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Abstract

This study was made for an assignment of the class ”Numerical Methods with Applications
to Ordinary and Partial Differential Equations” of my master’s program. For the assignment,
a differential equation or a system of differential equations had to be chosen and solved using
numerical methods and python.

Due to my interest in cryptology, I thought that studying differential equations that are
already used in cryptography would benefit me more than anything else and that’s why I chose
the ”Lorenz chaotic equations” for my project. Hence, at the start, this project aimed to solve
the Lorenz chaotic equations, as well as one of its extensions, using numerical methods (in
theory and in practice, using python). This though quickly changed to trying to solve ”all
chaotic systems of first-order differential equations” (in practice, by creating a python script
that can handle different function inputs for the system), which proved to be a much more
interesting goal.

To this end, we start in Chapter 1 by mentioning some key facts and properties of the Lorenz
system and then writing a proper form of the generalized problem. In Chapter 2, we introduce
the three numerical methods with which the problem was tackled, and finally, in Chapter 3,
we show the results of the python code used to solve and visualize the problem for the Lorenz
system and other known first-order chaotic systems. Results which, as the reader will see, were
in fact quite strange and different depending on the method used, as well as the system that it
was used on.

Keywords: Chaotic first-order differential equations, Lorenz system, chaotic cryptography, nu-
merical analysis, Euler method, fourth-order Runge-Kutta, Generalized multidimensional New-
ton, 4d hyperchaotic Lorenz system, Chen system, Nose-Hoover Oscillator, Sprott-Jafari system
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Chapter 1

Description of the problem

As mentioned in the abstract, for this project, although the starting goal was the solution
of the Lorenz chaotic system, as well as one of its extensions (as they were stated in [1], [2]
and [3]), it was revealed quite soon that occupation with the more general ”chaotic systems of
first-order differential equations” would constitute a much more fruitful path to be followed.

Therefore, in this chapter, even though we will begin by giving the background for the Lorenz
system and its extensions, we will later occupy ourselves with the broader problem of solving
systems of first-order differential equations.

1.1 The Lorenz system

The Lorenz system is a system of three ordinary differential equations which were first used
to describe a simplified mathematical model for atmospheric convection, developed in 1963, by
Edward Lorenz [4]. It is defined as 

dx

dt
= σ(y − x)

dy

dt
= x(ρ− z)− y

dz

dt
= xy − βz,

where σ, ρ and β are real parameters, which will explain further below.

Our interest in this system, as well as its extensions, stems from its ”bizarre” and ”chaotic”
properties, a lot of which we will simply observe through our visualizations, but not analyze in
detail for this project. In truth, these properties are not guaranteed for all values of σ, ρ and β
and the term ”chaotic” can be used to describe the Lorenz equations only for some values of
them. For this reason, from now on, we will be using only the values σ = 10, ρ = 28 and β =
2.667, knowing that for different values some of these chaotic properties do not hold and the
visualizations change dramatically.

Furthermore, these properties are what makes systems such as the Lorenz system and its
extensions, useful in Cryptography too as we will elaborate in more detail at the end of this
section.

1.1.1 Origins of the Lorenz system

The Lorenz system is a simplification of one derived by Saltzman in 1962 [5] as a ”minimalist”
model of thermal convection in a box. Moreover, the Lorenz equations are also often used when
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1.1. THE LORENZ SYSTEM

thinking about Navier-Stokes dynamics from the perspective of ”phase space1”. Although our
prime interest is in the solutions, rather than in its contributions to the convection problem, we
shall describe its physical background briefly for purposes of completeness.

The equations stem from examining the flow in a layer of fluid of uniform depth H, with
a temperature difference between the upper and lower layer of ∆T , in particular with a linear
temperature variation. More precisely, in the case where there is no variation with respect to
the y-axis, Saltzman proved that the governing equations can be written as:

∂

∂t
▽2ψ = −∂(ψ,▽

2ψ)

∂(x, z)
+ ν▽4ψ + gα

∂θ

∂x

∂

∂t
θ = −∂(ψ, θ)

∂(x, z)
+

∆T

H

∂ψ

∂x
+ κ▽2θ,

where ψ is a stream function for the two-dimensional motion, θ is the temperature deviation from
the steady state, ψ and ▽2ψ vanish at the upper and lower boundaries, and g, α, ν and κ denote,
respectively the gravitational acceleration, the coefficient of thermal expansion, the kinematic
viscosity, and thermal conductivity.

