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CHAPTER 1

Some basics

1.1. What is a differential equation?

An ordinary differential equation (ODE) is an equation that contains one or more derivatives
of an unknown function z(t). The equation may also contain z itself and constants. We say that
an ODE is of order n if the n-th derivative of the unknown function is the highest order derivative
in the equation. The following equations are examples of ODEs:

Membrane equation as a neuron model:

oM 4 gu(t) = ) (L)

where z(t) is the membrane potential, i.e., the voltage difference between the inside and
the outside of the neuron, f(¢) is the current flow due to excitation, C' is the capacitance
and g is the conductance (the inverse of the resistance) of the membrane.
Equation is linear ODE of order 1.
The theta model: The theta model is a simple one-dimensional model for the spiking of
a neuron. It takes the form

do(t)
dt
where f(t) are the inputs to the model. The variable 6 lies on the unit circle and ranges

between 0 and 2. When 6 = 7 the neuron spikes, that is, it produces an action potential.
By the change of variables, z(t) = tan(6(t)/2), (1.2) leads to the quadratic model

=1—cosf(t) + (14 cosb(t))f(t), (1.2)

dx(t
"0 _ 220+ 100, (13
Population growth under competition for resources:
dx(t
% = ra(t) — %ﬁ(t), (1.4)

where r and k are positive parameters. In , z(t) is the number of cells at time instant
t, rz(t) is the growth rate and —(r/k)x2(t) is the death rate. Equations 7 , and
are nonlinear ODEs of order 1.

FitzHugh-Nagumo model:

(1.5)

4V = a(V — W),

{ Y= f(V)-W+1
“dt

where f(V) is a polynomial of third degree, and a and b are constant parameters.
The FitzHugh-Nagumo model is a two-dimensional simplification of the Hodgkin-Huxley
model of spike generation in squid giant axons. It aims at isolating the mathematical
properties of excitation and propagation from the electrochemical properties of sodium
and potassium ion flow. In (L.5), V is the membrane potential, W is a recovery variable,

and I is the magnitude of stimulus current. Equation (1.5]) is a system of nonlinear ODEs
of order 1.
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Langevin equation of motion for a single particle:
dx(t)
dt

where z(t) is the position of the particle at time instant ¢ and 7 is a random variable that

represents some uncertainties or stochastic effects perturbing the particle. Equation

represents diffusion-like motion from the probabilistic perspective of a single microscopic

particle moving in a fluid medium. Equation is a linear stochastic ODE of order 1.
Vander der Pol equation:

2
T a1 - 220) ™ 1 at) =0, (1.7)
where a is a positive parameter, which controls the nonlinearity and the strength of the

damping. Equation (|1.7) is used to generate waveforms corresponding to electrocardio-
gram patterns. Equation (1.7) is a nonlinear ODE of order 2.

1.1.1. Higher order ODEs. Here we introduce higher order ODEs. Let Q C R"*? and
n € N. Then an ODE of order n is an equation of the form:
dx d"x
F(t,x(t), —(1), ... t)) =0
(t(0), 52 0), ... T2 1) =0,
where z is a real-valued unknown function and dx(t)/dt, ...,d™z(t)/dt"™ are its derivatives. We say
that ¢ € C™(I) is a solution of the differential equation if I is an open interval,

= az(t) + 7, (1.6)

(6, 0(0), 2E(8), ., ZE@) € 0

for all t € I, and
830 6’”(‘0 B

for all t € I. When z is a vector valued function, i.e., z(t) € R? then Q C R x R("+1)d,
Next we consider the following form of n-th order ODE:
dz d"lz
M) = ft, @, —, .y ——
() = flta, o ),
where z(t) € R? and f : I x R® — R?. To ensure uniqueness of the solution, (1.8) has to be
augmented with the initial condition:
(Qi(to), l‘l(to), .r//(to), ey I(nil)(to))—r.
We can reduce the high order ODE (|1.8]) into a first order ODE. Let us define

y(t) == (x(t),dx(t)/dt, ...,d"a(t)/dt" 1) T € R™

tel (1.8)

and
F(tay) = (y27"'7ynaf(tay17"'7yn))T

for y = (y1,...,yn)" € R™ and y; € R? for i = 1,2,...,n. Then the n-th order ODE (1.8 is
equivalent to the following first order ODE:

dy
— = F(t,y(t
o = L (& y(),
ExaMPLE 1.1. Consider the second order ODE given by
d’x dx
S P 5+ alt)e(t) = 9(0).
Then we have
J dx
i8] | i o) (] Lt
dac:| - d = |_ _ dx + .
dt |:dt O~ g)a(t) + g(t) q(t) —p(t)] |G g(t)

dt
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The main problems concerning ordinary differential equations are:

(i) Existence of solutions;
(ii) Uniqueness of solutions with suitable initial conditions;

(iii) Regularity and stability of solutions (e.g. dependence on the initial conditions, large time

stability, higher regularity);

(iv) Computation of solutions.

The existence of solutions can be proved by fixed point theorems, by the implicit function
theorem in Banach spaces, and by functional analysis techniques. The problem of uniqueness is
typically more difficult. Only in a very few special cases is it possible to compute solutions in some
explicit form.

1.2. Some methods of resolution

In the following subsections, we present several examples of exactly solvable ODEs and then
explain how to solve them.

1.2.1. Separation of variables. Let I and J be two open intervals and let f € C°(I) and
g € C°(J) be two continuous functions. We look for solutions to the first order equation

dx

— = f(t . 1.

 — fgl) (1.9
Let to € I and g € J. If g(zp) = 0 for some zy € J, then the constant function z(t) = ¢ for
t € I is a solution to (1.9). Suppose that g(xg) # 0. Then g # 0 in a neighborhood of zy and we
can divide (1.9) by g(z) and hence, separate the variables. We find

dx

== (bt 1.10

= 10 (110

/g(f;):/f(t)dt+c,

where the constant c is uniquely determined by the initial condition.
Let F and G be the primitives of f and 1/g, respectively. The function G is strictly monotonic,
because G'(z) # 0, and thus invertible. The solution of the differential equation (|1.9) is then

z(t) = G Y F(t) +c).

This method of solving ODEs is called the method of separation of variables and (1.9) is
called a separable equation.

Integrating (1.10]) gives

ExXAMPLE 1.2. Consider the following ODE:

dr 142
dt  cosz(t)’
z(0) = 7.

In this case, we have g(x) = 1/ cosx and f(t) = 14 2t. Note that g is defined for x # w/2+km, k €
Z. By separating variables, we get

cosxdr = 1+ 2tdt.

By integration, we have
sinx(t) =t* +t+C,
for some constant C € R. Then, from the initial condition x(0) = m, we see that C = 0.
One might think that we can obtain the solution by taking the arcsin. But the function xz(t) =
arcsin(t2+t) is not the solution because x(0) = arcsin(0) = 0. In order to get the correct solution, we
note that arcsin is the inverse of sin on [—7/2, 7 /2], whereas x(t) takes the values in a neighborhood
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of m. Letting w(t) = x(t) — m, we have w(0) = x(0) — 7 = 0. So, we have w(t) = — arcsin(t? + ).
Therefore, we get the following correct solution:
x(t) = 7 — arcsin(t? + t).
1.2.2. Change of variables. Consider the following ODE:

dx x(t)

— = f—=Z 1.11

7= (57) (1.11)
where f : I C R — R is a continuous function on some open interval I C R. By the change of

variable z(t) = ty(t) where y(t) is the new unknown function, the above ODE can be changed to
a separable equation. Since

B v+ % = p),
we have a separable equation for y, which reads:
dy _dt
fy) -yt~

Therefore, (|1.11)) can be solved by the method of separation of variables.

ExaMPLE 1.3. Consider

de ¢ +a?
. wt
In this case, f(s) = s+1/s with s = x/t. By letting y(t) = x(t)/t, we get ydy = dt/t. So, we have
(1/2)y? =1Int + C. Therefore, we obtain
x(t) = £t/2(Int + C).

1.2.3. Method of integrating factors. Consider
dz(t
0 s, (112

By integrating (|1 , it follows that the solutlon z(t) is given by
/ s
dz

o plt)a(t) = g(0) (113

Consider

where p and g are functions of ¢.

If were of the form , then we could immediately write down a solution in terms of
integrals. By being of the form , we mean that the left-hand side is expressed as the
derivative of our unknown quantity. To make this happen, we can multiply by a function,
p(t), and ask whether the resulting equation can be put in the form (1.12)).

Let us look for pu(t) such that

pl) 5 4 u(p(02(t) = & (u(t)e (1)),
Taking derivatives, we have (1/u)dp/dt = p(t) or
%mu( t) = p(t). (1.14)

Integrating (|1.14)) gives
t
(t) = exp | ps)ds),
0

up to a multiplicative constant. The equation (|1.13)) is transformed to

L0u02(0) = u(0)g(0)
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This equation is precisely of the form ((1.12)), so we can immediately conclude

o) = ([ utsratoris) + -

where the constant C' can be determined from the initial condition 2(0) = z¢. The function p(¢)
is called the integrating factor.

ExXAMPLE 1.4. Consider

dx 1
gt =(1+1)? >
dt+t+1$(t) (1+1t)%, t >0,
z(0) = 1.

In this case, p(t) = 1/(t + 1) and g(t) = (14 t)2. Then the integrating factor j is

t
pu(t) = eXp(/ p(s)ds) = ™) = ¢ 4 1.
0
Therefore, we get

t 3 _1
(54 1)3ds + ¢ _(+1) +C -

¢ .
z(t) tr1 1 tr1

Tt+1

Then, from the initial condition x(0) = 1, we obtain C = 1.

EXAMPLE 1.5. (Bernoulli’s equation) Consider

dx

= p()e(t) = g(B)z° (2). (1.15)

Here «v is a real parameter satisfying o ¢ {0,1}. Letting x = zﬁ, we get
dt’

— = T—a
d 1- ozz
Then can be reduced to the following linear equation:
dz

o + (1 —a)p(t)z(t) = (1 —a)g(t),

which can be solved by the method of integrating factors.

1.3. Important examples of ODEs
1.3.1. Autonomous ODEs.

DEFINITION 1.6. The equation

dr(t) _
7 f(t,m(t)) (1.16)

s called autonomous if f is independent of t.

Any ODE can be rewritten as an autonomous ODE on a higher-dimensional space. Writing
y = (t,z(t)), (1.16) is equivalent to the autonomous ODE

W _ p),

where F(y) — (f(t;(t))).
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1.3.2. Exact equations. Let @ = I x R C R? with I C R being an open interval. Let

1,9 €C°£). We look for a solution = € C1(I) of the differential equation
dx
Ft,2(t) +g(t,2(t)) 5 =0 (1.17)

satisfying the initial condition x(¢y) = z¢ for some (tg,xg) € 2.

Consider the differential form

w= f(t,z)dt + g(¢t, z)dx.
DEFINITION 1.7. The differential form is called exact if there exists F € C1(Q) such that

oF oF
=dF = —dt + —duz.
v ot + oz "
The function F is called a potential of w. In this case the differential equation (1.17) is called an

exact equation.

THEOREM 1.8 (Implicit function theorem). Suppose that F(t,x) is continuously differentiable
in a neighborhood of (to,zo) € R x R% and F(tg,z0) = 0. Suppose that OF /0x(to,x0) # 0. Then
there exists a 6 > 0 and € > 0 such that for each t satisfying [t—to| < 0, there exists a unique x such
that |z — xg| < € for which F(t,x) = 0. This correspondence defines a function x(t) continuously
differentiable on {|t — to| < &} such that

F(t,z) =0 z = xz(t).

THEOREM 1.9. Suppose that w is an exact form with potential F' such that
oF
——(t ) 07
o (to, o) #
then the equation F(t,x) = F(to,xo) implicitly defines a function x € C*(I) for some open interval
I containing to, which solves (1.17) with the initial condition x(tg) = xg. This solution is unique
on I.

PROOF. Suppose without loss of generality that F(tp,z9) = 0. By the implicit function
theorem, there exists §,7 > 0 and z € C*(ty — §,tp + ) such that

{(t,z) € Q: |t —to| <6, |z — x| <m, F(t,x) =0} = {(t,x(t)) € Q: |t —to] < I}
By differentiating the identity F(¢,z(t)) = 0, we get
d oF oF dx dx
0= L a) = 2 2 + 2t 20) = f2(0) + olt,2(0)

and hence z(t) is a solution of the differential equation. Moreover, z(tg) = zo.
On the other hand, if z € C!([) is a solution to (1.17)) such that z(to) = z¢, then

%F(t, 2() = 0 = F(t, 2(t)) = F(to, 2(to)) = 0 = 2(t) = z(t).
O

PROPOSITION 1.10. Let f,g € C*(Q). The differential form w = fdt + gdx is closed in §) if
of _ 0y

or Ot
for all (t,z) € Q.

PROPOSITION 1.11. An exact differential form w = fdt+ gdz with a potential F € C? is closed
if
O*F  O*F
otdx — Oxot

for all (t,z) € Q. The converse is also true if Q is simply connected.
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Closed forms always have a potential (at least locally).

ExXAMPLE 1.12. Consider the equation
dx
te* + 2 —t— =0. 1.18
e g ( )

Here, f(t,x) = tx® + x and g(t,x) = —t. Since

of _ 99 _

equation 18 not exact.

ExXAMPLE 1.13. The equation

t+ E 0
r  a2dt
is exact with the potential function F given by
t2

t
Fto)=5+_+C Cek

2

The equation F(t,z) = 0 implicitly defines the solutions (locally for t # 0 and x # 0 such that
OF /0z(t,x) #0).

1.3.3. Hamiltonian systems.

DEFINITION 1.14. Let M be a subset of R and let H : R x M — M be a C* function.
The Hamiltonian system with Hamiltonian H is given by the first-order system of ODEs

dp OH

a:—afq(]?,fﬂa (1 19)
dg OH ’
ar = Tp(pv q)-

EXAMPLE 1.15. An important basic ezample of a Hamiltonian system is the simple harmonic
oscillator with Hamiltonian

1p2 1
H =2 4k
(p,q) 5 T 5k

where m and k are positive constants. Given a potential V, Hamiltonian systems of the form

1+
H(p,q) = §pTM 'p+V(g),

where M is symmetric positive definite matriz and T denotes the transpose, are widely used in
molecular and biological dynamics.

We now introduce the notion of an invariant (also called first integral) for a system of ODEs.

DEFINITION 1.16. Let Q =1 x D, where I C R and D C R?. Consider

where f: Q — R, We call F: D — R an invariant of (1.20) if F(z(t)) = Constant. A point
(t,x) € I x D is called a stationary point if f(t,z) = 0.

EXAMPLE 1.17. Consider the system of Lotka- Volterra’s ODEs given by

% = u(v —2),

¢ (1.21)
do _ v(1 — u)
dt '

The system of ODEs is used to describe the dynamics of biological systems in which two
species interact, one as a predator and the other as prey.
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Define
F(u,v) :=Inu—u+2lnv —wv.
F(u,v) is an invariant of . In fact, by differentiating with respect to time, we have
d ldu du 2dv do

—F — _ - - _
dt (u,v) w dt dt+vdt dt

du dv

=p—2— —+2(1—u)— —

v R G e

=(w=-2)—ulv—2)+2(1—u)+ vl —u)
=w-2)1-uw)+2—-v)(1—-w)
=0.
For the system (1.21), (u,v) = (1,2) and (u,v) = (0,0) are two stationary points.
LEMMA 1.18. The Hamiltonian H is an invariant of the associated Hamiltonian system .

PROOF. We have

SHEO.a0) = 5 00400 + 5 00),a(0)
=i%@wgm@gmmmm+%g@mﬂwégwm«m:a
Hence, H(p,q) is an invariant of the system of equations (1.19). O

ExaMPLE 1.19. Consider the system of equations

dp .
3 = Sing,
dg
ar - b
Here, H(p,q) = %pQ — cos q is the Hamiltonian of the above system, because
oOH . dp
e =sing=-—
oOH dgq
o P @

There is another equivalent expression for Hamiltonian systems. Let z = (p,q)" (note that

p,q € RY), and let
J(ﬂ Q, (1.22)

where I denotes the d x d identity matrix. We can rewrite the Hamiltonian system (1.19) in the
form d
chtC = J7'VH(z). (1.23)

Note that J~1 = JT.
DEFINITION 1.20 (Symplectic linear mapping). A matriz A € R24 x R2? (which is also a linear
mapping from R?? to R??) is called symplectic if ATJA = J.

