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1 Program

1.1 Thursday, April 18

11.00 Arrival and accommodation.
12.00 Lunch

13.00 Introduction and presentation of participants
Erik Jørgensen, Dina Research School.

13.15 Theory session I: Modelling of dataseries.
Søren Lundbye-Christensen, Aalborg University.

14.00 Break.

14.15 Theory session II: Estimation and prediction using the Kalman filter
Søren Lundbye-Christensen, Aalborg University.

15.00 Coffee break.

15.30 Computer exercises.

17.00 Theory session III: Approaches to monitoring.
Susanne Gammelgaard Bøttcher, Aalborg University.

17.45 Dinner.

19.00 Theory session IV: Recent trends in state-space modelling.
Søren Lundbye-Christensen, Aalborg University

19.45 Computer exercises (continued).

21.45 Coffee and sandwich.
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1.2 Friday, April 19

7.30 Breakfast.
8.30 Discussion of computer exercises.

9.00 Case I: Applications of state-space models in data analysis.
Flemming Skjøth, The Agricultural Advisory Centre.

9.45 Coffee Break.

10.00 Case II: Monitoring water consumption of growing pigs.
Thomas Nejsum Madsen, Danish Bacon and Meat Council

10.45 Break.

11.00 Case III: Time series data - a nuisance or the whole story? personal experience
Nic Friggins, Danish Institute of Agricultural Sciences, Foulum.

11.30 Discussion and Closing.
Erik Jørgensen, Dina Research School.

12.00 Lunch and departure.
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3 Exercises v.Søren Lundbye-Christensen & Rasmus Waagepetersen
Exercises for the DINA workshop on Data
series, state-space models, and the Kalman

filter

1 Some comments on R

R is a free-ware version of Splus. A wide range of statistical methods are
implemented in R and R is furthermore a very flexible programming language
where new applications can easily be developed.

1.1 Entering commands

In your pc version commands can be executed via the command line. Longer
sequences of commands or implementations of new functions can be written
in a separate file. If the commands are stored in a file, cmd.R say, then the
command line statement source(‘‘cmd.R’’) will execute the commands
in cmd.R and load function code contained in cmd.R. You can also open
cmd.R in your favourite text editor and use copy/paste to paste commands
or sequences of commands into the command line.

1.2 Introduction and help

You may find it useful to run the commands in basic.R to learn more about
some basic features of R. Help can be obtained by clicking the help-button.
For help on a specific topic, say the function scan, you may alternatively
just type help(scan) on the command line.

2 Exercises

In c:/DinaForskerskole you may find .R files with examples of how the
exercises may be solved in R. For each exercise the relevant .R files are given
in parantheses.

Exercise 1 (growth.R,growth.play.R,growth.corrected.R)

1
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The purpose of this exercise is to familiarize you with programming in R and
to show an implementation of the Kalman-filter and smoother for a certain
state-space model for growth (for weight of pigs for example).

Let ratet, lweight
t
, and yt denote the growth rate, the “true” weight on

log scale, and the observed weight (at log scale) at time t = 1, 2, . . .. The
model is given by the following equations:

ratet = ratet−1 + wt

lweight
t
= lweight

t−1
+ ratet

yt = lweight
t
+ vt

where wt, vt, t = 1, 2, . . . are independent zero-mean Gaussian variables with
variances σ2

w
and σ2

v
.

Let θt = (ratet, lweight
t
)T and w̃t = (wt, wt)

T. Then the matrix version
of the model is:

θt =

[

1 0
1 1

]

θt−1 + w̃t

yt =
[

0 1
]

θt + vt.

Note that

w̃t ∼ N2(

(

0
0

)

,

[

σ2

w
σ2

w

σ2

w
σ2

w

]

).

1) Take a look of the R-functions kalman.filter and kalman.smoother in
growth.R. The function kalman.filter takes as an argument a new obser-
vation and computes the predictive and filtered values for that observation
(so it can be used for online-updating). The function kalman.smoother cal-
culates the smoothed values based on a sequence of observations.

The functions contain five errors. Find these five errors and fix them (if
you find more than five errors then the additional errors are unintentional !).

2) Load the corrected version of growth.R into R using source(). Play
with the programme by running it on data supplied by yourself. Compare
the one-step forecasts and their confidence intervals with the observations
that you supply. What does the shape of the predictive bands tell you ?