Moreover, Rayleigh, an English mathematician, observed that fields of motions of the form

ψ = ψ0 sin(πaH
−1x) sin(πH−1z),

θ = θ0 cos(πaH
−1x) sin(πH−1z),

would develop if Ra = gαH3∆Tν−1κ−1, called Rayleigh number, exceeded Rc = π4a−2(1+a2)3.

Finally, by expanding these ψ and θ in double Fourier series and then doing some ”extreme”
truncations and substitutions, Lorenz arrived at the equations

Ẋ = −σX + σY

Ẏ = −XZ + rX − Y

Ż = XY − bZ,

where a dot denotes the derivative with respect to time and the variables X,Y and Z are propor-
tional to the intensity of the convective motion, the temperature difference between ascending
and descending currents and the distortion of the vertical temperature profile from linearity,
respectively. About the parameters, σ = κ−1ν is called the Prandtl number, r = R−1

c Ra is the
Rayleigh number over the critical Rayleigh number and b = 4(1 + a2)−1 gives the size of the
region approximated by the system.

The system is only a realistic model of the intended fluid convection if r is close to 1. However,
many physical problems can be modelled by the same set of equations for different parameter
values [6]. For example, the irregular spiking in lasers, convection in a toroidal region, or even
chaotic water can be modelled using them.

1.1.2 The chaotic nature of the Lorenz system

Let’s start by talking about Chaos, how is it defined and why do we call the Lorenz equations
chaotic? In reality, no definition of the term ”chaos” is universally accepted, but almost everyone
would agree on the three properties used in this definition by S.H. Strogatz [7]:

”Chaos is aperiodic long-term behaviour in a deterministic system that exhibits sensitive
dependence on initial conditions”

1Phase space is an ideal, often multidimensional, space of which the coordinate dimensions represent the
variables required to specify the phase or state of a system.
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1.1. THE LORENZ SYSTEM

1. Aperiodic long-term behaviour means that there are trajectories2 which do not settle down
to fixed points, periodic or quasi- periodic3 orbits as t→ ∞.

2. Deterministic means that the system’s irregular behaviour arises solely from the system’s
nonlinearity. The system has no random or noisy inputs or parameters.

3. Sensitive dependence on initial conditions means that nearby trajectories diverge expo-
nentially fast.

It is easy to find the nonlinear terms ”xz” and ”xy” that cause the irregular behaviour of
the Lorenz equations, but it is not that easy to confirm the other two properties so we will just
explain them using the two visualizations below.

(a) Solution of the Lorenz system with starting
value (0, 1, 1), using 4th order Runge-Kutta (see

2.2)

(b) Solution of the Lorenz system with starting
value (0, 1, 1) in blue and (0, 1, 1 + 10−10) in red,

using 4th order Runge-Kutta (see 2.2)

The aperiodic behaviour is apparent in (a) and, in (b), we observe that for slightly different
values, an error of 10−10 in one coordinate to be exact, although the solutions start the same
(the blue and red curves form a purple one) their trajectories vary completely after a small
amount of time.

These properties are of course just the tip of the iceberg in the analysis of the system, but
they are enough for our use. The interested reader is referred to [8] for more information about
the Lorenz system and its properties.

1.1.3 Extensions of the Lorenz system and its use in Cryptology

In general, characteristics like the above and more are what makes chaotic systems attractive
for cryptography. This is why we can see that the Lorenz system is being used in image-
encryption algorithms [1], [2] as well as an extension of it in four dimensions [3]. However, due
to the nature of our project, we will not delve deeper into the cryptographic applications of the
system.

Considering the extensions of the Lorenz equations in other dimensions, we will simply
mention one form of them in 4D, as it can be found on [3] and we will come back to this system
in order to solve it in later chapters. This 4D ”hyperchaotic4” system, is of the form:

2Given some initial values for a system, a trajectory is the set of points that the solution of the system passes
from, as time progresses.

3A quasi-periodic orbit is one that is almost periodic, recurring at irregular intervals.
4More information in http://www.scholarpedia.org/article/Hyperchaos.
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1.2. GENERALIZED SYSTEM OF FIRST-ORDER DIFFERENTIAL EQUATIONS


ẋ = a(y − x)

ẏ = cx− xz − y + ew

ż = x4 + y4 − bz

ẇ = −dy,

where a, b, c, d, e are the parameters and x, y, z, w are the time-depended state variables of the
system. Moreover, in order to achieve characteristics for use in cryptographic encryption, the
parameters are to be taken as a = 10, b = 2.667, c = 46, d = 2, e = 12.