DEFINITION 1.21 (Symplectic mapping). A differentiable map g : U — R is called symplec-
tic if the Jacobian matriz ¢'(p,q) is everywhere symplectic, i.e., if

g'0.a)" Tg'(p,q) = J.
Taking the transpose of both sides of the above equation, we also have
g pa) I g g =",



1.3. IMPORTANT EXAMPLES OF ODES 13

or equivalently,
g 0a)" T (q) =T
THEOREM 1.22. If g is a symplectic mapping, then it preserves the Hamiltonian form of the
equation.

PrOOF. Let 2 = (p,q)", vy = g(p,q) T and let G(y) := H(z). By using the chain rule, we have

o"TxH(x) = %G(y)
0
= @G(y)%y(w)
=V,G(y)g"" (p,9)-
Then,
dy _ e
L (OH(@)\ "
_ T 1
=g (p.a)J ( o >
=g J gV, G(y)
= J_lvyG(y)a
and therefore,
dy |
&= TV,G).

O

DEFINITION 1.23 (Flow). We define the flow by ¢+(po, q0) = (p(t, po, q0),q(t, Do, q0)), ¢ : U —
R2, U c R??, and py and qo are the initial data at t = 0.

THEOREM 1.24 (Poincaré’s theorem). Suppose that H is twice differentiable. Then the flow
s is a symplectic transformation whenever it is defined.

PROOF. Let yo = (po, qo). We have
d (c‘%) ; (%)
dt Yo Yo
() ) () (3
Yo Yo Yo Yo
a¢t>T —_— (a@) (a@)T - (a@)
=\—) V'HI" J|—)+|— | JJ VH| —
<3yo Yo Yo Yo
where V2H is the Hessian matrix of H(p,q) (and is symmetric). Moreover, since d¢;/dyo at t = 0
is the identity map, the identity
(%) TG
Yo o

is satisfied for all ¢ and all (pg,qo) as long as the solution remains in the domain of definition of
H. O

The following result shows that the symplecticity of the flow is a characteristic property of the
Hamiltonian system.

THEOREM 1.25. Let f : U — R2" be continuously differentiable. Then i—f = f(x) is locally

Hamiltonian if and only if ¢i(x) is symplectic for all x € U and for all sufficiently small t.
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PROOF. The necessity follows from Theorem We therefore suppose that ¢, is symplectic,
and we have to prove the local existence of a Hamiltonian H such that f(z) = J-1VH(s). Using
the fact that g%ﬁ; is a solution of

d
& = @)y,
we obtain
d ((o:\" . (06 a6:\ 99
t t t 7 T 7 t
- Zrt J | == = == J+J — | =0.
a ((ay) (ay)> (52) o™+ ar1(52)
Putting ¢ = 0, it follows from J = —J' that Jf'(yo) is a symmetric matrix for all yo. The

integrability lemma below shows that Jf(y) can be written as the gradient of a function H. O

LEMMA 1.26 (Integrability lemma). Let D C R? be an open set and let g : D — R? be of class
Ct. Suppose that the Jacobian ¢'(y) is symmetric for all y € D. Then, for every yo € D, there
exists a neighborhood of yo and a function H(y) such that

9(y) = VH(y)
on this neighborhood.

PROOF. Suppose that yo = 0, and consider a ball around yy which is contained in D. On this
ball we define

H(y) = /O y " g(ty)dt.

Differentiating with respect to yg, and using the symmetry assumption

9gi _ Ogr
Oy B 0y,
yields
OH ! )
o = ; (gr(ty) +yTa—jk(ty)t)dt

Lda
= /O &(tgk(ty))dtzgk(y)

which proves that
VH =g.

Finally, consider the gradient system:
dx

o = VF@), (1.24)

where F' is the potential function. Equation (1.24)) is a particular example of exact equations.

LEMMA 1.27. The Hamiltonian system is a gradient system if and only if the function
H is harmonic.

PRrROOF. Suppose that H is harmonic, i.e.,
0’H O0°H
+ =0.
op? 0q*
Then the Jacobian of J~'VH given by

_9*H _ 9*H
(J7'VH) = ( gpoq  ~ 9¢° )

o’H o°H
op? Opdq




1.3. IMPORTANT EXAMPLES OF ODES 15

is symmetric. The integrability lemma shows that there exists V such that J~'VH = VV and
therefore, the Hamiltonian system is a gradient system.
Suppose that the Hamiltonian system is a gradient system. Then, there exists V' such that

ov_om . ov_ oW
p g dg — dp’
Therefore,
0°H 0%°H
AH = =0.
Op? + 0q>

EXAMPLE 1.28. The Hamiltonian system with H(p,q) = p* — ¢* is a gradient system.






CHAPTER 2

Existence, uniqueness, and regularity in the Lipschitz case

2.1. Banach fixed point theorem

DEFINITION 2.1 (Contraction). Let (X,d) be a metric space. A mapping F : X — X is a
contraction if there exists 0 < X\ < 1 such that

d(F(z), F(y)) < Md(z,y)
forallz,y € X.

THEOREM 2.2 (Banach fixed point theorem). Let (X,d) be a complete metric space (i.e.,
every Cauchy sequence of elements of X is convergent) and let F': X — X be a contraction. Then
there exists a unique x € X such that

F(z) ==.

2.2. Gronwall’s lemma

LEMMA 2.3 (Gronwall’s lemma). Let I = [0,T] and let ¢ € CO(I). If there emist two
constants o, f € R, B > 0, such that

o(t) < a+ ﬁ/ot ¢(s)ds foralltel, (2.1)

then
B(t) < ae’t forallt e I.

PROOF. Let ¢ : I — R be the function

p(t) =+ B / o(s)ds.

Since ¢ € CY, we conclude that ¢ € C', and

d
¥ _ Bo(t) for all ¢t € I.
dt
By using (2.1)), it follows that
de
== < Be.
ar =90

Let 9(t) := exp(—pt)¢(t) for t € I. Then

Y _ st —pde
%= Be Plo(t) +e %
_ dy
—e Pt _ )<
e < Bo(t) + dt) <0.
Since 1(0) = ¢(0) = «, we have 9(t) < « for ¢t € I, and hence

o(t) < aeft,
which implies that ¢(t) < ¢(t) < ae’ for all t € I. O

17
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2.3. Cauchy-Lipschitz theorem
Let I = [0, T], let d be a positive integer, and let f : I x R? — R?. Suppose that f € CO(I xR9).

DEFINITION 2.4 (Lipschitz condition). If there exists a constant Cy > 0 such that, for any
x1, 22 € RY and any t € I, the following inequality holds:

‘f(t7x1)7f(tax2)‘ < Cf‘xlfo‘v (22)

then we say that f satisfies a Lipschitz condition on I. The constant Cy is called the Lipschitz
constant for f.

THEOREM 2.5 (Cauchy-Lipschitz theorem). Consider the initial value problem

dx
5 = [ta), teoT), (2.3)
2(0) =w, w0 € R

If f € C°(I xR?) satisfies the Lipschitz condition on [0,T), then there exists a unique solution
x € CHI) to (2.3) on [0,T).
Proor. By (2.3), we have

t
x(t) = o +/ f(s,xz(s))ds, Vte[0,T).
Define the functional F : C°([0, T]; RY) — C°([0, T]; RY) by

—Cco—I—/fSy

For y € C°([0, T]; R?), defined the norm of y by

lyll :== sup {Jy(t)]e” "}, (2.4)
t€[0,T]

where Cy is the Lipschitz constant for f. It is easy to prove that (2.4) is equivalent to the usual
norm sup |y(t)| and hence, C°(]0, T]; R?) equipped with 1) is complete.

t€[0,T)
With (2.4]), we compute
[Fly1] = Flya)ll = sup |Fpn](t) — Flyz](t)]e= "
t€(0,T)
t
< sup et If(S»yl(S)) f(s,2(s))|ds
t€[0,T]
< sup e Cftcf/ ly1(s) — ya(s)|ds
te[0,T

IN
—
—
|
3

My — w2l

By Banach fixed point theorem in a complete metric space (Theorem , there exists a unique
y € C°([0, T]; RY) such that F(y) =y. The Picard iteration

y ) = iy

is a Cauchy sequence and converges to the unique fixed point y. Therefore, there exists a unique

solution to (2.3). O
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REMARK 2.6. Theorem holds true if R? is replaced with a Banach space (a complete
normed vector space). The proof is the same.

If f is continuous, there is no guarantee that the initial value problem ({2.3]) possesses a unique
solution.
ExXAMPLE 2.7. Consider
d
ditc =23, x(0)=0. (2.5)
Then there are two solutions to given by x1(t) = ;—; and z2(t) = 0.
THEOREM 2.8 (Cauchy-Peano existence theorem). If f is continuous, then (2.3) admits a
solution x(t) that is, at least, defined for small t.
This theorem can be proved by using the Arzela-Ascoli theorem.

DEFINITION 2.9 (Equicontinuity). A family of functions F is said to be equicontinuous on
[a,b] if for any given € > 0, there exists § > 0 such that

|f(t) = f(s)| <e
whenever |t — s| < & for every function f € F and t, s € [a,b).

DEFINITION 2.10 (Uniform boundedness). A family of continuous functions F on [a,b] is
uniformly bounded if there exists a positive number M such that |f(t)| < M for every function
feF andt € la,b].

THEOREM 2.11 (Arzela-Ascoli). Suppose that the sequence of functions {fn(t)}nen on [a,b]
is uniformly bounded and equicontinuous, then there exists a subsequence {fn, (t)}ren that is uni-
formly convergent on [a,b].

ExaMPLE 2.12. Consider

d
d—f =22 2(0) =29 #0.
By separation of variables, we obtain
dx
Thus,
1 d
x x
and hence,
1
=
t+C
Since x(0) = xo,
Zo
t) = .
M = T

If ¢y > 0, z(t) blows up when t — % from below. If xg < 0, the singularity is in the
past(t < 0). The only solution defined for all positive and negative t is the constant solution
z(t) =0, corresponding to xo = 0.

Now we turn to the continuity of the solution of ([2.3)).

THEOREM 2.13 (Continuity with respect to the initial data). Suppose that f satisfies
the Lipschitz condition (2.2). Let x1(t) and x2(t) be the solutions of (2.3) corresponding to the
initial data x1(0) and x2(0), respectively. Then we have

|21 (t) — 22(t)] < e 21(0) — 22(0)|  for all t € [0,T). (2.6)
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PROOF. Since

%le(t) —ap(t)]* = 2(f(t, 21 (1)) — f(t,22(8))) (21 () — 22(t))

< 2Cf|x1(t)7‘r2(t)|27 te [O7T]7

we have

3 (10 - waie2er) <0 @)

Integrating (2.7)) from 0 to ¢ gives
|1 (t) — @2(t) e < J21(0) — 22(0) 2,

or equivalently,
|21(t) = x2()] < |21(0) — 22(0) [T,
which yields the desired inequality. O

Formally, taking the derivative of the solution x of (2.3)) with respect to the initial data, we
obtain that dz(t)/0z is the solution of the linear equation

Next we discuss the differentiability of the solution of ([2.3)) with respect to the initial data.

d oz(t) _ of . 0x(t)

dt dzg 81:(’ () Oxy (2.8)
Ox(t) _
8;50 '

THEOREM 2.14. Suppose that f is of class Ct. Then xq v+ x(t) is differentiable and 0z (t)/dz¢
s the unique solution of the linear equation (@

PRrROOF. Let Ax(t,zg,h) := x(t,x0 + h) — x(t,xz0) be the difference quotient. By using the
mean-value theorem, we have

Ax(t,xg,h) =h +/O (f(s,z(s,xo + h)) — f(s,2(s,20)))ds

=h +/0 (f(svx(t’fﬂo) + A.%‘(&.’L‘o,h)) - f(S,a’:(S,.T())))dS

t af
=h+ [ —=(s,z(s,x0) + TAz)Axds,
0 or

where 7 = 7(s,x0,h) € [0,1]. Since there exists a positive constant M such that |%\ < M, it
holds that
t
Al < W]+ M [ |Aa(s,z0,h)lds,

0

By Gronwall’s lemma (Lemma,
‘Aﬂj(t,ﬂfo, h’)| < |h|eMT'

Let v(t) be the unique solution of (2.8]). We compute

M () = /0 <f(s7x(s,x0 + h)]i — f(s;2(s,20)) %(s7m(s,x()))v(5)) ds

t
/0 M {gi(s,x(s, xo) + TAz(s, o, h)) — gi(s,f(s,:ﬂo))] ds

+ /Ot %(s,x(s, o)) (Aaz(s,hxo,h) - 11(5)) ds.
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By using the uniform continuity of %, we have that for any € > 0 there exists hy > 0 such that,
for any |h| < hg, the first term on the right-hand side is of order O(e). Then, again by Gronwall’s
lemma,

Ax(t h
|7m( 7}:30, ) — | < eMTeMT,
for |h| small enough, which proves that z¢ — z(t) is differentiable and its derivative is given by
ox
== =,
8:50
where v is the solution of (2.8)). O

2.4. Stability

THEOREM 2.15 (Strong continuity theorem). Let

dz dy

f—f( r) and &:g(ty)

be two ODEs on [0,T]. If f satisfies the Lipschitz condition on [0,T] and there exists € > 0
such that, for any x € R, t € [0,T),

|f(t,l’) - g(twr)‘ < €,
then the following inequality holds:

() = y()] < 2(0) — y(0)[e“7* + Cif(ecft —1), te[0,T].

REMARK 2.16. The function g may not satisfy a Lipschitz condition.

PROOF. Since

D lat) — )2 = 24(0.2(6)) - ot 9(0)) (2(0) ~ (D)
= 2(f(t,2(0)) — £ ¥ ) ~ ¥(E) + 207 5(0) ~ gty ) ~ y(D)
we have
d 2
10 0O <| a0 - yl0)?
< 30f(t(8) — £ty 12(8) — 9 (0] + 21 (6 9(0) — (8 y(0) Ja(t) — ()

(
< 20y [a(t) = y(t)]* + 2¢|=(t) — y(1)]
<20y [a(t) —y(t)]* + 2e/|a(t) — y(t)>.
If we denote by h(t) := |z(t) — y(t)|?, then

dh
Consider the following initial value problem:
du
— =2C 2
dt pu+ 2ev/u, (2.9)

u(0) = |z(0) — y(0)*.

Since Cy > 0, u(0) > 0, it follows that ‘éit‘ is always non-negative when ¢ > 0, and hence u is
increasing.

Let z(t) := y/u(t) and suppose that h(0) > 0. Then (2.9) is equivalent to
dz

r —Cyz=¢€ t€][0,T],
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This gives the solution of (2.4]):

u(t) = 2(t) = V/u(0)eCrt + Cif(ecﬂt —1).

Moreover,
%(h(t) —u(t)) < 2C¢(h(t) — u(t)) + 2¢(v/h(t) — Vu(l))
_ e e ) =
R IGE10
< 20,0 —u(t) + 2= =
= (205 + ¢i%)><h(t) (b)),

which implies
d
dt

<(h(t) — u(t)) exp(—2C; + ie(o))t> <0.

By integrating the last inequality from 0 to ¢, we obtain
2e

Vu(0)

Since u(0) = h(0), we have h(t) < u(t) for ¢ € [0,T], and hence
(1) —y()] < Vu(t)
= Va0 + (' = 1)

= V/h(0)er! + Cif(ecft —1).

(h(t) — u(t)) exp(—2C; + £) < h(0) — u(0).

Therefore, the desired estimate

|aﬂ—yunskmm—ymwﬁﬂ+z%w@f—n

holds.
If h(0) = 0, then, instead of (2.9]), we consider the following equation:
d
Un _ 2Cuy + 26\/u,, te[0,7T],
d{ (2.10)
which, analogously to (2.9)), has the explicit solution
1 € 2
" t) = | — Cft _ C'ft -1
wn(t) = | e e )
We only need to prove that for each n € N,
h(t) < un(t) (2.11)

holds for ¢ € [0, T]. Then by letting n — 400, u, — u, where u is the solution to (2.9, and hence
h(t) < u(t).

Inequality can be proved by contradiction. Suppose that there exists £; > 0 such that
h(t1) > un(t1). Let tg be the largest ¢ in the interval 0 < ¢ < ¢; such that h(ty) < u,(to). By the
continuity of h(t) and wu,(t), we assert that

h(to) = un(to) > 0,
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and h(t) > un(t) on (to,to + €), a small right-neighborhood of ¢y. But this is impossible according
to the discussion in the case where h(0) > 0. The proof of the theorem is now complete. O
2.5. Regularity
THEOREM 2.17. If f € C™ for n > 0, then the solution x of ([2.3)) is of class C"*!.