Also plot the smoothed values of the growth rate together with confidence
bands.
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3) The files pig1.dat and pig2.dat contains series of weights for two pigs.
Can you spot the happy pig ?

Exercise 2 (simulation.R)

In this simulation exercise we consider a very simple state space model. The
purpose of the exercise is to illustrate the effects of varying the variance
parameters of the latent and observation process.

Consider the state space model

θ0 = 0

θt = θt−1 + wt

yt = θt + vt.

Let σ2

wt
= Var(wt) and σ2

vt
= Var(vt).

1) Simulate series y1, . . . , y50 in the cases

(i) σ2

wt
= 0.02 and σ2

vt
= 1.

(ii) σ2

wt
= 0.1 and σ2

vt
= 1.

(iii) σ2

wt
= 1 and σ2

vt
= 1.

(iv) σ2

wt
= 1 and σ2

vt
= 0.1.

Write your own simulation programme or use the code in simulation.R.
Hint: rnorm(n,0,sqrt(0,02)) will produce a vector of n independent N(0, 0.02)’s.

Make a plot showing the latent process (as a solid line) and the observa-
tions (as dots).

2) Repeat 1) but for t = 20 let σ2

wt
be increased by a factor 100 and for t = 30

let σ2

vt
be increased by a factor 100.

Exercise 3 (simple.kalman.R,simple.kalman.run.R)

Implement the Kalman filter and smoother for the simple state space model
of the previous exercise. The programme should return
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(i) The filtered values mt and Ct.

(ii) The predictions ft and Qt.

(iii) The smoothed values m̃t and C̃t.

1) Run the filter and smoother on the simulated series from part 1) of the
previous exercise and plot the true latent process together with the estimated

latent process m̃t and the confidence bands given by m̃t ± 2
√

C̃t. Plot the
simulated observations together with the predictions f t and predictive inter-
vals ft ± 2

√
Qt.

2) Run the filter and smoother on the simulated series from part 2) of the
previous exercises but let (wrongfully) the variances be constant. Plot the
output as in 1).

3) Repeat 2) but using the correct variances.

If there is still time left you may try the last exercise on likelihood estimation
using the Kalman filter - otherwise go for the late-night snack.

Exercise 4 (likelihood.R)

The command library(ts) loads the time series package and data(lh)

makes the data set lh available. This dataseries consists of 48 measurements
of lutein hormone in the blood of a woman measured with 10 minutes inter-
vals. In this exercise we will try to estimate the two variance parameters in
the simple state space model of Exercise 2 using these data. However, in this
case we initialize with a vague prior on θ0: θ0 ∼ N(0, 100000).

1) Plot the data.

2) Make an R-programme that computes the likelihood of the two variance
parameters using the Kalman filter.

3) Minimize the negated likelihood using e.g. the nlm procedure (nlm is an
R-procedure for minimization of nonlinear functions - for further details con-
sult the help page by typing help(nlm)).
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4) Plot the likelihood on a grid of values of σ 2

wt
and σ2

vt
.

5) Condition on θ0 = 0 and compute the variance of yt in terms of σ2

vt
and

σ2

wt
. Does the simple state space model seem to be a reasonable model for

the lutein series ?

11.04.02 Søren Lundbye-Christensen and Rasmus Waagepetersen.
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A R - Programs for exercisesRasmus Waagepetersen

A.1 Initial

A.1.1 basic.R

#In R the assignment operator is <-. Assignments within

#functions are local. A global assignment within a function may be

#performed using <<- (this is a bit dangerous programming style).

#create a vector x consisting of the numbers 1 2 and 3

x<-c(1,2,3)

x #x is printed...

#add 3 to all entries in x

z<-x+3

z

#multiply last entry in x by 7

x[3]<-x[3]*7

x

#create new vector by combining z and x

zx<-c(z,x)

zx

#create a 3 by 2 matrix with z in the first column and x in the second

A<-matrix(zx,3,2)

#take a look at A

A

#take a look at first row in A

A[1,]

12
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#take a look at second column in A

A[,2]

#take a look at last 2 rows in A

A[c(2,3),]

#equivalent:

A[2:3,]

#create a list containing x, z, and A

l<-list(x=x,A=A,z=z)

#extract x from l

l$x

#compute square root of all entries in x

s<-sqrt(x)

s

#construct vector of 4 10’s

ff<-rep(10,4)

ff

A.2 Exercise 1

A.2.1 growth.R

#Kalman filter and smoother for weight growth

#First we allocate the different variables required in the Kalman filter.
#We let maxt be an upper limit for the number of observations. We e.g.
#store the maxt R_t matrices on top of each other thus forming
#a 2*maxt x 2 matrix.
#(recall that the latent process is two-dimensional).

