform Methods for Option Pricing





w Conclusions
Conclusions

Conclusions

@ The main drawback of Fourier Transform methods is to
calculate the characteristic function of the model.

@ Fourier Methods are more accurate and faster than Monte
Carlo simulations in option pricing for the models studied:
Heston, Bates, SVJJ, Double Heston and TD-Heston.

@ Fourier Methods can be also used for calculate Greeks and
other sensitivities, although the Finite Differences method
offers us more accurate results sometimes.
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Thank you for your
attention
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