PROOF. The proof is by induction, the case n = 0 being clear. If f € C™ then x is at least of
class C", by the inductive assumption. Then the function ¢ — f(¢, z(t)) = dx(t)/dt is also of class
C™. The function z(t) is then of class C"*1. O

REMARK 2.18. If f is a real analytic function, then it can be proved that x is also real analytic.






CHAPTER 3

Linear systems

3.1. Exponential of a matrix
Let M;(C) be the vector space of d x d matrices with entries in C. Let GL4(C) C My4(C) be
the group of invertible matrices.
DEFINITION 3.1 (Matrix norm). The matriz norm of A € My(C) is
[A]l = max |Ay].
lyl=1

LEMMA 3.2. The matrix norm has the following properties:
(i) Ayl < ||Allly| for all y € C;

(ii) A+ Bl <Al + B for all A, B € M4(C);

(iii) [|AB| < ||A]l I|B]] for all A, B € My(C).

LEMMA 3.3 (Jordan-Chevalley decomposition). Let A € My4(C). Then there exists C €
GL4(C) such that A has a unique decomposition

C~'AC =D + N,
where D is diagonal, N is nilpotent (i.e., N =0), and ND = DN.
We now define the exponential of a matrix.
DEFINITION 3.4. For a matriz A € M4(C), we define
A=Y %
n>0
We list some properties of the exponential of a matrix.

LEMMA 3.5. The exponential of a matrix has the following properties:
(i) (ezpomnential of the sum) Let A, B € My(C). If AB = BA, then e85 = efeB;
(ii) (conjugation and exponentiation) Let A, B € My(C) and C € GL4(C) be such that A =
C~1BC. Then we have

et =P
In fact,
n -1 n —1pn
I
n>0 n>0 n>0
(iii) (exponential of a diagonalizable matriz) If A is a diagonalizable matriz of the form
A1 0
A=cC! L C,
0 Ad
where A1,..., g € C and C € GL4(C), then
eM 0
et =07t C;
0 el
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iv) (exponential of a block matriz) Let A; € My, . (C) for j =1,...,p. Let A be a block matriz
J J

of the form
Ay 0
A=
0 Ap
Then
e 0
et = ;
0 eAr
(v) (derivative) Let A € M4(C). We have
d

—e! = At = AL
dt

3.2. Linear systems with constant coefficients

Let A € M,4(C)) be independent of ¢. Let f € C([0,7]). Consider the following linear ODE
with constant coefficients:

dx
== Ax(t)+ f(t), te€]0,T], (3.1)
2(0) = 29 € R

Since
Az —y)| < [|Allle —y| for all 2,y € C,
by the Cauchy-Lipschitz theorem there exists a unique solution z to (3.1). The system of equations

(3.1) is an autonomous system.
Ifd=1 (ie., A=a € C), then by the method of integrating factors,

o) = et [ (o (32)

0
In the general case (d > 1), if f =0, then, from Lemma (v), it follows that the solution x

of (3.1 is z(t) = e xy.

For an arbitrary f, we have

d, _ _
St = A1),
and hence the solution z(¢) of (3.1) is given by
t
x(t) = ettay + / =94 £ (s)ds. (3.3)
0

Observe that the solution of (3.1) has been reduced in (3.3)) to matrix calculations and integration.

3.3. Linear system with non-constant real coefficients

3.3.1. The homogeneous case. Let M;(R) be the vector space of d x d matrices with entries
in R.

PROPOSITION 3.6. Let A : [0,T] — My(R) be continuous. The set S of solutions of dx/dt =
A(t)x defined by

S = {:E € CH([0,T);RY) : z satisfies Z—j = A(t)x} (3.4)

is a linear subspace of C*([0,T];R?) of dimension d.
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PROOF. If 2,y € S, then, for any a, 8 € R, ax + By € C*([0,T]; RY) is also a solution. Then
S is a linear subspace of C'([0, T]; R%). We show that the dimension of S is d. Let the mapping
F : S — R be defined by

Flz] = x(to) (3.5)
for some to € [0,7]. Then F is linear: Flaz + By] = az(ty) + By(to) = aF[z] + SFy]. F
is injective, i.e., Flz] = 0 implies that z = 0. In fact, 2 solves ‘é—f = A(t)z(t) with the initial

condition z(tg) = 0. The solution to this problem is unique (by the Cauchy-Lipschitz theorem)
and 0 is a solution. Then x = 0. Finally, F is surjective because for any zy € R? the equation

dx
E = A(t)iL’(t), te [OvT]a (36)
a?(to) = X,
has a solution = € C1([0, T]; R%).
O

PROPOSITION 3.7. Let S be defined by and let x1,...,xq4 € S. The following statements
are equivalent:
(i) {z1,...,xa} is a basis of S;
(i) detlz1(t),...,xzqa(t)] # 0 for all t € [0,T).
(ili) detlx1(to), ..., za(to)] # O for some to € [0,T].
Here, det denotes the determinant of a matriz and [x1,...,x4] is the d X d matriz with columns
z1,...,2q € R

PROOF. It is clear that (i) is equivalent to (ii). To see that (i) implies (iii), let {x1,...,x4} be
a basis of S. Then {F|[x1], ..., F[z4]} forms a basis of R%, where the isomorphism F relative to o
is defined by (3.5). Next let us check that (iii) implies (i). Let to be such that (iii) holds and let
F : S — R? be the isomorphism relative to ¢y defined by . Then the inverse F~1 : R — S is
also an isomorphism. It follows that z1 = F~1[z1(tg)],...,2q = F'[x4(to)] is a basis of S. [

DEFINITION 3.8 (Fundamental matrix). If one of the three equivalent conditions of Propo-
sition [3.7 holds, then the functions x1,...,zq are called a fundamental system of solutions of
the differential equation ‘fl—f = A(t)x. The matrix X = [x1,...,24] is then called a fundamental
matriz of the equation.

We now introduce the Wronskian determinant.

DEFINITION 3.9 (Wronskian determinant). Let z1,...,xq4 € S. The Wronskian determinant
w € CH[0,T;R) of x1,...,xq is defined by

w(t) = det[zq(¢), ..., zq(t)].
THEOREM 3.10. Let z1,...,24 € S and let w € C*([0, T]; R?) be the Wronskian determinant of

T1,...,Tq. Then w solves the differential equation
(2—1: = (trA(t))w fort e [0,T]. (3.7

Here, tr denotes the trace of a matriz.

PROOF. If z1, ..., x4 are linearly dependent, then w = 0 and (3.7)) trivially holds. Suppose that
Z1,..., 4 are linearly independent, i.e., w(t) # 0 for all ¢ € [0, T.
Let X : [0,7] — M4(R) be the fundamental matrix having as columns the solutions z1, ..., 24,
i.e.,
X(t) = (zi;(t)ij=1,...a; t€[0,T],

where z; = (215, ...,24) " for j=1,...,d.
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Let z; be the solution of
)

=A(t)z;(t),
% Aw)24)
zj(to) = €;,
where {e;};—1...q4 is the standard unit orthonormal basis in R%.
Then {z1,...,24} is a basis of the space of solutions to dz/dt = Az. Moreover, there exists

C € GLy4(RY) such that
X(@t)=Cz(t), telo,T],
where Z = [21,..., 2z4)-
Let v(t) := det Z(t). Then v solves
dv
dt
In fact, by the definition of the determinant of a matrix, we have

(to) = t’I"A(to)

d

dv d 4 d
E(t) =7 Z (—1)%8ne H Zio (i) (t) = Z (—1)%8ne Z @Zjo(j)(t) HZm(i)(t)

g€Sy i=1 g€Sy j=1 4]

where Sy is the set of all permutations of the d elements {1,2,...,d} and sgno is the signature of
the permutation o. Note that

H Zig(i)(to) =0  unless o = identity,

i#]
and
dz;;
— (o) = (Alto)z(t0));
d
= Z n(to)znj(to) Zajh t0)dn;(to)
h=1
= aj;(to)
Therefore,

d
o (o) = ;aa’j(tO) = trA(to).

Now the general result follows from the differentiation of the following identity:
w=det X =det(CZ) = (det C) det Z = (det C)v.

In fact, we have

dw dv
E(tg) = (det C)E(to) = (det C)trA(to).
Therefore,
dw
qt —(to) = trA(to)w(to),
since v(tg) = 1. D

REMARK 3.11. Let to € [0,T]. From (3.7), it follows that
w(t) = w(t)elo A ot e [0, 7). (3.8)

This is known as Abel’s identity or Liouville’s formula. Identity (@ shows that it suffices
to check that the determinant of the fundamental matrixz is nonzero for one ty € [0,T].
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3.3.2. The inhomogeneous case. Consider the inhomogeneous linear differential equation
of the form

dx
{dt = A(t)x + f(t), (3.9)

where A(t) € C°([0,T];M4(R)) and f € C°([0, T]; RY).
Let X be a fundamental matrix for the homogeneous equation dz(t)/dt = A(t)z(¢), i.e.,

dX
e AX and detX #0 forallte]0,7T].
Then, any solution x to the homogeneous equation is of the form

2(t) = X(t)e, te[0,T], (3.10)

for some (column) vector ¢ € R9.
By using the method of integrating factors, we look for a solution to (3.9)) of the form ([3.10)
with ¢ € C1([0,T];RY). In this case, we have

dr dX dc dc dc
— =——c+X— =AXc+X— =Az+ X—
a @ T T
which implies X 9¢ = f(t). Since X is invertible, we obtain
de
— =X"f(t).
o X

Therefore, we find
t
o(t) = o +/ X ()1 f(s)ds,
0
for some ¢y € RY.

THEOREM 3.12. Let X be a fundamental matriz for the homogeneous equation dx/dt = Ax.
Then, for all cy € R?, the function

t
z(t) = X (t)(co + / X ()" f(s)ds) (3.11)
0
is a solution to . Moreover, any solution to is of the form for some co € R%.

PROOF. The first statement is already proved. To prove the second statement, let xo be a

solution to (3.9). Since

d

7 (22 —2(t)) = Alz2 - 2),

where x is given by (3.11)), we get 1o — 2 = X¢; for some ¢; € R? and the claim follows. 0

Formula (3.11)) is called Duhamel’sformula.

3.4. Second order linear equations

Let d = 1 and consider the following second order ODE:

d’z dx
22— ft o —
dt2 f( 71:7 dt )7
for a given scalar function f. The above ODE is linear if f is linear in x and dz/d¢, namely,
dx dx
ta,—) =g(t) —pt)— — q(t
7,50 = 90) = p(0) 5~ alt)e,
where g, p, g are (scalar) functions of ¢ but do not depend on z. Then the ODE becomes
d’z dx
— t)— t)x = g(t). 12
P+ at)e = (1) (3.12)
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The initial value problem consists of (3.12)) together with a pair of initial conditions
dx
dt

The second order ODE ([3.12)) is called homogeneous if ¢ = 0 and inhomogeneous otherwise.
If p(t) and q(¢) are constant, then (3.12)) is called linear ODE with constant coefficients.
Suppose that

.’E(to) = To, (tO) = .’E6, SU(),.’E6 S Rd' (313)

p,q € C°([0,T)). (3.14)

If the condition (3.14]) fails, then the points at which either p or ¢ fail to be continuous are called
singular points. The following are important examples:
1
Bessel’s equation: p(t) = T q(t) =1-— t%’ (at t = 0);
2t n(n+1)

Legendre’s equation: p(t) = ——,q(t) = 7

17t27 7n€N (att:il).

THEOREM 3.13. Suppose that p,q,g € C°([0,T],R%). Then there exists a unique solution x(t)
on [0,T] to with the initial conditions (3.13).

3.4.1. Structure of the general solution. Here we discuss the structure of the general
solution to the second order ODE .

First we consider the homogeneous case. We need the following results regarding the Wronskian
determinant.

DEFINITION 3.14. Two functions x1 and zo on [0,T] are called linearly independent if
neither of them is a multiple of the other. Otherwise, they are called linearly dependent.

PrOPOSITION 3.15. Let w be the Wronskian determinant given by

d d 1 €2
w(t) = xl(t)%(t) - xg(t)%(t) — det (dml d:r,2> .
at dt

If w(t) is not zero at some tog € [0,T), then x1 and xo are linearly independent.

PROOF. Let us prove that if z; and x5 are linearly dependent, then w(t) = 0 for all ¢ € [0, 7.
Suppose that x; and x5 are linearly dependent. Then, with respect to (a1, as), the following
system:

o177 + agxy =0,

drzq dzo for all ¢ € [0, T,
W a5
has a non-trivial solution. Therefore,
X1 X9
w(t) =det | dv; dap | =0, forallte[0,T]
dt dt
This completes the proof. O

PROPOSITION 3.16. If 1 and x5 solve on [0, T] then w(t) is either identically zero or
not equal to zero at any point of [0,T].

ProoF. We have

dQLL‘Q d2$1

/

t) = 21— — .

W) = o — T2

We also have, by the assumption that x1,xo solve (3.12)), that
dz.’ﬁi o d.’ﬂl

— _p(t — gz, i=1,2.
e p()dt qt)zi, i
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So we get

W o ) 22— ) = ptyuls)

t
Therefore w(t) = w(tg)e Jio? (9)42 " which is either identically zero or never vanishes depending on
’w(t()). O

Now we discuss the structure of the general solution to the homogeneous system.

THEOREM 3.17. Suppose that x1 and xo solve the equation with g = 0. Suppose also
that ©1 and xo are linearly independent. Then the gemeral solution is of the form cix1 + coxo,

where ¢1 and co are constant coefficients.
PROOF. Let Z be an arbitrary solution with the initial condition Z(to) = Zo, dZ/dt(ty) = Zj.
Consider the system of equations for (c1, ca)

c1z1(to) + caz2(to) = Zo,
C1 d;tl (to) + €274 dzy (tO) = .fé)

Since z; 42 aE — T2 dzl # 0 at t = tp, there exists a unique nontrivial solution (c1,ca) = (é1,¢2) to
the above system. Then by the existence and uniqueness theorem for the initial value problem of
the second order ODE, we conclude that ¢ 21 + éaxo = T. O

3.4.2. Linear n-th order ODE with constant coefficients. Here we discuss the approach

to solving a linear n-th order ODE with constant coefficients. Consider
d"z d"lx
At +an—1——

where a; € R for : =0,...,n — 1.
The general solution has the form

dzx
T + .. +a1$+a0x—0 (3.15)

z(t) = c1x1 + ... + cpy,

where {x;}7  is the set of linearly independent solutions (a fundamental set of solutions) and ¢;
are constant coeflicients.
Let W (t) be the Wronskian determinant of the set {z1, ..., 2, }, i.e.,

I To In
da:l
dt
W(t)=det | °
n—1 dn— 1 n—1
dtn— lxl dtn— I'TQ dtn— 1xn

If w(ty) # 0 for some tg, then (z1, ..., x,) forms a fundamental set of solution.
We solve the equation through the characteristic equation

A"+ an NP+ L+ a A+ ag =0. (3.16)

This equation is derived by guessing a solution x(t) has the form e* with A € C.

The characteristic equatlon has n complex roots )\ counted with their multiplicities [;.
In other words, equation (3 can bc rewritten in the form

[Tx=4)4 =0
j=1
with Z;nzl l; = n. In fact, the general solution x(t) is a linear combination of thedit for 0 < k < l;

and j =1,...,m. In particular, if m = n, then z(¢) is a linear combination of eAit
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THEOREM 3.18. Let 5\j,1 < 7 < 'm, be the zeros of the characteristic polynomial (3.16]) asso-
ciated with and let l; be the corresponding multiplicities. Then the functions

zip(t) =theMt 0<k<l;, 1<j<m, (3.17)

are n linearly independent solutions of . In particular, any other solution can be written as
a linear combination of these solutions.

3.4.3. Reduction of order. Here we discuss a method for finding a second solution to the
homogeneous second order ODE when a first solution is known by reducing the order.
Suppose that x; a solution of (3.12)). Let

x(t) = v(t)x1(t).

Then
dﬁ(t) _dv + dzy
at '\ T At T a
and d? d? dvd d?
T v v dxq T1
() = =1y + 2= — .
a2 W= et 2y e
So, we get
d*v (dxq/dt)  dv
— 2——2)— =0.
i Tt V@
By letting u = dv/dt, the equation above can be rewritten as a first order ODE
du (dzq/dt)
— 2————S)u = 0.
dt + (p + X1 )u
Therefore,
u(t) = cem IR _ € - [t p(s)ds (3.18)

(z1(1))?
Since v = [ u(s)ds, we get t
x(t) = xl(t)/ u(s)ds. (3.19)

In conclusion, if one solution to (3.12) is known, then a second solution can be found and it is

expressed by (3.19)), where u is given by (3.18)).