13
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initvar<-function(maxt){
a<<-matrix(0,maxt,2)
R<<-matrix(0,2*maxt,2)
f<<-matrix(0,maxt,1)
Q<<-matrix(0,2*maxt,2)
A<<-matrix(0,maxt,2)
e<<-matrix(0,maxt,1)
C<<-matrix(0,2*maxt,2)
m<<-matrix(0,maxt,2)
B<<-matrix(0,2*maxt,2)
mtilde<<-matrix(0,maxt,2)
Ctilde<<-matrix(0,2*maxt,2)
return("init ok")

}

#matrices for the system equations.
F<-matrix(c(0,1),1,2)
G<-matrix(c(1,1,0,1),2,2)

#R-code for Kalman filter. It takes as arguments a new observation y and
#the time t, and updates the value of a[t], R[t], etc. It returns y
#together with the prediction of y based on the previous observations.
#NB %*% is matrix multiplication and t(A) is transpose of a matrix A.
#solve(A) computes the inverse of A.

kalman.filter<-function(y,t,V,W,m0,C0,F,G){
t2<-2*(t-1)+c(1,2) #Index for the 2 x 2 variables R, C,...

if (t==1){
a[t,]<<-G%*%m0
R[t2,]<<-G%*%C0%*%t(G)+W

} else {
a[t,]<<-G%*%m[t-1,]
R[t2,]<<-G%*%C[t2-c(2,2),]%*%t(G)+W

}

f[t]<<-F%*%m[t,]
Q[t]<<-F%*%R[t2,]%*%t(G)+V

A[t,]<<-R[t2,]%*%t(F)%*%solve(Q[t])
e[t]<<-y-f[t]
m[t,]<<-a[t,]+A[t,]*f[t]
C[t2,]<<-R[t2,]-matrix(A[t,],2,1)%*%Q[t-1]%*%matrix(A[t,],1,2)
#we need B matrices in Kalman smoother
if (t>1)

B[t2-c(2,2),]<<-C[t2-c(2,2),]%*%G%*%solve(R[t2,])

return(list(y=y,f=f[t],Q=Q[t]))
}
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#computes smoothed values mtilde
kalman.smoother<-function(t){

mtilde[t,]<<-m[t-1,]
Ctilde[2*(t-1)+c(1,2),]<<-C[2*(t-1)+c(1,2),]
for (i in (t-1):1){

i2<-2*(i-1)+c(1,2)
mtilde[i,]<<-m[i,]+B[i2,]%*%(mtilde[i+1,]-a[i+1,])
Ctilde[i2,]<<-C[i2,]+B[i2,]%*%(Ctilde[i2+c(2,2),]-R[i2+c(2,2),])%*%t(B[i2,])

}
}

#functions for plotting
kalman.plot.rate<-function(t){

sd<-sqrt(Ctilde[2*c(1:t)-1,1])
plot(c(1:t),mtilde[1:t,1],ylim=c(min(mtilde[1:t,1]-2*sd),max(mtilde[1:t,1]+2*sd)),

type="l",lty=1)
lines(c(1:t),mtilde[1:t,1]-2*sd,lty=2)
lines(c(1:t),mtilde[1:t,1]+2*sd,lty=2)

}
kalman.plot.obs.and.pred<-function(y,t){

sd<-sqrt(Q[1:t])
plot(c(1:t),exp(y[1:t]),ylim=c(min(c(exp(y[1:t]),exp(f[1:t]-2*sd))),80))
lines(c(1:t),exp(f[1:t]),lty=1)
lines(c(1:t),exp(f[1:t]-2*sd),lty=2)
lines(c(1:t),exp(f[1:t]+2*sd),lty=2)

}

A.2.2 growth.play.R

source("c:/DinaForskerskole/growth.corrected.R")

#initialize the various variables.