1.2 Generalized system of first-order differential equations

Returning to our starting goal, we wanted to solve the two systems mentioned in the previous
section using numerical methods. These systems are of the form below, for n = 3 and n = 4,
respectively: 

ẋ1 = f1(x1, . . . , xn)

...

ẋn = fn(x1, . . . , xn)

Therefore, instead of solving only the two systems above, I decided that going after solving
this more general form would prove a much more fruitful goal.

Moreover, considering that I would also have to create a code for the solutions and the
visualizations, some rules had to be put in place for this still abstract problem. For example,
the time t couldn’t go forever in the models and so it was bounded (from now on t ∈ [0, T ] for
some T ). Additionally, it was not necessary to make a program that would work for every value
n ∈ N, but only for n = 3 or 4, because one can easily modify the program for it to work in
more than four dimensions. Adding the above together, we state the final and clearer form of
the problem to be solved:

* The general problem *

Assuming input of n = 3 or 4, T > 0 (along with a natural number M that defines the
partition of [0, T ] into M parts), the functionsa f1, . . . , fn : Rn → R and the initial values
{x1(0), . . . , xn(0)}, solve and visualize the solutions of the system

ẋ1 = f1(x1, . . . , xn)

...

ẋn = fn(x1, . . . , xn),

where all state variables x1, . . . , xn are depended on the time t with t ∈ [0, T ].

aIn order to be chaotic, some of these functions should be non-linear, giving birth to chaos.
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Chapter 2

Some fundamental numerical
methods for solving the problem

The birth of numerical methods for solving differential equations stems from our incapability
in solving most of them analytically - something that is true for the equations that interest
us too. In more detail, we are interested in numerical methods that can be used to obtain
numerical approximations of the solutions of time-dependent ordinary differential equations.
These methods can be divided into two main categories:

· Explicit methods calculate the system status at a future time, using the currently known
status of the system.

· Implicit methods solve an algebraic equation involving both the current state of the system
and the later one in order to calculate the status of the system at a future time.

Denoting X(t) as the current system state and X(t + ∆t) as the future system state after a
relatively small time step ∆t, then the above definitions can be written respectively as:

· X(t+∆t) = E(X(t))

· I (X(t), X(t+∆t)) = 0,

where E and I denote the function that is used by the explicit or implicit method, respectively.

More information about the methods and their properties can be found on [9] but the im-
portant thing to remember is that different methods do give different results (better or worse)
or even no results at all and it is for the same reason that we use more than one method to
approach our problem.

More precisely, two explicit methods, Forward Euler and 4th order Runge-Kutta, and one
implicit, Backward Euler will be used to solve the problem. In the case of the implicit method,
an additional numerical method is needed to solve the underlying algebraic equation, which in
our case will be the Newton-Raphson method. Lastly, before we begin the analysis, we set the
step-size h = T/M , which will be used in the methods and is closely linked to the accuracy of
our calculations (larger M ⇒ smaller h ⇒ more accuracy).

2.1 Forward Euler

In the forward Euler Method our goal is to create a sequence x0i , . . . , x
M
i , where xki ≑ xi(kh)

with k = 0, . . . ,M (for every 1 ≤ i ≤ n), in order to approximate the solution of the system
in its discretization points. The method works by using the Taylor expansion xi(tj + h) =
xi(tj) + hẋi(tj) +

1
2h

2ẍi(tj) + O(h3) for some tj ∈ {0, . . . , (M − 1) · h}, ignoring the quadratic
and higher-order terms to get:

9



2.2. FOURTH ORDER RUNGE-KUTTA

ẋi(tj) ≈
xi(tj + h)− xi(tj)

h
, (∀i)

⇒ xi(tj + h) ≈xi(tj) + h · ẋi(tj), (∀i)

⇒ xi(tj + h) ≈xi(tj) + h · fi(x1(tj), . . . , xn(tj)), (∀i)

Using the above approximation and the definition of the sequence
{
xki

}M

k=0
(∀i), we get the

formula below to compute the sequence which approximates the solution:


xk+1
1 = xk1 + h · f1(xk1, . . . , xkn)

...
xk+1
n = xkn + h · fn(xk1, . . . , xkn)

or in matrix form

Xk+1 = Xk + h · f([Xk]T ),

with Xk = [ xk1 · · · xkn ]T and f([Xk]T ) = [ f1([X
k]T ) · · · fn([Xk]T ) ]T , for k = 0, . . . ,M − 1.