CHAPTER 4

Numerical solution of ordinary differential equations

4.1. Introduction

This chapter is concerned with the numerical solution of initial value problems for systems of
ordinary differential equations. Since there is no hope of solving the vast majority of differential
equations in explicit and analytic form, the design of suitable numerical schemes for accurately
approximating solutions is essential. Explicit solutions, when they are known, can also be used as
test cases for tracking the reliability and accuracy of a chosen numerical scheme. In this chapter,
we survey the most basic numerical methods for solving initial value problems. It goes without
saying that some equations are more difficult to accurately approximate than others, and a variety
of more specialized techniques are employed when confronted with a recalcitrant system. However,
all of the more advanced developments build on the basic schemes and ideas laid out in this chapter.

4.2. The general explicit one-step method

4.2.1. Consistency, stability and convergence. Consider the initial value problem
dx
— = f(t,x), te€]0,T],
z(0) =z, =z €R,
where f € C°(]0,t] x R) satisfies the Lipschitz condition ([2.2).
Starting at the initial time ¢ = 0, we introduce successive discretization points

to=0<t; <ty <...,

continuing on until we reach the final time 7. To keep the analysis as simple as possible, we use a
uniform step size, and so
At =t —t > 0, (4.2)
does not dependent on k and is assumed to be relatively small, with ¢, = kAt. We also suppose
that K = T/(At) is an integer.
A general explicit one-step method may be written in the form:

F T = ok L At ®(ty, 2, AL), (4.3)

for some continuous function ®(t,x,h). In , taking in succession k = 0,1,..., K — 1, one-
step at a time, the approximate values 2* of z at t;, can be easily obtained. Scheme (4.3) is called
explicit since z¥*! is obtained from x*. 2**! appears only on the left-hand side of (4.3))

We define the truncation error of the numerical scheme by

T(tg+1) — z(te)
At

Ty (At) = — B(ty, 2(ty), A). (4.4)

As At — 0,k — +oo, kAt =t,
d
Te(Al) — di;’ — ®(t,z,0).
DEFINITION 4.1 (Consistency). The numerical scheme is consistent with if

O(t,x,0) = f(t,x) forallt €[0,T] and z € R.

33



34 4. NUMERICAL SOLUTION OF ORDINARY DIFFERENTIAL EQUATIONS

DEFINITION 4.2 (Stability). The numerical scheme for solving 1s stable if ® is
Lipschitz continuous in x, i.e., there exist positive constants Cy and hg such that

|‘D(t,f£, h)*@(t7y7h)| SCj<1>|5'573-,l|a te [OaT]ahG [O,ho],.f,yER. (45)
Define global error the of the numerical scheme (4.3 by
er = x — x(ty). (4.6)

DEFINITION 4.3 (Convergence). The numerical scheme for solving 15 convergent
if
lex] =0 as At — 0,k — o0, kAt =t € [0,T].

THEOREM 4.4 (Dahlquist-Lax equivalence theorem). The numerical scheme 18 convergent
if and only if it is consistent and stable.

PRrROOF. From (4.1)), it follows that

E(ten) — a(ty) = / (s a(s)) ds,

tr

which gives

2(trrn) — a(ty) = (A f(tr, 2(t)) + / (s, (s) — Fltna(tn))] ds.

173

Therefore,

sltre) = olt0) — (30t alt)| = | [ [Flsa(6) = S, a(00)] 5] < (80) (), (@07

k
where
wi (At) :=sup {|f(t, z(t)) — f(s,2(s))],0 < s,t < T, |t — s| < At}. (4.8)
Note that wi(At) — 0 as At — 0. Moreover, if f is Lipschitz in ¢, then wy (At) = O(At).
From and
ery1 — ex = 2" — 2P — (2(tpy) — 2(tr)),
we obtain
€k4+1 — € = At@(tk,xk, At) - (1’(tk+1) — :L’(tk)),

or equivalently,

ert1 — ex = At [®(tg, 2%, At) — f(tr, x(tr))] — [2(ths1) — o(te) — At f(te, z(tr))].

Write
€k+1 — €k = At I:q)(tk7xk7At) - @(tk,l’(k),At) +(I)(tk7x(k)7At) (4 9)
—f (s x(tr))] — [2(trgr) — x(te) — AL f(tg, z(tr))]. '
Let
wa(At) :=sup {|®(t,x,h) — f(t,x)],t € [0,T],z € R,0 < h < (At)}. (4.10)
Since the numerical scheme is consistent,
‘@(tk,xk,At) — fltg, 2®)| < wa(At) — 0 as At — 0. (4.11)
On the other hand, from the stability condition (4.5)), it follows that
O(ty, %, At) — O(ty, z(k), At)‘ < Coleg]. (4.12)

Combining (4.7)), (4.9), 7 and (4.12)) yields
lert1] < (14 CoAt)|er| + Atws(At), 0<k <K -1, (4.13)
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where K = T'/(At) and w3(At) := w1 (At) + w2 (At) — 0 as At — 0. By induction, we deduce from

(4.13) that
k—1
lens1] < (1+ Colt)Fleo| + (AL) ws(At) > (14 CoAt)', 0<k<K. (4.14)
=0

Estimate (4.14)) together with

>
|
—

1+ C@Ai)k —
1 At) = (
l:o( + Celrt) CoAt
and
T

(1+CaAt)X < (14 CCD?)K < efeT,

yields
CeT el —1
lex| < e“*'leo| + ng(At). (4.15)

Therefore, if eg = 0, then as At — 0,k — 400 such that kAt =t € [0,T]

lim |ex| =0,
k—4o00

which shows that the scheme is in fact convergent. O

DEFINITION 4.5. An explicit one-step method is said to be of order p if there exist positive
constants ho and C such that

ITu(At)| < C(AHP, 0< At < ho,k=0,...,K —1,
where the truncation error Ty (At) is defined by .

If the explicit one-step method is stable, then the global error is bounded by the truncation
error.

PROPOSITION 4.6. Consider the explicit one-step scheme , where ® satisfies the stability
condition . Suppose that eg = 0. Then

oCaT _

D max |T;(At)| fork=0,...,K —1, (4.16)

< >~ 7
lextal < Cs 0<i<k

where the truncation error T; and the global error e are defined by and @, respectively.

Proor. From (4.9)), we have
€k+1 — €k = —(At)Tk(At) + (At) (I)(tk,xk, At) - (I)(tk;,l'(tk), At) 5

so we get
(1+ Ca(At))|ex] + (AL)|TR(AL)]
(1+ C3(At))|ex| + (A) Joax T, (A)].

lek+1]

IA A

In exactly the same manner as in the proof of Theorem we obtain estimate (4.16]). O
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4.2.2. Explicit Euler’s method. Let ®(¢,2,h) = f(t,z). The numerical method
reduces to
af = 2k 4 (AL f(t, 2F). (4.17)
The numerical method is called the explicit Euler scheme.

THEOREM 4.7. Consider the initial value problem . Suppose that f satisfies the Lipschitz
condition and f is Lipschitz with respect to t. Then the explicit Euler scheme 18
convergent and the global error ey, is of order At. If f € C', then is of order one.

PROOF. Since f satisfies the Lipschitz condition then the numerical scheme with ®(¢,z,h) =
f(t,z) is stable. Moreover, it is consistent since ®(t,z,0) = f(¢,z) for all t € [0,7] and z € R.
Therefore, by Theorem (4.17) is convergent. Furthermore, since f is Lipschitz in ¢, wi(At) =
O(At), where wy is defined by (4.8). On the other hand, we(At) = 0, and hence ws(At) = O(At),
where ws is defined by and w3 = wy + we. Then, from , we have |ex| = O(At) for
1< k< K. Now if f €C", then from Theorem x € C2. By using the mean-value theorem, we
have

1
T80 = g (aten) = olt0) ) - Flono(tn)
1 dz (At)? d%x
= (s + @050 + TR0 a0 - fnat) @19
At d%x
= 2
for some 7 € [tk, tr+1], which shows that (4.17)) is of first order. O

REMARK 4.8 (Round off error effects). Theorem is true provided the arithmetic in
calculating the numerical approximation is perfect, that is, when performing the operations required
by no errors occur. However computers always round off real numbers. In numerical methods
rounding errors become important when the step size At is comparable with the precision of the
computations. Thus, when running Euler’s method , the best we can do is to compute the
solution of the perturbed scheme:

T =5 4 ALf (1, 7F) + (A" + pF,

where ¥ and p* represent the errors in f and in the assembling, respectively. Assume that |u*| < u
and |p¥| < p for all k and f € C*. Defining €* = x(ty,) — ¥, we have

85+ < (14 Cr A + (Ab)u + p,

and hence
(%] < €TI0 + (A)eCrT /OT CZ@(S) ds + ji(At) eszT 4 p%ech’
where Cy is the Lipschitz constant for f.
Introduce O TpeCT
p(At) = o At + AL

One can see that ¢ attains its minimum at \/pCyT/p and diverges for At — 0. From a practical
point of view, it is better to take time steps that are larger than /pCyT /.

REMARK 4.9 (Control of the time step). In the time step is uniform and is chosen
such that the global error |ey| is smaller than a given tolerance. In view of this supposes a
good knowledge of the exact solution. An alternative method consists in computing the numerical
solution for an arbitrary At and then for 2At. If the discrepancy between the two numerical
solutions is smaller than the tolerance, we keep At. If not, we restart the calculations with a
smaller step size, say At/2, until we reach the target.



4.2. THE GENERAL EXPLICIT ONE-STEP METHOD 37

4.2.3. High-order methods. In general, the order of a numerical solution method governs
both the accuracy of its approximations and the speed at which they converge to the true solution
as the step size At — 0. Although the explicit Euler method is simple and easy to implement, it
is only a first order scheme as shown in Theorem [£.7] and therefore of limited use. So, the goal is
to devise simple numerical methods that enjoy a higher order of accuracy. The higher its order,
the more accurate the numerical scheme, and hence the larger the step size that can be used to
produce the solution to a desired accuracy. However, this should be balanced with the fact that
higher order methods inevitably require more computational effort at each step.

4.2.3.1. Taylor methods. The explicit Euler scheme is based on a first order Taylor approxi-
mation to the solution. The Taylor expansion of the solution z(t) at the discretization points tj1
has the form

dz (At)? d?x (A1) d3x
t = x(t At) = z(t At)—(t — — 4.1
Pltn) = 2lts + A1) = afty) + (A0S (0) + STt + S T )+ (419)
We can evaluate the first derivative term by using the differential equation
dx
— = f(t,x). 4.2
= 1) (4:20)

The second derivative can be found by differentiating the equation with respect to ¢. Invoking the
chain rule,

d’z d af af dz
dr_a — ity + L, 0) 4.21

T TAGR R W T (4.21)
Substituting (4.20) and (4.21)) into (4.19)) and truncating at order (At)? leads to the second order

Taylor method

B ok (A k
x x4+ (A f(tg, ") + 5t B

in which we have replaced the solution value z(t3) by its computed approximation 2*. The resulting
method is of second order.

PROPOSITION 4.10. Suppose that f € C2. Then is of second order.

PRrOOF. If f is of class C?, then by Theorem x € C3. Therefore, by using the Taylor
expansion (4.19)), we obtain that the truncation error T} is given by

(A;)2 <af(tk,$k) + af(tka$k)f(tka$k))7 (4.22)

(At)? d3x
T (At) = —
k( ) 6 di3 (T)a
for some T € [tg, tr41] and so, (4.22)) is of second order. O

Higher order Taylor methods are obtained by including further terms in the expansion .
Whereas higher order Taylor methods are easy to motivate, they are rarely used in practice. There
are two principal difficulties:

(i) Owing to their dependence upon the partial derivatives of f, f needs to be smooth;
(ii) Efficient evaluation of the terms in the Taylor approximation and avoidance of round off
errors are significant concerns.

4.2.3.2. Integral equation method. In order to design high-order numerical schemes that avoid
the complications inherent in a direct Taylor expansion, we replace the differential equation by
an equivalent integral equation. The solution z(t) of coincides with the solution to the
integral equation

z(t) = zo +/0 f(s,z(s))ds, t€]0,T). (4.23)

Starting at the discretization point ¢j instead of 0, and integrating until time ¢t = 541 gives an
expression

2(tesn) = a(te) + / s, 2(s)) ds, (4.24)

ty
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that implicitly computes the value of the solution at the subsequent discretization point. Compar-
ing formula (4.24]) with the explicit Euler method

R = 2P 4 (AL f(tg, 2),

where At is defined by (4.2)) and assuming for the moment that z* = z(#;) is exact, we see that
we are merely approximating the integral by

/ (s, (s)) ds ~ (A0 f (b 2(t), (4.25)

tr
which is the left endpoint rule for numerical integration—that approximates the integral of
f(t,xz(t)) between tr < t < txy1 by the area of the rectangle whose height f(tx,x(f)) is pre-
scribed by the left endpoint of the curve t — f(t,2(t)). Approximation is not an especially
accurate method of numerical integration. Better methods include the Trapezoid rule, which
approximates the integral of the function f(¢,z(t)) between ¢, <t < txy1 by the area of the trape-
zoid obtained by connecting the points f(tx,z(tx)) and f(tx+1,x(tk+1)) of the curve t — f(t, z(t))
by a straight line.
We recall the following basic numerical integration formulas for continuous functions.

(i) Trapezoidal rule:
th+1 At
/ g(s)ds = — (g(tk+1) + g(tk)>§ (4.26)
ty

(ii) Simpson’s rule:
bt At th+t
| aterds = 5 (ot + 40 o)) (1.27)
tr

(iii) The Trapezoidal rule is exact for polynomials of order one, while the Simpson’s rule is
exact for polynomials of second order.

Replacing ([4.25) by the more accurate Trapezoidal approximation

tet1 (At)
[ ratenas ~ G2 anatt) + fnnatiun)|. (1.25)
tr
and substituting (4.28)) into the integral equation (4.24)) leads to the Trapezoidal scheme
At
=gk 4 %) [f(tk, z®) + f(tkﬂ,x’““)} . (4.29)

The Trapezoidal scheme is an implicit numerical method, since the updated value 2! appears
on both sides of the equation, and hence is only defined implicitly. Only for very simple functions
f(t,x) can one expect to solve (4.29) explicitly for zF*+1 given ¢, 2", and tp ;.
PROPOSITION 4.11. Suppose that f € C% and
A)C
% <1, (4.30)
where Cy is the Lipschitz constant for f in x defined by . Then the Trapezoidal scheme

is convergent and is of second order.

PROOF. Let
O(t,z, At) := % flt, )+ f(t+ At,x + (A)D(t, z, At))|.

The scheme (4.29) is clearly consistent. In order to show that it converges, according to Theorem
[4.4] we must establish the stability condition (4.5). We have

At
|®(t, 2, At) — ®(t,y, At)| < Cplz —y| + 7Cf]<1>(t,as, At) — O(t,y, At)|.
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Hence
(1- %) |D(t, @, At) — D(t,y, At)| < Cslz — ],

and therefore, (4.5) holds with

Cy

(AHC;
1— =

provided that At satisfies (4.30). Now we prove that (4.29) is of second order.
By the mean-value theorem,

Cop =

nan = T IO g 00) 4 e a(t00)
1 ,d3x
= *E(At) @(7)’

for some 7 € [ty,t)41], and therefore (4.29) is of second order, provided that f € C? (and conse-
quently z € C3). O

An alternative is to replace in (4.29) z**! by z* + (At)f (¢, #*). This yields the improved
Euler scheme

o = ot COL g ah) 4 0+ (A0 X)), (431)

PROPOSITION 4.12. The numerical scheme is convergent and is of second order.

The improved Euler scheme performs comparably to the Trapezoidal scheme (4.29), and
significantly better than the Euler scheme (4.17). The improved Euler scheme is the simplest
of a large family of so-called predictor-corrector algorithms. In general, one begins by using
a relatively crude method—in this case the explicit Euler method—to predict a first approximation
"1 to the desired solution value z(tx11). One then employs a more sophisticated, typically
implicit, method to correct the original prediction, by replacing the required update ¥+ on the
right-hand side of the implicit scheme by a less accurate prediction z**!. The resulting explicit,
corrected value z**! will be an improved approximation of the true solution, provided the method
has been designed with due care.