#variances and variance matrix for innovation and noise process

sigma2w<-0.000001

W<-matrix(rep(sigma2w,4),2,2) #innovation covariance matrix for latent process

V<-0.001 #noise variance

#mean of growth rate and log(weight) - i.e. population mean growth rate at

#time 0 is 0.01 and population mean log weight at time 0 is log(40).

m0<-c(0.01,log(40))

#prior population covariance matrix for growth rate and log(weight)

C0<-matrix(c(0.00005,0,0,2),2,2)

15
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initvar(100)

#first observation is 40.278

kalman.filter(log(40.278),1,V,W,m0,C0,F,G)

#next observation is 41.59812

kalman.filter(log(41.59812),2,V,W,m0,C0,F,G)

#next observation is 40.446

kalman.filter(log(40.446),3,V,W,m0,C0,F,G)

#plot the 3 observations and their predictions

par(mfrow=c(1,2)) #two plots on one figure

y<-log(c(40.278,41.59812,40.446))

kalman.plot.obs.and.pred(y,3)

#compute smoothed values

kalman.smoother(3)

#plot the estimated rate process

kalman.plot.rate(3)

#Now proceed with data from pig1.dat and pig2.dat

y<-log(scan("c:/DinaForskerskole/pig1.dat"))

initvar(100)

for (i in 1:20)

kalman.filter(y[i],i,V,W,m0,C0,F,G)

kalman.smoother(20)

kalman.plot.obs.and.pred(y,20)

kalman.plot.rate(20)

16
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y<-log(scan("c:/DinaForskerskole/pig2.dat"))

initvar(100)

for (i in 1:20)

kalman.filter(y[i],i,V,W,m0,C0,F,G)

kalman.smoother(20)

kalman.plot.obs.and.pred(y,20)

kalman.plot.rate(20)

A.2.3 growth.corrected.R

#Kalman filter and smoother for weight growth

#First we allocate the different variables required in the Kalman filter.

#We let maxt be an upper limit for the number of observations. We e.g.

#store the maxt R_t matrices on top of each other thus forming

#a 2*maxt x 2 matrix.

#(recall that the latent process is two-dimensional).

initvar<-function(maxt){

a<<-matrix(0,maxt,2)

R<<-matrix(0,2*maxt,2)

f<<-matrix(0,maxt,1)

17
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Q<<-matrix(0,2*maxt,2)

A<<-matrix(0,maxt,2)

e<<-matrix(0,maxt,1)

C<<-matrix(0,2*maxt,2)

m<<-matrix(0,maxt,2)

B<<-matrix(0,2*maxt,2)

mtilde<<-matrix(0,maxt,2)

Ctilde<<-matrix(0,2*maxt,2)

return("init ok")

}

#matrices for the system equations.

F<-matrix(c(0,1),1,2)

G<-matrix(c(1,1,0,1),2,2)

#R-code for Kalman filter. It takes as arguments a new observation y and

#the time t, and updates the value of a[t], R[t], etc. It returns y

#together with the prediction of y based on the previous observations.

#NB %*% is matrix multiplication and t(A) is transpose of a matrix A.

kalman.filter<-function(y,t,V,W,m0,C0,F,G){

t2<-2*(t-1)+c(1,2) #Index for the 2 x 2 variables R, C,...

if (t==1){

a[t,]<<-G%*%m0

18
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R[t2,]<<-G%*%C0%*%t(G)+W

} else {

a[t,]<<-G%*%m[t-1,]

R[t2,]<<-G%*%C[t2-c(2,2),]%*%t(G)+W

}

f[t]<<-F%*%a[t,]

Q[t]<<-F%*%R[t2,]%*%t(F)+V

A[t,]<<-R[t2,]%*%t(F)%*%solve(Q[t])

e[t]<<-y-f[t]

m[t,]<<-a[t,]+A[t,]*e[t]

C[t2,]<<-R[t2,]-matrix(A[t,],2,1)%*%Q[t]%*%matrix(A[t,],1,2)

#we need B matrices in Kalman smoother

if (t>1)

B[t2-c(2,2),]<<-C[t2-c(2,2),]%*%t(G)%*%solve(R[t2,])

return(list(y=y,f=f[t],Q=Q[t]))

}

#computes smoothed values mtilde

kalman.smoother<-function(t){

mtilde[t,]<<-m[t,]

Ctilde[2*(t-1)+c(1,2),]<<-C[2*(t-1)+c(1,2),]

for (i in (t-1):1){

i2<-2*(i-1)+c(1,2)
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mtilde[i,]<<-m[i,]+B[i2,]%*%(mtilde[i+1,]-a[i+1,])