Remark. It is evident that an error is induced at every time-step due to the truncation of the
Taylor series, this is referred to as the local truncation error (LTE) of the method. For the
forward Euler method, the LTE is O(h2). Hence, the method is referred to as a first order
technique1.

2.2 Fourth order Runge-Kutta

Runge-Kutta methods are a class of methods which judiciously uses the information on the
”slope” at more than one point to extrapolate the solution to the future time step. In our
project, we will show how the 4th order Runge-Kutta can be used in our problem, but we will
not elaborate further about its reasoning. The interested reader can look up to [10] for more.

Similarly to the previous method, our goal is to create a sequence
{
xki

}M

k=0
(for every 1 ≤

i ≤ n). To do that with 4th order Runge-Kutta (RK4), we first have to define for every i the
following:

ki1 = fi(x
k
1, . . . , x

k
n)

ki2 = fi(x
k
1 + h

ki1
2
, . . . , xkn + h

ki1
2
)

ki3 = fi(x
k
1 + h

ki2
2
, . . . , xkn + h

ki2
2
)

ki4 = fi(x
k
1 + hki3, . . . , x

k
n + hki3)

Using the above we can construct the formula for RK4:


xk+1
1 = xk1 +

h
6 · [k11 + 2k12 + 2k13 + k14]

...

xk+1
n = xkn + h

6 · [kn1 + 2kn2 + 2kn3 + kn4 ]

1In general, a method with O(hs+1) LTE is said to be of sth order. Evidently, higher order techniques provide
lower LTE for the same step size.
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2.3. BACKWARD EULER USED WITH NEWTON-RAPHSON METHOD

This translates to the formula below in matrix form

Xk+1 = Xk + h
6 · [K1 + 2K2 + 2K3 +K4] ,

with Xk = [ xk1 · · · xkn ]T , f([Xk]T ) = [ f1([X
k]T ) · · · fn([Xk]T ) ]T

and K1 = f([Xk]T ), K2 = f([Xk]T + h
2K1), K3 = f([Xk]T + h

2K2), K4 = f([Xk]T + hK3).

Remark. The LTE of the 4th order Runge-Kutta method is O(h5) and as such it is much more
accurate than the forward Euler method. For this accuracy, it is usually chosen for the solution
of problems, such as ours, even though it requires more computations.

2.3 Backward Euler used with Newton-Raphson method

The backward Euler method is similar to the forward Euler with a slight change in the approx-
imation, which in turn makes this method implicit and not explicit. In particular, we will use
the following:

ẋi(tj) ≈
xi(tj)− xi(tj − h)

h
, (∀i)

⇒ xi(tj) ≈xi(tj − h) + h · ẋi(tj), (∀i)

⇒ xi(tj) ≈xi(tj − h) + h · fi(x1(tj), . . . , xn(tj)), (∀i)

Using the above approximation and the definition of the sequence
{
xki

}M

k=0
(∀i), we get the

formula below to compute the sequence:


xk+1
1 = xk1 + h · f1(xk+1

1 , . . . , xk+1
n )

...

xk+1
n = xkn + h · fn(xk+1

1 , . . . , xk+1
n )

or in matrix form

Xk+1 = Xk + h · f([Xk+1]T ),

It is now apparent that the difference between the methods is the fact that in the implicit
backward Euler we have no knowledge of the value of f([Xk+1]T ), as the unknown that we are
looking for is the Xk+1. Therefore, in each step of the method we have to solve an algebraic
equation for this unknown. This can be done with methods like the ”fixed-point iteration” or
the ”Newton-Raphson method”, depending on the problem. For this problem, we have chosen
to continue with the use of the Newton-Raphson method, or more specifically, a generalization of
the method called ”Generalized Multidimensional Newton”, suitable for our multi-dimensional
problem.