We can design a range of numerical solution schemes by implementing alternative numerical
approximations to the integral equation . For example, the midpoint rule approximates
the integral of f(t,xz(t)) between t; < t < tj41 by the area of the rectangle whose height is the
value of f at the midpoint ¢t = t;, + (At)/2

/ U ps,a(s) ds & (At + S (e + 20)). (4.32)

" 2 2
The midpoint rule has the same order of accuracy as the trapezoid rule. Substituting (4.32) into
(4.24) leads to the midpoint scheme
At At
=t (A0 f (b + 2t S (b 2h), (4.33)
where we have approximated z(t + 4t) by % + &t f(ty, 2").
A comparison between the terms in the Taylor expansion (4.19) of x(tx+1) and (4.33) reveals
that the midpoint scheme is also of second order.
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4.3. Example of linear systems

Let A € My(C) be independent of t. Consider the following linear system of ODEs:
d
d—j = Az(t), te0,+o0],
Z(O) =9 € R4,
By Lemma there exists C' € GLq(C) such that
C~'AC =D+ N,

where D is diagonal, N is nilpotent, and ND = DN. Let A;,j = 1,...,J be the (distinct)
eigenvalues of A. Let m; be the multiplicity of \; and denote by E; = ker(A — X\;I)™ the
characteristic subspace associated with \;. We have ©E; = ce.

The system is said to be stable if there exists a positive constant Cy such that

|z(t)| < Colzo| for all ¢ € [0, +o0]. (4.35)

LEMMA 4.13. The system is stable if and only if RA; <0 or RX; = 0 and N|g, =0 for
j=1,...,J.

PROOF. Let Z(t) = Cx(t) and Ty = Czy. By Lemma 3.5

(4.34)

T(t) = PNy, t €0, 400]. (4.36)
Since DN = ND, (4.36) yields
d—1 i
T(t) = (; (tiil))et%o, t €10, +o0[. (4.37)

If Zo belongs to the vector eigenspace associated with the eigenvalue A;, then

d—1

~0N Ut (tN)'\ -

T(t)=e (; A )Zo, t€[0,+00]. (4.38)
Therefore, z(t) satisfies (4.35) for some positive constant Cy if and only if RA\; < 0 or ®A; = 0 and
N|g, = 0. O

A one-step numerical scheme for solving (4.34)) is said to be stable if there exists a positive
constant Cy such that
2P < Cpla®|  for all k € N. (4.39)
Consider the following schemes for solving (3.1)):

(i) Explicit Euler’s scheme

2P = 2k 4 (AL) Ak (4.40)
(ii) Implicit Euler’s scheme
R = 2P 1 (At) Azk L (4.41)
(ili) Trapezoidal scheme:
At
oF =gk ¢ (89 5 ) {Awk + Axk"'l} ) (4.42)

where k € N, and 2° = z.

PROPOSITION 4.14. Suppose that ®A; < 0 for all j. The following results hold:

(i) The explicit Euler scheme is stable for At small enough;
(ii) The implicit Euler scheme is unconditionally stable;
(iii) The Trapezoidal scheme 1s unconditionally stable.
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Proor. Consider the explicit Euler scheme (4.40). By a change of basis, we have
THH = (I + At(D + N))*a°,
where 2% = CzF. If 2° € E;, then
min{k,d}
= > CL+ A AN,
1=0
where C! is the binomial coefficient.

If |1 + (At)A;| < 1, then Z* is bounded. If |1 + (At)A;| > 1, then one can find 7° such that
|Z%| — +o0 (exponentially) as k — +oc. If [L + (At)A;| = 1 and N # 0, then for all 2° such that
Nz° #£ 0, N22° = 0, it can be seen that

T8 = (14 (AH)N)*3 + (1 + (AN ) kALNT®
goes to infinity as k — +oc.

The stability condition |1 4 (At));| < 1 is equivalent to

RN,
At < =22
A2
and therefore holds for At small enough.
For the implicit Euler scheme (4.40), we have
T = (I — At(D + N))~*z°.

Note that all the eigenvalues of the matrix (I — At(D+ N))~! are of modulus strictly smaller than
1. Therefore, the implicit Euler scheme (4.40) is unconditionally stable.
For the Trapezoidal scheme, we have

~ At At —~
FEl = (I- —( 5 )(D+ N)) k([+ ( )(D+ N))kxo.
Therefore, the stability condition is
(At) (A?)

which holds for all At > 0 since A; < 0.
O

Note that while the explicit and implicit Euler schemes are of order one, the Trapezoidal
scheme is of order two.

REMARK 4.15. If R\; = 0 for some j, then the explicit Euler scheme may be unstable for any

At > 0. Consider the second order linear equation
d’*z
@"‘.’EZO, t€[0,+oo[,

d
z(0) = zo, %(0) =), xo,x) € R

(4.43)

We first reduce to the first order linear equation

dX

— =AX, te]|0,+o0],

dt (0, ool (4.44)
X(0) = (zo,xg)T e R,

0
where X = (z,dz/dt)T and A = Lo ) The eigenvalues of A are +i. Consequently, the

explicit Euler scheme is unstable since |1 + Ati| > 1 for any At > 0. However, the implicit Euler
scheme is stable since |1 4+ Ati]™! < 1.
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4.4. Runge-Kutta methods

The Runge-Kutta methods are by far the most popular and powerful general-purpose nu-
merical methods for integrating ordinary differential equations.

The idea behind the Runge-Kutta methods is to evaluate f at carefully chosen values of its
arguments, ¢ and x, in order to create an approximation that is as accurate as a higher-order Taylor
expansion of z(t+ At) without evaluating derivatives of f. Runge-Kutta schemes are time-stepping
schemes that can be derived by matching multivariable Taylor series expansions of f(¢,x)
with the Taylor series expansion of x(t + At). To find the right values of ¢ and z at which to
evaluate f, we need to take a Taylor expansion of f evaluated at these (unknown) values, and then
match the resulting numerical scheme to a Taylor series expansion of x(t + At) around ¢. Towards
this, we state a generalization of Taylor’s theorem to functions of two variables.

THEOREM 4.16. Let f(t,x) € C"t1([0,T] xR). Let (tg,zo) € [0,T] xR. There exist ty < 7 < t,
xo < & < x, such that

f(t,x) = P,(t,z) + R, (t, x),
where P, (t, ) is the nth Taylor polynomial of f around (to,xo),

Paltia) = Staan) + (¢~ )5 100 + (2 = 20) 5 (100

t—t)? 0? 0? T —10)? 02
+| S o) + (6= e = a0) o)+ EE R T )
1 = . oS
St |:n!jz_:ocj (t —to) j(z—fo)]M(to7Io)]7
and R, (t,z) is the remainder term associated with P, (t,x),
1 n+1 ) an+1f

R,(t,x) =

C Yt — to)" 1 (& — )’
(n+ 1)l (t = t0)"" (@ = 20)

B0z )

We now illustrate the proposed approach in order to obtain a second-order accurate method,

that is, its local truncation error is O((At)?). This involves matching
(At)? [8 f of
2 Lot ox

z+ ALf(t,z) + (t,z) + 2= (t,2) f(t,2)] +

to

T+ (At)f(t + a1, T + ﬂl)v
where 7 € [t,t + At] and «; and S; are to be found. After simplifying by removing terms that
already match, we see that we only need to match

1t)+ 21 0 + e, + G L0

with f(t+ a1,z + (1) at least up to terms of the order of O(At), so that the local truncation error
will be O((At)?). Applying the multivariable version of Taylor’s theorem to f, we obtain

of of af 0%f o*f pt 0% f

f+an,z+p5) = f(tx)+ala(t’$)+51%(t’$)+7ﬁ(ﬂ §)+aif om (T, 5)‘5‘7@(77 &),
where t <7 <t+ oy and x < £ < x + (1. Hence comparing terms yields
A A
ap = 775 and [ = {f(tan)-

The resulting numerical scheme is therefore the explicit midpoint method (4.33]), which is the
simplest example of a Runge-Kutta method of second order. The improved Euler method
(4.31)) is also another often-used Runge-Kutta method.
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The most general Runge-Kutta method takes the form
2T =gk £ ALY i f(tik k), (4.45)
i=1

where m stands for the number of terms in the method. Each t; 5 denotes a point in [tk, tgx41].
The second argument z; , =~ x(¢; ;) can be viewed as an approximation to the solution at the point
t;.k, and so is computed by a similar but simpler formula of the same type. To construct an nth
order Runge-Kutta method, we need to take at least m > n terms in (4.45).

The best-known Runge-Kutta method is the fourth-order Runge-Kutta method, which
uses four evaluations of f during each step. The method proceeds as follows:

k1 = f(tg,x"),

Ko = f(te + &L, 2% + Stky),

K3 1= f(tk‘*‘%’xk—"%nz)’ (4.46)
kg = f(tryr, 2" + K3),

SR gk %(,ﬂ + 2k + 2K3 + Ka).

In (4.46)), the values of f at the midpoint in time are given four times as much weight as values at
the endpoints ¢ and t41, which is similar to Simpson’s rule (4.27)) from numerical integration.

4.4.1. Construction of Runge-Kutta methods. In this subsection we first construct
Runge-Kutta methods by generalizing collocation methods. Then we discuss their consistency,
stability, and order.

4.4.1.1. Collocation methods. Let P,, denote the space of real polynomials of degree < m.
Given a set of m distinct quadrature points ¢; < ¢ < ... < ¢, in R, and corresponding data
q1,---,gm, there exists a unique polynomial, called the interpolating polynomial, P(t) € P,,_1
satisfying P(¢;) = gi,i =1,...,m.

Define the ith Lagrange interpolating polynomial [;(¢), i = 1,...,m, for the set of quad-
rature points {c;} by

t—c;
Li(t) = —,
i) . H ¢ —¢j
Jj#i,j=1
The set of Lagrange interpolating polynomials form a basis of P,,,_; and the interpolating polyno-
mial P corresponding to the data {g;} is given by

P(t) = gils(t). (4.47)
=1

Consider first a smooth function g on [0, 1]. We can approximate the integral of g on [0, 1] by
exactly integrating the Lagrange interpolating polynomial of order m — 1 based on m quadrature
points 0 < ¢; < ¢c3 < ... < ¢ < 1. The data are the values of g at the quadrature points

9i =g(ci), 1=1,...,m.
Define the weights

The quadrature formula is
1 1 m
/ g(s)ds=~ | P(s)ds= Z big(ci),
0 0 o

where P is defined by (4.47)).
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Now let f be a smooth function on [0,7] and let ¢, = kAt for k= 0,..., K = T/(At), be the
discretization points in [0,7]. The integral |, tt:“ f(s)ds can be approximated by

tht1 1 m
/ f(s)ds = (At) / flty + Atr) dr = (At) Z bif(tr + (At)e;). (4.49)
tr 0 =1
Next let  be a polynomial of degree m satisfying
x(0) = xo,
dx (4.50)
E(ClAt) = F’h

where F; e R,i=1,...,m.
From the Lagrange interpolation formula (4.47)), it follows that for ¢ in the first time-step
interval [0, At],

dz - t
— ()= Fili(-—). 4.51
)= D Fl(xy) (451)
Integrating (4.51) over the intervals [0, ¢; At] gives
z(c;At) = zo + (At) ZFj / Li(s)ds = zo + (At) Z ai;Fj, i=1,...,m, (4.52)
j=1 70 j=1
where .
A4 I:/ lj(S) ds. (453)
0
Integrating (4.51)) over [0, At] yields
m 1 m
2(At) =z + (At) Y F, / li(s)ds = zo + (At) > biF, (4.54)
i=1 0 i=1

where b; is defined by (4.48).
Writing dz/dt = f(x(t)), we obtain from (4.52)) and (4.54]) on the first time step interval [0, At]

Fi = f(zo + (At)zaiij)v i=1,...,m,
=1

. (4.55)
2(At) = z0 + (AL) Y b F.
i=1
Similarly, we have on [tg, tg+1]
Fi7k = f(a:(tk) + (At)zaiij,k)> t=1,...,m,
= (4.56)

z(tet1) = z(tk) + (At) Z bi F k-

In the collocation method (4.56)), one first solves the coupled nonlinear system to obtain Fj j,
i=1,...,m, and then computes x(tx4+1) from x(ty).

REMARK 4.17. Since

=3 dT, te =1 m,
i=1

we have
m

1
Db =1 I=1...m,

i=1
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and

4.4.2. Runge-Kutta methods as generalized collocation methods. In , the co-
efficients b; and a;; are defined by certain integrals of the Lagrange interpolating polynomials
associated with a chosen set of quadrature nodes ¢;, i1 =1,...,m.

A natural generalization of collocation methods is obtained by allowing the coefficients ¢;, b;,
and a;; to take arbitrary values, not necessary related to quadrature formulas. In fact, we no
longer assume the ¢; to be distinct. However, we should assume that

=Y ay, i=1,...,m. (4.57)
j=1
The result is the class of Runge-Kutta methods for solving (4.1)), which can be written as

Fik = f(tig, 2" + (A) D aijFjx),

o (4.58)
iL’k+1 = Cﬂk + (At) Z biFi,k>
i=1
where t; , = t;, + ¢;At, or equivalently,
zi ) = 2" + (At) Zaijf(tj,kaxj,k)a
= (4.59)
oFtl = gk + (At) Z bif(ti,k7 xi,k).
i=1
Let
Kj = f(t +c;At, ), (4.60)
and define the function ® by
v =+ (A1) aikj,
=t (4.61)

O(t,w, At) =D bif(t+ ciAt, a;).
=1

One can see that the scheme is a one step method. Moreover, if a;; = 0 for j > 7, then
is explicit.

It is also easy to see that with definition , explicit Euler’s method and Trapezoidal scheme
are Runge-Kutta methods. For example, explicit Euler’s method can be put into the form
with m = 1,b; = 1,a11 = 0. The Trapezoidal scheme hasm =2,by = by =1/2,a;; =
a2 = 0,a21 = ase = 1/2. Finally, for the fourth-order Runge-Kutta method (4.46), we have
m = 4,61 = O,CQ = C3 = 1/2,64 = l,bl = 1/6,b2 = b3 = 1/3,b4 = 1/3,@21 = a3y = 1/2,0,43 = 1,
and all the other a;; entries are zero.

4.4.3. Consistency, stability, convergence, and order of Runge-Kutta methods.
From (4.61)), the Runge-Kutta scheme is consistent if and only if

> bi=1. (4.62)
j=1
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Let |A] be the matrix defined by ([a;;|){"—;. Let the spectral radius p(|A|) of the matrix [A|
be defined by
p(|A]) := max{|A;|, \; is an eigenvalue of |A[}. (4.63)
The following stability result holds.
THEOREM 4.18. Let Cy be the Lipschitz constant for f. Suppose that
(At)Crp(JA]) < 1. (4.64)
Then the Runge-Kutta method for solving is stable.
PROOF. Let ® be defined by (4.61). We have

O(t,x, At) — D(t,y, At) = i b; [f(t + At x;) — f(E+ At y)|, (4.65)
i=1
where .
x; = x + (At) Z a;; f(t+ ¢ At, x;), (4.66)
and ]ml
i =y+ (A ai; f(t+ c;At,y;). (4.67)
j=1
Subtracting from yields ]
;i —yi =z —y+ (At) i a;j [f(t +cjAt,x;) — f(t+cjAty;) |- (4.68)
j=1
Therefore, for i = 1,...,m,
e il < o=yl + (ADCy Y gl - 1, (169
j=1

where C'y is the Lipschitz constant for f. Let the vectors X and Y be defined by

lz1 — vl |z —yl
X = : and Y = :
[T — Yml |z — y
From , it follows that
X <Y + (A)Cy|A|X, (4.70)
and therefore,
X < (I—(A0C AN, (4.71)

provided that condition (4.64) holds. Finally, combining (4.65) and (4.71) yields the stability of
the Runge-Kutta scheme (4.59)). O

By the Dahlquist-Lax equivalence theorem (Theorem , it follows that the Runge-Kutta
scheme (4.59) is convergent provided that (4.62) and (4.64) hold.

In order to establish the order of the Runge-Kutta scheme (4.59)), we compute the order as
At — 0 of the truncation error
T(tey1) — 2(tg)

Ti(At) = N

- q)(tk, x(tk), At),
where ® is defined by (4.61). We write

t _ t m m
Tr(At) = %}M = bif(tk + et w(ty) + ALY agkg).
i=1 j=1
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Suppose that f is smooth enough. We have

et o) +AS ayng) = flte, ot ))+At[cfgf . Zam ! (tr, 2(t0)) | +O((20)%).

Suppose that (4.57)) holds. Then, from
Zaijﬁj = Zaz] tkv ) - Cif(tk:ax(tk:)) + O(At)?
j=1

it follows that
of

Flticbe D0+ D ) = a2 0))+ 80| T o000+ 0000 s (0) | +O((A17).

Jj=1

Therefore, we obtain the following theorem.

THEOREM 4.19. Assume that f is smooth enough. Then the Runge-Kutta scheme for
solving is of order 2 provided that the conditions and

i 1
bici = = 4.72
Z;c 5 (4.72)

hold.
One can prove by higher-order Taylor expansions that the following results hold.

THEOREM 4.20. Assume that f is smooth enough. Then the Runge-Kutta scheme for
solving is of order 3 provided that the conditions (4.62 , and

Zb ¢ == ZZb a;jc; = (4.73)

=1 j=1

hold. It is of order 4 provided that (4.62), (4.74), (4.79), and

m 1 m m 1 m m 1 m m m 1
ZblC? = Z, ZZbiCiaijCj = g, ZZbiqaij ? = E, ZZZ() Ai;Q51CL = 4
i=1 i=1 j=1 1=1 j=1 i=1 j=1[=1

(4.74)

hold.

The Runge-Kutta scheme (4.46|) satisfies the four conditions (4.62), (4.72)), (4.73), and (4.74)).
Hence, (4.46)) is of order 4.

4.5. Multi-step methods

While Runge-Kutta methods present an improvement over Euler’s methods in terms of accu-
racy, this is achieved by investing additional computational effort. For example, the fourth-order
method involves four function evaluations per step. For comparison, by considering three
consecutive points t;_1,tx, tx+1, integrating the differential equation between t;_1 and t;y1, and
applying Simpson’s rule to approximate the resulting integral yields

o) = e+ [ flsa(s)ds
~ x(tg-1) + @ [f(tkhx(tkl)) +4f(tk, z(tr)) + f(tk+17x(tk+1)):|7

which leads to the method

gt =P L oy, 2T+ Af (e 2F) + f(tk+1a$k+l)} : (4.75)
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In contrast with the one-step methods considered in the previous sections where only a single
value of ¥ was required to compute the next approximation z*+1, in we need two preceding
values, z¥ and zF~! in order to calculate z**1, and therefore is a two-step method.

The general n-step method is of the form

D gt = (A1) Y B f (b, ), (4.76)
=0 =0

where the coefficients «; and j3; are real constants and o, # 0.
If B, = 0, then 2**™ is obtained explicitly from previous values of 27 and f (tj,x7), and the
n-step method is explicit. Otherwise, the n-step method is implicit.

EXAMPLE 4.21. (i) The two-step Adams-Bashforth method
At
gt = gty (T) [3f(tk+l»$k+1) — f(t, ﬂ?k)} (4.77)

is an example of an explicit two-step method;
(ii) The three-step Adams-Bashforth method
At
ok 3 = g2 4 % [23f(tk+2,xk+2) — 16 (ths1, 251 + f(t, xk)} (4.78)
is an example of an explicit three-step method;
(iii) The four-step Adams-Bashforth method
At
gt = ks % [55f(tk+3’ a3y — 59 f (b2, F2) + 3T f (tar, 2™HY) = 9f (t, a?k)} (4.79)
s an example of an explicit four-step method;
(iv) The two-step Adams-Moulton method

e A (fi;) {5f(tk+27 2 F2) 4 8 f (b, ™) + f(tn, xk)] (4.80)

is an example of an implicit two-step method;
(v) The three-step Adams-Moulton method

a3 = gk +2 4 % |:9f(tk+3v 2"3) 4 19f (tes2, 22) — 5F (toyr, 2T1) — 9F (t4, »Tk)] (4.81)

is an example of an implicit three-step method.

The construction of general classes of linear multi-step methods is discussed in the next sub-
section.

4.5.1. Construction of linear multi-step methods. Suppose that 2, k € N, is a sequence
of real numbers. We introduce the shift operator F, the forward difference operator A and
the backward difference operator A_ by

E: zF — gkt A+:xk»—>xk+1—xk, A_ gl b — R

Since Ay = E— T and A_ =1 — E~!, it follows that, for any n € N,

(B - 1" =S (-1icpEn,
=0

and
n

(I-EN"=> (-1)y/C}E.
j=0
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Therefore,

Ai k_ Z(*l)jcyl’k+n7j
7=0

and
n

Ak =Y (=1)/Cpati.
3=0
Now let y(t) € C°(R) and let t;, = kAt, At > 0. By applying the Taylor series we find that,
for any s € N,
400

s . . 1 0 l . S(At)i
Bratt) = ufts + 580 = (3 6845w () = ()0,
and hence
ES = es(At)%.
Thus, formally,
0 1, 1.,
(At)&:lnE:—ln(I—A_):A_+§A_+§A_+... (4.82)
Therefore, if 2(¢) is the solution of (4.1), then by using (4.82)) we find that

(80 tnot0)) = (B + 307 + 1A%+ )alon). (1.83)

The successive truncation of the infinite series on the right-hand side of (4.83)) yields
a® —ah = (A f(ty, o),

3 1
o =20t St = (AN f (1, 2Y), (4.84)

11 3 1

— k= 3P 4 Skt kTS = (A f(t, 2F),

6 2 3

and so on. This gives rise to a class of implicit multi-step methods called backward differenti-

ation formulas.

Similarly,
E‘l((At)g) = (At)gE‘l =—(I-A)In(I-A_)
o’ ot B - -
and hence,
((At)%) =—EI-A_)In(I-A_)=—-(T-A_)In(I -A_)E. (4.85)
Therefore, if z(t) is the solution of (1)), then we find that
1 1
(At) f(tr, x(tx)) = (A_ - §A2_ - EAg_ +.. .)x(tk+1). (4.86)

The successive truncation of the infinite series on the right-hand side of (4.86)) yields the following
explicit numerical schemes:

2FH 2k = (AL f(tg, 2"),

lxk-‘rl _ lxk—l _ (At)f(tk7l’k),

: ; ! (4.87)
A R L L gxk_2 = (A1) f(tr, "),

3 2

The first of these numerical scheme is the explicit Euler method, while the second is the explicit
mid-point method.
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In order to construct further classes of multi-step methods, we define, for y € C*°,

D y(ti) = ylto) + / "y(s) ds,

to
and observe that
L tht1
(E-DD () = [ yle)ds.

tk

Now, from
(E-DI)D"'=A,D'=EA_D' = (At)EA_((At)D)™!,

it follows that

(E—I)D' = —(A)EA_(In(I —A_)) " (4.88)
Furthermore,
(E—)D"'=EA_ D '=A_ED'=A_(DE')"' = (A)A_((A)DE™1) .
Thus,
(E-1)D™!' = —(At)A_ ((I — A )In(I - A_)> _1. (4.89)
By using and (£89), we deduce from
lin) =l = [ w6 ds = (B~ DD F (0 a(0r)
that k
S D2l = { ~(ADA_((I — A_)In(I —1A))1f(tk, z(ty,)) (1.90)
~(ANEA_(In(I — AL)) ' f(tr a(ty),

where z(t) is the solution of (4.1)).
On expanding In(I — A_) into a Taylor series on the right-hand side of (4.90) we find that

z(trg1) — z(tr) = (A) [I + %A, + %A% + gAi +.. lf(tk,x(tk)), (4.91)
and
1 1., 1 .
T(tptr) — a(tr) = (At) {I - §Af - EA, - ﬂAf +.. ~:|f(tk+17$(tk+1))' (4.92)

The successive truncation of (4.91)) yields the family (4.79)) of (explicit) Adams-Bashforth methods,
while similar successive truncation of (4.92)) gives rise to the family (4.81)) of (implicit) Adams-
Moulton methods.

4.5.2. Consistency, stability, and convergence. In this subsection, we introduce the con-
cepts of consistency, stability, and convergence for analyzing linear multi-step methods.

DEFINITION 4.22 (Consistency). The n-step method is consistent with if the
truncation error defined by

0o [t s) — (A6)B; % (ty ;)]
(At) 370 B

is such that for any € > 0 there exists hy for which

|Tk|§6 f0T0<At§h0

Ty =

and any (n+ 1) points ((tj,x(t;)), ..., (tjtn, T(tj4n))) on any solution x(t).
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DEFINITION 4.23 (Stability). The n-step method is stable if there exists a constant C
such that, for any two sequences (z¥) and (T*) which have been generated by the same formulas
but different initial data 2°, 2", ... 21 and 2°,Z", ..., Z"" 1, respectively, we have

|% — 7% < Cmax{|2z® — 3%, |2 = &,..., |2~ =21} (4.93)
as At — 0.

THEOREM 4.24 (Convergence). Suppose that the n-step method is consistent with .
The stability condition is necessary and sufficient for the convergence. Moreover, if x € CP*!
and the truncation error O((At)P), the the global error ey = x(ty) — ¥ is also O((At)P).

4.6. Stiff equations and systems

Let € > 0 be a small parameter. Consider the initial value problem

dz(t) 1
5 =, te.T), (4.94)
z(0) =1,

which has an exponential solution z(t) = e~/¢. The explicit Euler method with step size At relies
on the iterative scheme

At
= (1 =)k, 20 =1, (4.95)
€
with solution A
zF = (1 - =)k,
€
Since € > 0 the exact solution is exponentially decaying and positive. But now, if 1 — &t < —1,

then the iterates grow exponentially fast in magnitude, with alternating signs. In this case,
the numerical solution is nowhere close to the true solution. If —1 < 1 — % < 0, then the
numerical solution decays in magnitude, but continue to alternate between positive and negative
values. Thus, to correctly model the qualitative features of the solution and obtain a numerically
accurate solution, we need to choose the step size At so as to ensure that 1 — % > 0, and hence
At < e

Equation is the simplest example of what is known as a stiff differential equation.
In general, an equation or system is stiff if it has one or more very rapidly decaying solutions. In
the case of the autonomous constant coefficient linear system , stiffness occurs whenever the
coefficient matrix A has an eigenvalues \;, with large negative real part: ¥\;, < 0, resulting in a
very rapidly decaying eigensolution. It only takes one such eigensolution to render the equation stiff,
and ruin the numerical computation of even well behaved solutions. Even though the component of
the actual solution corresponding to Aj, is almost irrelevant, as it becomes almost instantaneously
tiny, its presence continues to render the numerical solution to the system very difficult. Stiff
equations require more sophisticated numerical schemes to integrate.

Most of the numerical methods derived above also suffer from instability due to stiffness of
for sufficiently small positive €. Interestingly, stability of suffices to characterize
acceptable step sizes At, depending on the size of —1/¢, which, in the case of linear systems, is the
eigenvalue. Applying the Trapezoidal scheme (4.29) to leads to

At
Jfk+1 _ l‘k _ 27( k 4 $k+1), JTO _ 1’ (496)
€
which we solve for At
E+1 _ * 7 32k 0 _
T = —=2% x =1. 4.97
14 5t (4.97)
Thus, the behavior of the numerical solution is entirely determined by the size of the coefficient
_ At
Y= 2e

At °
1+ 5
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Since |p| < 1 for all € > 0, the Trapezoidal scheme (4.96]) is not affected by stiffness.
In the system of equations (|1.5]), the parameter satisfies 0 < a < 1. This makes (1.5 a stiff
system of ODEs.

4.7. Perturbation theories for differential equations

4.7.1. Regular perturbation theory. Let ¢ > 0 be a small parameter and consider the

differential equation
dx

dt
z(0) =z, xp€R.
If we suppose that f € C!, then (4.98)) is a regular perturbation problem. The solution z(t, €)
is in C! and has the following Taylor expansion:
w(t,€) = O (t) + exM(t) + o(e) (4.99)

with respect to € in a neighborhood of 0.
Clearly, the unperturbed term () is given as the solution of the unperturbed equation
dz(®
dt
zO00) =z, z0€R,

= f(t,z,€), tel0,T], (4.98)

= fot, =), telo,T], (4.100)

where fo(t,z) := f(t,x,0). Moreover, the first-order correction term z(!), which is the derivative

of x(t, ¢) with respect to € at 0,
ox

W) = =(¢
2() = 22(¢,0),
solves the equation
dz®  9f of
= 2Lt (0) 1 . ZJ t (0) t T
dt 8.’15( 7‘7; ,0):17 + 86( "T 70)’ G [05 ]) (4101)

2V (0) = 0.

The initial condition 2(")(0) = 0 follows from the fact that the initial condition xo does not depend
on €.
The numerical methods described in Section [4.4] can be used to efficiently compute the unper-

turbed solution z(® and the first-order correction z(%).

REMARK 4.25. Consider the equation

d
& —ex+1, te€]0,+o0,

dt (4.102)
z(0) = 0.
The solution can be easily found
—et 1
(t,€) = % (4.103)
If we apply the perturbation theory to , then by solving (4.100) and (4.101) with
ft,z,e) = —ex + 1,
we find
£2
O =—t and V()= 5
which gives
12
xz(t,e) = —t+ €5 + o(e). (4.104)

The approzimation (4.104]) of course coincides with the Taylor expansion of the exact solution given
by . However, note that the approzimation is valid only for fixred t = O(1) and diverges to
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+00 as t increases while the exact solution converges to —1/e. The limits € — 0 and t — 400 do
not commute. Expansion (4.104) is not uniformly valid in time.

4.7.2. Singular perturbation theory. In this subsection we consider a system of ordinary
differential equations (together with appropriate boundary conditions) in which the highest deriv-
ative is multiplied by a small, positive parameter €. In what follows we give the general (nonlinear)
form of the system: ,

d°x dx
edtg - f(t7x7 dt)?
2(0) =xo, x(T)=z1.
The problem above is called a singular perturbation problem, and is characterized by the fact
that its order reduces when the problem parameter € equals zero. In such a situation, the problem
becomes singular since, in general, not all of the original boundary conditions can be satisfied by
the reduced problem. Singular perturbed problems form a particular class of stiff problems.

Consider the following linear, scalar and of second-order ODE which is subject to Dirichlet

boundary conditions:

tel0.T), (4.105)

d*x dx
— +2— = t 1
caz Tl te=0 teldl (4.106)
z(0)=0, z(1)=
Let
1—+v1-—
a(e) = STV and Ble) :=14++v1—e.
€
The solution of equation (4.106)) is given by
e—at _ efﬁt/e
z(t,€) = te0,1]. (4.107)

e=a —e=B/¢’
The solution z(t, €) involves two terms which vary on widely different length-scales. Let us consider

the behavior of z(t,€) as ¢ — 0*. The asymptotic behavior is nonuniform, and there are two cases,
which lead to matching outer and inner solutions.

(i) Outer limit: ¢ > 0 fixed and ¢ — 0. Then z(t,¢) — (%) (¢), where
2O (t) := e171/2, (4.108)

This leading-order outer solution satisfies the boundary condition at ¢ = 1 but not the
boundary condition at ¢t = 0. Indeed, z(9(0) = /2.

(ii) Inner limit: ¢/e = 7 fixed and and € — 0. Then z(e7,¢) — X©(7) := }/2(1 — e727).
This leading-order inner solution satisfies the boundary condition at ¢ = 0 but not the
one at t = 1, which corresponds to 7 = 1/e. Indeed, lim,_, ;o X (1) = ¢!/,

(ili) Matching: Both the inner and outer expansions are valid in the region ¢ < t < 1,
corresponding to t — 0 and 7 — 400 as € — 0. They satisfy the matching condition

lim () = lim X© (7). 4.1
t—1>I(I)l+x (t) T—%I—Ol—loo (T) ( 09)

Let us now construct an asymptotic solution of (4.106) without relying on the fact that we
can solve it exactly.
We begin with the outer solution. We look for a straightforward expansion

z(t,e) = 2 O(t) + eV (t) + O(e?). (4.110)
We use this expansion in (4.106) and equate the coefficients of the leading-order terms to zero.
Guided by our analysis of the exact solution, we only impose the boundary condition at ¢ = 1. We

will see later that matching is impossible if, instead, we attempt to impose the boundary condition

at t = 0. We obtain that ©)
dzx
22— 0 =0, telo,1
pra ; [0, 1],

z0(1) = 1.

(4.111)
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The solution of (4.111)) is given by (4.108)), in agreement with the expansion of the exact solution
x(t, €).