The first step in Newton is to put everything on one side of each equation and define the
functions gi and g as in the following:

g1(x
k+1
1 , . . . , xk+1

n ) ≑ xk+1
1 − xk1 − h · f1(xk+1

1 , . . . , xk+1
n ) = 0

...
...

gn(x
k+1
1 , . . . , xk+1

n ) ≑ xk+1
n − xkn − h · fn(xk+1

1 , . . . , xk+1
n ) = 0

or in matrix form
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2.3. BACKWARD EULER USED WITH NEWTON-RAPHSON METHOD

g(Xk+1) ≑ Xk+1 −Xk − h · f([Xk+1]T ) = 0

The Newton-Raphson method will be used in every iteration of the formula above. To
showcase how Newton works in each iteration, we fix an index k for a Xk+1 that we want to
find. We also note that x1, . . . , xn are known (found in the previous step of backward Euler)
and we continue by making some substitutions to not further complicate ourselves with more
indexes, setting u1 = xk+1

1 , . . . , un = xk+1
n and U = XK+1, getting the following:
g1(u1, . . . , un) = 0

...
gn(u1, . . . , un) = 0

or in matrix form, g(U) = 0.
In Newton, our goal is to find the root U = Xk+1 of the function g. For this reason,

the method starts by using an initial guess about the root of g (which we denote by U0 =
(u01, . . . , u

0
n)) and continue by trying to improve this initial guess of the root, according to the

formula below, until we reach a sufficiently precise value

U s+1 = U s − J−1(U s) · g(U s)

where s = 0, 1, . . . and J−1 is the inverse of the Jacobian matrix J =


∂g1
∂u1

· · · ∂g1
∂un

...
. . .

...
∂g1
∂u1

· · · ∂g1
∂un

 of g.

Remarks.

(i) The ”sufficiently precise value” mentioned above is decided by an appropriate stopping
criterion, with a corresponding error. In our implementation of the method, we used the

error value e =

[∑n
i=0

(
gi(u

k+1
1 , . . . , uk+1

n )− 0
)2

] 1
2

, which is the Euclidean distance of g

from zero. In every step the error value e is calculated and the method stops when e falls
below our chosen stop value (10−8 in our program).

(ii) In real applications, for reasons of stability and time consumption, instead of calculating
the inverse of the Jacobian matrix J , we prefer to solve the matrix equation J ·x = g(U s),
for each s.

(iii) Considering the convergence of the Newton method towards the root, we simply note that
it cannot be guaranteed for all problems and that it also depends a lot on the choice of the
initial value U0. More information about all of this can be found on [11] and its references.
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Chapter 3

Applications in chaotic systems

Using the above theory we have constructed three python functions that output the approxi-
mate solutions of the system inputted, named FE function, RK4 function and BE function,
respectively for forward Euler, 4th order Runge-Kutta and backward Euler. In each one, the
parameters T and M , which are giving us the step-size h = T/M , are also part of the inputs.
Moreover, the smaller this h becomes, the more accurate the approximation gets too.

In this final chapter, we will use these functions and the python module ”matplotlib” to
create some visualizations for the solutions of some first-order systems with chaotic properties.
The main use of these visualizations on this project will be first, to showcase the power of our
program and second, to compare the methods. For this reason, in each system, we will be using
the same h = T/M in each method, if we can.

Lastly, before we begin, the terms ”attractor” and ”strange attractor” should be explained,
as we will need them later on. Loosely, an attractor is a set of points to which all neighbouring
trajectories converge, whereas a strange attractor is one that also exhibits sensitive dependence
on initial conditions. More precisely, an attractor is a closed set A with the following properties:

1. A is an invariant set:
This means that any trajectory x(t) that starts in A stays in A for all time.

2. A attracts an open set of initial conditions:
This signifies that there exists an open set U containing A such that if x0 ∈ U , then the
distance from x(t) to A tends to zero as time t progresses to infinity. In other words, A
attracts all trajectories that start sufficiently close to it.

3. A is minimal:
This denotes that there is no proper subset of A that satisfies the previous two conditions.

3.1 Applications in the Lorenz chaotic system and its extensions

We choose to start our comparisons with our main goal, the chaotic Lorenz system and its
extension, the 4d hyperchaotic Lorenz system. As a general remark, we note that the explicit
methods FE and RK4 seem to be the best approximations, with RK4 being the best, while the
implicit BE method trails the furthest from the truth, giving non-chaotic solutions! In fact, our
results seem to coincide with two other papers ([12] and [13]) which have also noted this strange
behaviour when using this method, as well as other implicit ones.