Next we consider the inner solution. We suppose that there is a boundary layer at t = 0
of width d§(e), and introduce a stretched variable 7 = t/§. We look for an inner solution
X(1,€) = z(t,€). Since

4 _1d
dt — ddr’
we find from (4.106) that X satisfies
e d’X 2dX
“fo 2 L x=o.
2z sar T

There are two possible dominant balances in this equation:

(i) 6 =1, leading to the outer solution;

(ii) d = ¢, leading to the inner solution.
Thus we conclude that the boundary layer thickness is of the order of €, and the appropriate inner
variable is 7 = t/e. The equation for X is then

2 X dX

T 08 L x =
dr2 + dr te 0,
X(0,¢) = 0.

We impose only the boundary condition at 7 = 0, since we do not expect the inner expansion to
be valid outside the boundary layer where t = O(e).
We seek an inner expansion

X(r,6) = XO(7) + XD (1) + O(?)

and find that
d2x(0) dx (0

=0
T ar ’ (4.112)
X©0) =o.
The general solution of (4.112) is
XO(1) =¢(1 —e7?), (4.113)

where c is an arbitrary constant of integration.
We can determine the unknown constant ¢ in (4.113]) by requiring that the inner solution
(4.113]) matches with the outer solution (4.108)). Here the matching condition is simply
lim z0@) = lim X©(7),
t—0t+ T—+00
which implies that ¢ = /2,
In summary, the asymptotic solution as ¢ — 07 is given by
e/?(1—e ") as e— 0" with t/e fixed,
x(t,€) =

e=1/2 45 ¢ — 0T with ¢ fixed.



CHAPTER 5

Geometrical numerical integration methods for differential
equation

5.1. Introduction

Geometric integration is the numerical integration of a differential equation, while preserving
one or more of its geometric properties exactly, i.e., to within round-off error. Many of these
geometric properties are of crucial importance in physical applications: preservation of energy,
momentum, volume, symmetries, time-reversal symmetry, dissipation, and symplectic structure
being examples. The aim of this chapter is to present geometric numerical integration methods for
ordinary differential equations. We concentrate mainly on Hamiltonian systems and on methods
that preserve their symplectic structure, invariants, symmetries, or volume.

5.2. Structure preserving methods for Hamiltonian systems

The numerical methods discussed in Chapter [4] are designed for general differential equations,
and a distinction was drawn only between stiff and nonstiff problems. As shown in Chapter [I]
Hamiltonian systems are an important class of differential equations with a geometric structure
(their flow has the geometric property of being symplectic), whose preservation in the numerical
discretization leads to substantially better methods, especially when integrating over long times. In
general, most geometric properties are not preserved by the standard numerical methods presented
in Chapter [4

Some of the reasons we are motivated to preserve structure are

(i) it may yield methods that are faster, simpler, more stable, and/or more accurate for some
types of ODEs;

(ii) it may yield more robust and quantitatively better results than standard methods for the
long-time integration of Hamiltonian systems.

The standard problem in numerical ODEs discussed in the previous chapter is to compute the
solution to an initial value problem at a fixed time, to within a given global error, as efficiently as
possible. The class of method, its order and local error, and choice of time steps are all tailored to
this end. In contrast, a typical application of a geometric numerical method is to fix a (sometimes
moderately large) time step and compute solutions with perhaps many different initial conditions
over very long time intervals.

5.2.1. Symplectic methods. Consider the Hamiltonian system

dp OH

at = —67(1(29, Q),

dg 0H (5.1)
at = Tp(pv Q)>

p(0) = po,q(0) = qo,
where po, g0 € R?, and the Hamiltonian function H : R* x R — R? is a smooth function.

DEFINITION 5.1. Let J be defined by . A numerical one-step method (p**1, ¢"+1l) =
D (pF, q%) for solving 1s called symplectic if the numerical flow ®a; is a symplectic

55
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map:
IAt(pa q)TJ(I)/At(pv Q) = J7 (52)
for all (p,q) and all step sizes At.

THEOREM 5.2. The implicit Euler method for solving

. OH
pk+1 = pk - Atai(pk+17 qk)7
613 (5.3)
¢ = A (M),
p

is symplectic. Moreover, if the Hamiltonian function H(p,q) = T'(p) + V(q) is separable, then

is explicit.
PROOF. Let ®a; be the numerical flow associated with (5.3]). We have

k1 k+1
P g
¢/ pk‘,qk _ (
il ) ", ¢")
From
0’H 2
I+ Ao 0 I —AtGH
) o, (p*,q") = 2 | (5.4)
A" 0 I+At
op? dpdq
where the matrices %22’ , %qu , and %2}21 are evaluated at (pk+1,qk+1), one can easily verify by
computing @’At(pk, q*) from (5.4) that the symplecticity condition (5.2 holds. O
A variant of (5.3)) is
P = b a2 gy,
gff (5.5)
o= ¢+ Ata—p(p’“, ¢" ).

Analogously to (5.3]), the Euler method (5.5)) is symplectic and turns out to be explicit for separable
Hamiltonian functions.

THEOREM 5.3. The composition of two symplectic one-step methods for solving is also
symplectic.

PROOF. Let <I>(Al) and @gg be the numerical flows associated with two symplectic one-step
methods for solving 1] Let &y := (I)(AQt) o @Sg. We have

(D (2)) T TR (@) = (@R (@) (@) ()T T(@R)) (2*)(@K)) (x)
(@R (@) T (@R)) ()T T(@R)) (%) (@1)) (z)
= ((@W) (@) TI(@W) (&) = J,

where z* = <I>(Alz (). That is, the composition of symplectic one-step methods is again a symplectic
one-step method. O
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Define the leapfrog method (Verlet method and Strémer-Verlet method are also often-used
names) for solving the Hamiltonian system ([5.1]) by

E+1 k. gaH k+Li K
pTz=p 276(1(10 2,q%),
At (OH 1 oOH 1
=gt (ap (P*2,4%) + a—p(p’”% , q’““)), (5.6)
k+1 _  k+3 gaj k+i b+l
P =P (P""2,q").

THEOREM 5.4. The leapfrog method (@) for solving the Hamiltonian system 18 symplec-
tic.

PROOF. The leapfrog method (5.6) can be interpreted as the composition of the symplectric

Euler method
At OH

1 .
P = pk—78fq(p’“+27q")7
5.7
FtE o= ¢~ Haﬁ(pk% ") o7
2 Op T
and its adjoint
1 At OH 1
¢ttt = gt 767p( s, k+1)7
(5.8)
Pt o phrd AEOH s e
2 dq ’ '

The methods (5.7) and (5.8) are symplectic. Hence their composition (|5.6) is also symplectic. O

Let z = (p,q)". The Hamiltonian system of equations (5.1)) can be rewritten as a first-order
differential equation

dx
a1 (5.9)
z(0) = zo € R*?,
)T

where z¢g = (po, o) ' and

f : R* R
x> J'VH(x).

5.2.2. Preserving time-reversal symmetry and invariants.

5.2.2.1. Preserving time-reversal symmetry. The leapfrog method is symmetric with re-
spect to changing the direction of time: replacing At by —At and exchanging the superscripts k
and k + 1 results in the same method. In terms of the numerical one-step map ®a; : (p*, ¢%) —
(p**1, ¢**1), the symmetry property is stated as follows.

DEFINITION 5.5. The numerical one-step map ®ay is said to be symmetric if
Dpp =D}, (5.10)

Relation does not hold for the symplectic Euler methods and , where the time
reflection transforms (5.7) to and vice versa.

The time-symmetry of the leapfrog method implies an important geometric property of
the numerical map, namely reversibility.

Assume that

H(-p,q) = H(p,q). (5.11)
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Then the system ([5.1]) has the property that inverting the direction of the initial py does not change
the solution trajectory. The flow ¢; associated with (5.1]) satisfies

¢¢(po, q0) = (p,q) = de(—p,a) = (—po, Q0)- (5.12)
Relation (5.12)) shows that ¢; is reversible with respect to the reflection (p, q) — (—p, q).
DEFINITION 5.6. The numerical one-step map ®a: is said to be reversible if
(I)At(pa Q) = (ﬁa (j) = (I)At(ipv Q) = (7p7 q)a (513)
for all p,q and all At.

Since
(I)At(pa q) = (ﬁa (j) = (I)—At(_p7 q) = (_ﬁ7 d)? (514)
the symmetry (5.10]) of the leapfrog method (|5.6) is therefore equivalent to the reversibility (5.12)).

THEOREM 5.7. The leapfrog method (5.6) applied t with H satisfying is both
9.10

symmetric and reversible, i.e., its one-step map satisfies (5.10) and .
5.2.2.2. Preserving invariants.

DEFINITION 5.8. A numerical one-step method ®ay for solving @) is said to preserve the
invariant F if F(®a.(p,q)) = Constant for all p,q and all At. If F = H, then we say that the
scheme preserves energy.

THEOREM 5.9. The leapfrog method (@ applied to preserves linear invariants and
quadratic invariants of the form

F(p,q) =p' (Bq+Db). (5.15)
PROOF. Let the linear invariant be F(p,q) = b ¢+ ¢ p, so that
OH OH
b —— —cl == -0
o (p:q) —c 94 (p.q) =0,

for all p,q. Multiplying the formulas for ®a;(p, q) in (5.6) by (c,b) " thus yields the desired result
on linear invariants.

Next we turn to the conservation by the leapfrog method of quadratic invariants of the form
(5.15)). In order to prove that (5.6) applied to (5.1) preserves quadratic invariants of the form
F(p,q) = p" (Bq+b), we write (5.6) as the composition of the two symplectic Euler methods (5.7)
and (5.8]). For the first half-step, we obtain

1 1
(P**2) T (Bd"* 2 +0) = (") T (B¢" +b).
For the second half-step, we obtain in the same way
P T (B +b) = (0"F%) T (Bg" 2 +b),
and the result follows. O

The energy is generally not preserved by the leapfrog method (5.6). Consider H(p,q) =
30”4+ ¢*). Applying (5.6) gives

At)? At)?
A il A (5.16)
qk+1 - At 1 (AZt)Q qk . .

2

Since the propagation matrix in (|5.16) is not orthogonal, H (p, q) is not preserved along numerical
solutions.
Consider the Hamiltonian
1 _
H(p.q) == 5p" M~'p+V(q), (5.17)
where M is a symmetric positive definite matrix and the potential V' is a smooth function.
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In the particular case of the Hamiltonian (5.17)), the leapfrog method (5.6) reduces to the

explicit method

1 At
P =pt = - VV(dh),

= ¢F + AtM T PR, (5.18)

LAt
P =phtE = IV ().

Note that the Hamiltonian ([5.17)) is invariant under p — —p and the corresponding Hamiltonian
system ([5.1)) is invariant under the transformation

p —-D
- [2] -
The time-reversal symmetry of ([5.18]) is preserved by the leapfrog method (5.18)).

5.2.2.3. Preserving volume. Recall that, due to equality of mixed partial derivatives, (5.9) is
divergence-free, i.e.,

d
afi
V. f:= =0.
d i—1 z;
A remarkable feature of divergence-free vector fields is that the associated flows are volume

preserving.
Given a map ¢ : R?*? — R?? and a domain 2, by change of variables

vol(¢(Q)) = /Q | det ¢'(4)] dy,

where ¢’ is the Jacobian of ¢. It follows that ¢ preserves volume provided that

|det ¢'(y)| =1 forye€ Q. (5.20)
Let ¢ be the flow associated with (5.9 @ Then ¢, satisfies
do
;( D — foua)).

and therefore, its Jacobian ¢’ satisfies

doi(y)
dt

= f'(¢1(y)$1(v)-

Assuming ¢} is invertible yields

tr

{dqs'( W g1 } = trf'(64())-

Combining trf’ = V - f = 0 and Jacobi’s formula for the derivative of a determinant gives

[d@( )¢t( ) ] 1 d

o det [ (y) dt

det ¢t( )=

Hence,
det ¢;(y) = det ¢f_o(y) = L.
The following result holds.
THEOREM 5.10 (Liouville’s theorem). The flow ¢; associated with the system
d:z:
— = [f(=@),

z(0) = 29 € R?%,

(5.21)

where the vector field f is divergence-free, is a volume preserving map (for all t).
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Note that if the system is Hamiltonian, then Theorem can be immediately obtained
from the symplecticity of the associated flow.

DEFINITION 5.11. A numerical one-step method for solving 1s said to be volume pre-
serving if | det ®'as(p, q)| =1 for allp, q.

Note that if is a Hamiltonian system, then any symplectic numerical method preserves

the volume. However, no standard methods can be volume-preseving for all divergence-free vector
fields.

ExXAMPLE 5.12. Consider the divergence-free problem

d
—x:A:r,

dt (5.22)
z(0) = 2o € R*,
where A € Moy(R) and trA = 0. The Explicit and implicit Euler’s schemes for solving
F = ok 4 AtAk,
P = 2P 4 AtAzP Y,
are volume-preserving if and only if
|det(I + AtA)| =1,

and
|det(I — AtA)| =1,

respectively.

5.2.3. Composition methods. Now using the fact that (5.9)) is divergence-free, we have

faalz) = fau(T)+ /1‘24 gﬁz dxaq

= fu(@) - /Md (Zdz_:l W) dwad,

T i=1

(5.23)

x

where T is an arbitrary point which can be chosen conveniently (e.g., if possible such that foq(T) =

0).
Substituting (5.23) into (5.9) yields
d.’El
v fi(z),
drog—1 _ (5.24)
dt = f2d71(37)7
2d—1
d.’L’Qd . /xzd (’“)fl (J})
— = — dxag.
7 f24(%) ; | oy, e
We now split this as the sum of 2d — 1 vector fields
= 2d — 1
7 0, t#7, )
dx;
- = @) (5.25)
dl‘gd T2d 8f] ((ﬂ)

d$2d7

p7al f2d(f)5j,2d—1*[ oz,

T

for j=1,...,2d — 1. Here 0 is the Kronecker delta function.
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Note that each of the 2d — 1 vector fields is divergence-free. Moreover, we have split (5.24)
into the 2d — 1 problems (5.25)). Each of these problems has a simpler structure than (5.9). In fact,
each of them corresponds to a two-dimensional Hamiltonian system

dz; —_ OH;
dt N aIQd ’
i O, (5.26)
dt B 8xj ’
with Hamiltonian o
Hj (33) = fgd(f)éjgd_lmj — L fj (ZC) dxog, (527)

treating x; for i # j,2d as fixed parameters.
Each of the two-dimensional problems (5.26)) can either be solved exactly (if possible), or

approximated with a symplectic integrator @Xg. A volume-preserving integrator for f is then
given by
Dp =00 R, (5.28)

5.2.4. Splitting methods. Consider a Hamiltonian system

d

d%“" = J7'VH(z), H(x)=H(z)+ Hy(z),
and suppose the flows

dz dx

o =7 'VHi(2) and = J7'VH,(2),

can be exactly integrated. Define the corresponding flow maps (b,(fl) and (;5?). Since the exact
solution of a Hamiltonian system defines a symplectic map, we have

(&) I(@e) =T and  ((6))TI(e)7) = J.
Next consider the numerical method defined by composing these two exact flows:
O a(x) = ph) 0 ) (x).
This map is also symplectic, since
(@, ()T T, () = (&%) (@) (08) (@) TI(6R)) (%) (61} ()
= (@) @) T(@R)) @) T T2 (%) (6R) ()
= (W) (@) T T (@) (@) = 7,

where z* = gb(Alt) (z). That is, as shown in Theorem m the composition of symplectic maps is
again a symplectic map.