3.1.1 Classic Lorenz chaotic system

First of all, we remind again the form of the chaotic Lorenz system:
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3.1. APPLICATIONS IN THE LORENZ CHAOTIC SYSTEM AND ITS EXTENSIONS


ẋ = σ(y − x)

ẏ = x(ρ− z)− y

ż = xy − βz,
with σ = 10, ρ = 28 and β = 2.667.

Seeing the visualizations, the first thing we note is the whole of the Lorenz strange attractor,
which has two fixed points that constantly repel the trajectory from one to the other. Moreover,
we can see that the trajectory of the solution comes closer to the fixed points in the FE case,
if we compare it to the RK4 one. We attribute this to the fact that RK4 has smaller error in
general. Moreover, if we were to keep T constant while choosing a larger M , we would see that
the FE case would look more like the RK4 case as M increases (and therefore, the step-size h,
which is related to the error, decreases). Finally, we see that the BE case is completely different
from the other two and the trajectory of the solution is attracted to the fixed point, losing all
chaotic properties, a strange behaviour that could be analysed further in future projects.

(a) Lorenz system with initial values (0, 1, 1)
using FE, for h = 0.01

(b) Lorenz system with initial values (0, 1, 1)
using RK4, for h = 0.01

(c) Lorenz system with initial values (0, 1, 1)
using BE, for h = 0.01

(d) Lorenz system with initial values (0, 1, 1)
using FE, RK4 and BE, for h = 0.01
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3.1.2 4D hyperchaotic Lorenz system

We remind again the form of the 4d hyperchaotic Lorenz system:
ẋ = a(y − x)

ẏ = cx− xz − y + ew

ż = x4 + y4 − bz

ẇ = −dy,
where a = 10, b = 2.667, c = 46, d = 2 and e = 12.

In this case, we can tell that the system resembles that of the classic Lorenz and all our
previous comments also hold. Firstly, the trajectory seems to be again repelled by fixed points.
Moreover, the trajectory in the RK4 case seems ”cleaner”, staying further away from the fixed
points, if we compare it to the FE case, possibly due to its larger error. Finally, we observe again
that the BE method completely breaks down the chaotic nature of the system and is following
these strange trajectories near the fixed points. A fascinating result really that should also be
further researched!

(e) xyz-plane of 4d Lorenz system with initial
values (1, 1, 1, 1) using FE, h = 0.001

(f) yzw-plane of 4d Lorenz system with initial
values (1, 1, 1, 1) using FE, h = 0.001

(g) xyz-plane of 4d Lorenz system with initial
values (1, 1, 1, 1) using RK4, h = 0.01

(h) yzw-plane of 4d Lorenz system with initial
values (1, 1, 1, 1) using RK4, h = 0.01
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(i) xyz-plane of 4d Lorenz system with initial
values (1, 1, 1, 1) using BE, h = 0.01

(j) yzw-plane of 4d Lorenz system with initial
values (1, 1, 1, 1) using BE, h = 0.01

(k) xyz-plane of the 4d Lorenz system with initial
values (1, 1, 1, 1) using RK4 and BE, for h = 0.01

(l) yzw-plane of the 4d Lorenz system with initial
values (1, 1, 1, 1) using RK4 and BE, for h = 0.01

Remark. Though we try to maintain the same step-size for all methods, in this system, in
the FE case, the program could not work properly given h = 0.01 and so we had to make it
smaller (h = 0.001). This smaller step-size, which gives a better approximation of the solution,
is probably why the FE case looks more similar to the RK4 method in this system than it was
in the classic case.
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3.2 Descending further into chaos

In the final section of the project, we shall visualize the behaviour of some other chaotic first-order
differential systems, namely the Chen system, the Nose-Hoover oscillator and the Sprott-Jafari
system. The main reason for this ”extra” research was to further analyse the behaviour of the
BE method in different systems and see if it gives us strange results in these systems too. An
answer to this question, positive or negative, could ignite further questions and research. If it
does follow this strange pattern, why does it do it? i.e. why does this method does not work
well in these systems? Similarly, if it doesn’t exhibit strange behaviour in these cases then, why
is the Lorenz system special? is it the only one? and why?

Therefore, due to all the above, the systems will not be analysed in terms of their chaotic
nature and respective properties. Instead, we care only about how the numerical methods,
represented by our python functions, perform in each case. For further analysis of the systems,
we refer the interested reader to the citations placed in each subsection.