EXAMPLE 5.13. Consider the separable Hamiltonian H(p,q) = T(p)+V (q). Based on splitting
the Hamiltonian H into T and V', we derive the following methods for solving : The symplectic
FEuler method

pF = ph — AtvV(dh),
qk+1 _ qk + AtVT(pk'H),
and the leapfrog method

1 At
P =pt = - VV(eh),
¢t =g +AtVT(pk+%),

1 At
pEHL = phts _ 7vv(qk+1).
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5.3. Runge-Kutta methods

Now we turn to Runge-Kutta methods

m
:Elk—l’ + (At) Z a;; f(z5.5),

j=1

. (5.29)
2t =gk ¢ (At) Z (xik)
for solving .
THEOREM 5.14. (i) All the Runge-Kutta methods preserve linear invariants;
(ii) The Runge-Kutta method whose coefficients satisfy the condition
bia;j + bjaj;; —bib; =0, 4,j=1,...m, (5.30)

preserves all quadratic invariants.
PROOF. Define ®a; by 2¥*! = ®p,(2F). Let F(x) = d"x, where d € R?*?. We compute
m
F(@ai(2?) =d (2% + ALY bif(zin)) =d ¥,
i=1

since d " is assumed to be an invariant of (5.9) and hence d" f(z; ;) = 0.
Next, let F(x) = 2" Cx, where C' is a symmetric 2d x 2d matrix. Assume that F is an invariant

of (5.9 - We have

On the other hand, we have

F(®ai(a) = (F + At bif(aj0) O + ALY bif (i)

z Cf(x)=0 forall z. (5.31)

j=1 i=1
= (M)TCz* + (Ar) Em: )T Cbif (i g) + (At)i b f(zx) " Cx*
i=1 j=1
HAP S 00y (30T CF (i),
i,j=1

From (|5.31)), we obtain
(zig) Cf(zix) =0,

and hence, by writing

o =P ALY i fin) = ALY aif(zie) = zik — ALY aiif(z)),

j=1 j=1 j=1
we get
F(@ar(z®)) = (a")TCxF — (A Y biasjf(ajn) " CFin) — (A D bjajif(xk) Cf(win)
i,j=1 i,5=1
+(At)? Z bib; f (1) Cf(wir)
ij=1
— @M)TCat - <At>2< > (i + by = by (03)TCF ) )
ij=1

Therefore, the Runge-Kutta method (5.29)) preserves the quadratic invariant F' provided that (5.30) -
holds.
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Lemma shows that H is an invariant of (5.9)). If H is quadratic, then Theorem says
that the energy is preserved by the Runge-Kutta method (5.29) provided that condition (5.30))

holds.
The following characterization of symplectic Runge-Kutta methods for solving (5.9)) holds.

THEOREM 5.15. The Runge-Kutta method for solving (@ whose coefficients satisfy
condition is symplectic.

PROOF. Theorem shows that the flow ¢, is a symplectic transformation (if H is smooth
enough). Let W(t) := 9oelzn) @}, where xg is the initial condition. We have

Oz
av
A (5.32)
U(0) = I.

Apply a Runge-Kutta method satisfying (5.30)) to (5.9) and (5.32) to obtain the approximations
Ft1 and WAL from 2% and k. Since ¥ JV is a quadratic invariant of (5.32)), we obtain

(TMTJEF = J  for all k.

Suppose for a moment that
Okt

\I’k+1 _ .
Oxk

(5.33)

We obtain
(axk-i-l T axk—i-l
oxk Oxk
which means that the Runge-Kutta method for solving whose coefficients satisfy condition
(5.30)) is symplectic.
In order to complete the proof, we prove (5.33). We want to show that the result of first
applying ®a; and then differentiating with respect to z* is the same as applying the same Runge-

Kutta method to (5.32]).
In fact, on the one hand, by differentiating (5.29) with respect to z* we obtain

:J’

61‘2"]6 Ui ox ik
61;]6 =7 + (At) ;aijf/(xj,k)aiggk,
k1 m 9 (5.34)
or (Y TELR
ek I+ (At) blf (.%‘l)/c) ok

i=1
Multiplying the first equation in (5.34) by f’(z;x) yields the linear system in the unknowns
ox;
f'@i k) e

Ox; “ ox;
Fxir) ax;f = f'(@ik) (I + (At) Zaz—jf/(xj,k)a;;f), (5.35)
j=1
a$k+1 m axi
oo =L (A0 bif (k) o (5.36)

i=1
On the other hand, applying the same Runge-Kutta method to (5.32)) yields

Wk = f/(jljk + AtZaijxj,k) (I + (At) Z aij\I/ng), (537)

j=1 j=1

T = T4 (A Y 0¥ (5.38)
1=1
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We conclude the proof by observing that ([5.37)) is the same system as (5.35)) but in the unknowns
U,k t=1,...,m. It is easily seen that this system has a unique solution for sufficiently small At,

so it must be 5
L,k
Wik = ok

which, in view of (5.36) and (5.38)), yields (5.33).

fori=1,...,m,

O

For arbitrary Hamiltonians, the only known symplectic one-step numerical methods are the
symplectic Runge-Kutta methods of the form (4.59) that satisfy the symplectic condition ([5.30)).

EXAMPLE 5.16. The midpoint scheme for solving (@

k k+1
P = gk Atf(%), (5.39)

is symplectic and preserves linear and quadratic invariants. Moreover, it is time-reversible.

5.4. Long-time behaviour of numerical solutions

In we have seen that the energy is not exactly preserved by the leapfrog method (5.6).
In that example, it is however, approximately preserved. As shown in the following theorem, the
symplecticity of a one-step numerical method yields an approximate conservation of energy over
very long times for general Hamiltonian systems.

THEOREM 5.17. For an analytic Hamiltonian H and a symplectic one-step numerical method
DAy of order n, if the numerical trajectory remains in a compact subset, then there exist h > 0 and
At* > 0 such that, for At < At*,

H(p", ¢") = H(p",¢°) + O((Ar)"), (5.40)
for exponentially long times kAt < eat. Here, (pF1, ¢F 1) = @, (p", ¢%).

Theorem (5.17)) is based on simplicticity. It can be proved via backward error analysis. The
idea is to deduce the long-time behavior estimate (5.40) from properties of the solution of the
equation corresponding to an approximation Ha; of the Hamiltonian H.



CHAPTER 6

Finite difference methods

6.1. Introduction

Finite difference methods are basic numerical solution methods for partial differential equa-
tions. They are obtained by replacing the derivatives in the equation by the appropriate numerical
differentiation formulas. However, there is no guarantee that the resulting numerical scheme will
accurately approximate the true solution. Further analysis is required. In this chapter, we establish
some of the most basic finite difference schemes for the heat and the wave equations.

6.2. Numerical algorithms for the heat equation

6.2.1. Finite difference approximations. Consider the heat equation

ou  0%u

N = >

5%~ 2 0, ze€][0,1],t>0,

u(t,0) =wu(t,1) =0, t>0, (6.1)
u(0,7) = ug(z), z€ [07 1}7

where v > 0 is the thermal conductivity.
In order to design a numerical approximation to the solution w of (6.1]), we begin by introducing
a rectangular mesh consisting of points (¢, ;) with

O=to<ti <ty <... and 0:$0<JZ1<...<$N+1:1.

For simplicity, we maintain a uniform mesh spacing in both directions, with

1
N7

representing, respectively, the time step size and the spatial mesh size. We shall use the notation

At = tk+1 — tk, Ax = Tjp1 —Tj =

uf ~u(ty,x;) where t, = kAt, x; = jAuz,
to denote the numerical approximation of u at the mesh point (¢, z;).
The Dirichlet boundary conditions u(t,0) = u(t,1) =0, t > 0, yield

ul :uf‘vﬂ =0 forall k>0.

As a first attempt at designing a numerical method, we shall employ the simplest finite dif-
ference approximations to the derivatives. The second order space derivative is approximated
by

d*u u(ty, xj-1) + 2u(ty, z;) — u(te, j41)

e AP Az)?
81'2 (tka'r]) (Al’)2 +O(( x) )
ub oy —2ub k) (6.2)
~ I J J O((Az)?).
A O
Similarly, the time derivative can be approximated by
Oou u(tetr, €j) — ulte, ;) REL ok
— (tg,zj) ~ d d At)~ L — At). .
2 o25) = +0(A) ~ L+ O(AY) (63)
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Replacing the derivatives in the heat equation (6.1)) by their finite difference approximations ({6.2))
and (6.3]), we end up with the explicit scheme

k+1 k k k k
R s Tl ekl S5 (6.4)
At (Ax)? '
fork>0and j€{l,...,N}.
Let
At

and let

u® = (b uk k)T & (ult, ), ulty, ), . u(te, zn) T (6.6)

be the vector whose entries are the numerical approximations to the solution values at time t; at
the interior nodes.
The scheme ([6.4) can be written in the matrix form

uF D) = Ay®), (6.7)

where
I=2p p
Iz 1=2p p
1% 1=2p p
oo 1=2p  p
7 1—2p
The matrix A is symmetric and tridiagonal.
6.2.2. Consistency, stability, and convergence. A general finite difference method is
defined by
FALAw({u?i?}m*§m§m+,n*§n§n+> =0, (69)
where the integers m®*, n* define the width of the stencil of the scheme.

DEFINITION 6.1 (Consistency and order). The finite difference scheme is consistent
with the equation F(u) = 0 if, for any smooth solution u(z,t), the truncation error defined by
FAt,Az({u(tk+m7 xj+n)}m*§m§m+,n*§n§n+) (610)

goes to zero as At and Ax go to zero independently. Moreover, the scheme is said to be of order
p in time and order q in space if the truncation error is of the order of O((At)P + (Ax)?) as At
and Az go to zero.

THEOREM 6.2. The explicit scheme is consistent with the heat equation , of order
one in time and two in space. Moreover, if

YAt 1
= - 6.11
then it is of order two in time and four in space.
PROOF. Let v(t,z) € C°. By the Taylor expansion of v evaluated at (¢, ),
v(t+ At,x) —v(t,x —v(t,x — Ax) + 2v(t,z) —v(t,z + Ax v 0%v
(t+Ata) —vit.a) | o )+ 20(t2) ~ o )P
At (Ax) ot Ox (6.12)
At 0% v(Az)? 0*v

S o8 T Ty pa(he) + O + (Ax)).
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If v is a solution to (6.1)), then it follows from (6.12]) that the truncation error goes to zero as
At,Ax — 0 and hence, the explicit scheme is consistent. Moreover, it is of order 1 in time and 2
in space. If we suppose that (6.11) holds, then the terms in At and (Ax)? cancel out since

0% v , 0%
32 " V992 =V gaa
ot otox ox
Thus, the explicit scheme is of order 2 in time and 4 in space. O

DEFINITION 6.3 (Stability). A finite difference scheme is stable with respect to the norm || ||,
defined by

N 1
|u®]],. := (ZAQEW;‘V) , 1 <r<+4o0, (6.13)
j=1

where u®) is given by 6.6), if there exists a positive constant C independent of At and Ax such
that
[u®]], < C|u®, for all k> 0. (6.14)

DEFINITION 6.4 (linear scheme). A finite difference scheme defined by s said to be
linear if 18 linear with respect to its arguments ufi;"
If a finite difference scheme is linear, then it can be written in the form
uF D = Ay, (6.15)
where A is the iteration matrix. From , it follows that
u(k+1) — Ak+1u(0),
and therefore, the stability of is equivalent to
| A6, < O||u®]],, for all k >0 and u® e RV, (6.16)
Introduce the matrix norm

M
u€ERN u#£0 HUHT

The stability of (6.15)) with respect to || ||, is equivalent to
|A*|,. < C, forall k> 0.

6.2.2.1. Stability in the L*> norm. Introduce the implicit scheme
k+1 k k+1 k+1 k+1
A o M2 (6.17)
(Az)? '

J J
N
for k> 0and j € {1,...,N}. The scheme (6.17) is well defined since u**t1) can be obtained from
u®) by inverting the definite positive matrix
1+20 —p
o 1+2n —p
o 1+2pn —p

(6.18)
o 14+2p —p
- 142p
THEOREM 6.5. (i) The explicit scheme is stable with respect to the L norm if
and only if the following Courant-Friedrichs-Lewy (CFL) condition holds:
2yAt < (Az)2. (6.19)

ii e implicit scheme (6. 18 unconditionally stable with respect to the norm.
(ii) The implicit sch ditionally stable with respect to the L>
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6.2.2.2. Stability in the L?> norm. In order to investigate the stability of a finite difference
scheme for solving the heat equation with the respect to the L? norm we consider (6.1)) with the
periodic boundary conditions

u(t,z+ 1) =u(t,z) foralzel0,1], ¢t>0.

For any u(®) = (U?)j:o,_“7]v, we associate a piece-wise constant function u(®)(x), periodic with
period 1, defined on [0, 1] by

u® () ;=¥ for T; 1 <w<Tj 1,
where

1
x-+%:(j—|—f)Ax, j=0,....,N, =

j 9 =0,y 4141 =1

The Fourier series of u(®) reads

where )
k) ::/ u(k)(m)e_%mxdx.
0

Moreover, by Plancherel’s formula, we have

1
| W@ =3 o
0

nez
Furthermore, an important property of Fourier series of periodic functions is that
V@ (2) = u®) (@ + Az) = 8 = () 2minde,
With this notation, one can rewrite the explicit scheme in the form
uF L (x) — uk(x) n quk(x — Az) + 2uF(z) — uF(z + Ax)
At (Az)?
Applying the Fourier transform yields

,&glkJrl) _ <1 _ (ZA; (6727TinAw +92- 627TinA:E)> ﬁgllc)7
T

=0. (6.20)

or equivalently,

4vA
ﬁglkﬂ) _ a(n)a;k) _ a(n)k+1ﬂ(0)(n) with a(n) :=1— (X:v)tz (sin(ﬂnAx))Z

Therefore, a&’“)

is bounded as k — +oo if and only if the amplification factor a(n) satisfies
|a(n)] <1 forallneZ.

Similarly, the implicit scheme (6.17) can be rewritten in the form

uF 1 (z) — ub () ,Y—uk*l(x — Az) + 2uFt (2) — T (z + Ax) _o (6.21)
At (Az)?
Again, by applying the Fourier transform, it follows that
,&gﬁ:-‘rl) _ ﬁ(n),&;‘k) _ B(,’,L)k:-‘rl,a(o)(n)7
where )
4yAt -
B(n) := (1 + &m)Q(Sin(ﬂnAx)f) .
THEOREM 6.6. (i) The explicit scheme is stable with respect to the L? norm if and

only if the CFL condition holds.
(ii) The implicit scheme is unconditionally stable with respect to the L? norm.
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6.2.3. Convergence.

THEOREM 6.7 (Lax theorem). Letu be a smooth solution of the heat equation . Suppose

that the finite difference scheme for computing the numerical solution u;“ 18 linear, consistent, and
stable with respect to the norm || ||.. Let ef = uf —u(ty, ;) and e®) = (ef ek, ... ek)T. Assume

that v = ug(x;). Then,

' B ) =
At)lggrg;0 (t?g;“”e ) =0 forallT > 0.

Moreover, if the scheme is of order p in time and q in space, then there exists a constant Cp > 0
such that

sup [|e®||, < Cr((At)? + (Az)9).
tpe<T

PrOOF. Let u**1) = Au*®) where A is the iteration matrix, and let 17;? = u(tg, x;). Since the
scheme is consistent, there exists ¢*) such that

a* ) = Ag®) 4 (At)e®  and lim [le®|,. =0, (6.22)
At,Az—0

uniformly in k. If the scheme is of order p in time and ¢ in space, then
€™, < C((AD? + (Az)7).
By subtracting (6.22)) from (6.15]), we obtain

et = Ae®) — AteF, (6.23)
and therefore, by induction,
k
e®) = Ak — ALY~ ARl (6.24)
1=1
The stability of the scheme yields
1A%, < ¢’
for some positive constant C’. Therefore, since e(®) = 0, (6.24) yields
[e®]],, < (AHKCC!((AL)P + (Ax)?) < TCC'((At)P + (Ax)?). (6.25)
The proof is then complete. O

6.3. Numerical algorithms for the wave equation
Consider the wave equation
0u 5 0%u
2T
ot? 0x?’
u(t,x +1) =u(t,z), 0<zxz<l, t>0,

0O<xz<l1, t>0,

(6.26)
w(0,z) = up(z), 0<z<l,
0
a—?(o,m) =ui(x), O<z<l,

where ¢ > 0 is the wave speed.
Suppose that

/1 uy(x)dz = 0. (6.27)
0
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A standard finite difference scheme for solving ([6.26]) is the 6-centered scheme

k1 ko k-1 k+1 k+1 k+1
u T2 Y e T TR T U
(B0)? (B2 (6.25)
k k_ ok k—1 k=1 _ k-1 ‘
—uf_, 4 2uf —ul —ui Ty 22Ut —
+(1— 20)02 Jj—1 J Jt+1 e 1 J Jtl 0,

(Az)? (Az)?
where 0 < 0 < 1/2.
If # = 0, then the scheme is explicit, while it is implicit if 6 # 0.
The initial conditions can be expressed by

wul — 9 Tj+1/2
u?zuo(xj) and jAt J z/ up(x) dx,
Tj—1/2

which shows that (6.27)) is satisfied by the numerical solution.

THEOREM 6.8. If 1/4 < § < 1/2, then the 0-centered scheme is unconditionally stable
with respect to the L norm. If 0 < 0 < 1/4, is stable provided that the CFL condition

cAt 1
Tx<’/71—40 (6.29)

holds and is unstable if cAt/Ax > 1/4/1 —40.
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