3.2.1 The Chen system

We first start with the Chen system, for which further information can be found here [14], [15].
Its form is: 

ẋ = a(y − x)

ẏ = (c− a)x− xz + cy

ż = xy − bz,

with a = 40, b = 3 and c = 28.

Looking at the visualizations, the first thing we note is that all methods give us more or less
the same solutions. Hence, in this system, the BE method is able to perform well. Moreover,
about the system itself, we see that in this time too, there are two fixed points that repel the
trajectory from one to the other.

(m) Chen system with initial values
(−0.1, 0.5,−0.6) using FE, for h = 0.01

(n) Chen system with initial values
(−0.1, 0.5,−0.6) using RK4, for h = 0.01
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(o) Chen system with initial values
(−0.1, 0.5,−0.6) using BE, for h = 0.01

(p) Chen system with initial values
(−0.1, 0.5,−0.6) using FE, RK4 and BE, for

h = 0.01

3.2.2 The Nose-Hoover oscillator

The second system stems from [16] and it is of the form:
ẋ = y

ẏ = −x− yz

ż = (y2 − 1)/q,

with q = 10.1

Looking at the visualizations, it is apparent that this time the trajectory of the system is
totally different from before. However, instead of delving on the system itself, our goal is the
comparison of the methods.

(q) Nose-Hoover oscillator with initial values
(1, 1, 1) using FE, for h = 0.01

(r) Nose-Hoover oscillator with initial values
(1, 1, 1) using RK4, for h = 0.01

1After doing some tests with the value q, the value q = 10 was decided after seeing the amazing visual on the
RK4 case.
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We note that again the three methods appear to tell the same story, but with much less
accuracy in the cases of FE and BE. If we were to use a different a smaller step-size h in these
methods, we would see that they would look more like the RK4 case, as the error value would
drop.

(s) Nose-Hoover oscillator with initial values
(1, 1, 1) using BE, for h = 0.01

(t) Nose-Hoover oscillator with initial values
(1, 1, 1) using FE, RK4 and BE, for h = 0.01

3.2.3 The Sprott-Jafari system

Lastly, more on our final system can be found here [17]. Its form is:
ẋ = y

ẏ = −x+ yz

ż = z + ax2 − y2 − b,

with a = 8.894 and b = 4.

(u) Sprott-Jafari system with initial values
(0, 3.8, 0.7) using FE, for h = 0.0001

(v) Sprott-Jafari system with initial values
(0, 3.8, 0.7) using FE, for h = 0.01
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(w) Sprott-Jafari system with initial values
(0, 3.8, 0.7) using FE, for h = 0.01

(x) Sprott-Jafari system with initial values
(0, 3.8, 0.7) using RK4 and BE, for h = 0.01

In the last system, at first glance, it is apparent that the methods give us similar results but,
in reality, this is only true for the RK4 and BE cases. Particularly, as it was the case in the
hyperchaotic 4d Lorenz system, FE function cannot work properly for h = 0.01 and not even
for h = 0.0001. Hence, the visual for the FE case was done with h = 0.001 and this is why it is
so similar to the other too.

3.3 Conclusion and Future prospects

The purpose of this project was to find and visualise the solutions of the chaotic Lorenz system
and the hyperchaotic 4d Lorenz system. Having this aim in mind, an opportunity to explore
something more broad (and more interesting) was seen. Hence, the generalized problem of
solving ”all” first-order differential equations was stated and tackled. This happened with three
different methods and three different programs, each accompanying one of them. Lastly, with
the help of these programs, not only the Lorenz systems but others as well were solved, visualized
giving a new insight not only into the systems, but the methods themselves.

Concerning future research, our research and results have indeed created more questions than
answers. As we have seen, the third method ”Backward Euler used with Raphson-Newton”, an
implicit method, did not agree with the other two, explicit methods, (only) in the Lorenz systems,
giving results that were not even chaotic. These results have been observed by other researchers
too, as we can see in [12] and [13], and have been observed when using other implicit methods
too when solving the Lorenz system.

In the end, all the above gives birth to more questions. Why do implicit methods do not
work for this system? Does it happen for all implicit methods? As Lorenz is probably not the
only system with this feature, can we define a class of chaotic systems that, like Lorenz, can be
reduced from their chaotic status, when using implicit methods?
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