Ctilde[i2,]<<-C[i2,]+B[i2,]%*%(Ctilde[i2+c(2,2),]-R[i2+c(2,2),])%*%t(B[i2,])

}

}

#functions for plotting

kalman.plot.rate<-function(t){

sd<-sqrt(Ctilde[2*c(1:t)-1,1])

plot(c(1:t),mtilde[1:t,1],ylim=c(min(mtilde[1:t,1]-2*sd),max(mtilde[1:t,1]+2*sd)),
type="l",lty=1)

lines(c(1:t),mtilde[1:t,1]-2*sd,lty=2)

lines(c(1:t),mtilde[1:t,1]+2*sd,lty=2)

}

kalman.plot.obs.and.pred<-function(y,t){

sd<-sqrt(Q[1:t])

plot(c(1:t),exp(y[1:t]),ylim=c(min(c(exp(y[1:t]),exp(f[1:t]-2*sd))),80))

lines(c(1:t),exp(f[1:t]),lty=1)

lines(c(1:t),exp(f[1:t]-2*sd),lty=2)

lines(c(1:t),exp(f[1:t]+2*sd),lty=2)

}

A.2.4 growth.Peter.R

Contribution from Peter Sestofte using three dimensional arrays

#Kalman filter and smoother for weight growth (here using arrays)

#First we allocate the different variables required in the Kalman

#filter. We let maxt be an upper limit for the number of
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#observations. We store the maxt R_t matrices on top of each other

#using a three-dimensional array.

initvar<-function(maxt){

a<<-matrix(0,maxt,2)

R<<-array(0, c(maxt,2,2))

f<<-matrix(0,maxt,1)

Q<<-matrix(0,maxt,2)

A<<-matrix(0,maxt,2)

e<<-matrix(0,maxt,1)

C<<-array(0, c(maxt,2,2))

m<<-matrix(0,maxt,2)

B<<-array(0, c(maxt,2,2))

mtilde<<-matrix(0,maxt,2)

Ctilde<<-array(0, c(maxt,2,2))

return("init ok")

}

#matrices for the system equations.

F<-matrix(c(0,1),1,2)

G<-matrix(c(1,1,0,1),2,2)

#R-code for Kalman filter. It takes as arguments a new observation y and

#the time t, and updates the value of a[t], R[t], etc. It returns y

#together with the prediction of y based on the previous observations.
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#NB %*% is matrix multiplication and t(A) is transpose of a matrix A.

kalman.filter<-function(y,t,V,W,m0,C0,F,G){

if (t==1){

a[t,]<<-G%*%m0

R[t,,]<<-G%*%C0%*%t(G)+W

} else {

a[t,]<<-G%*%m[t-1,]

R[t,,]<<-G%*%C[t-1,,]%*%t(G)+W

}

f[t]<<-F%*%a[t,]

Q[t]<<-F%*%R[t,,]%*%t(F)+V

A[t,]<<-R[t,,]%*%t(F)%*%solve(Q[t])

e[t]<<-y-f[t]

m[t,]<<-a[t,]+A[t,]*e[t]

C[t,,]<<-R[t,,]-matrix(A[t,],2,1)%*%Q[t]%*%matrix(A[t,],1,2)

#we need B matrices in Kalman smoother

if (t>1)

B[t-1,,]<<-C[t-1,,]%*%t(G)%*%solve(R[t,,])

return(list(y=y,f=f[t],Q=Q[t]))

}

#computes smoothed values mtilde
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kalman.smoother<-function(t){

mtilde[t,]<<-m[t,]

Ctilde[t,,]<<-C[t,,]

for (i in (t-1):1){

mtilde[i,]<<-m[i,]+B[i,,]%*%(mtilde[i+1,]-a[i+1,])

Ctilde[i,,]<<-C[i,,]+B[i,,]%*%(Ctilde[i+1,,]-R[i+1,,])%*%t(B[i,,])

}

}

#functions for plotting

kalman.plot.rate<-function(t){

sd<-sqrt(Ctilde[1:t,1,1])

plot(c(1:t),mtilde[1:t,1],ylim=c(min(mtilde[1:t,1]-2*sd),max(mtilde[1:t,1]+2*sd)),
type="l",lty=1)

lines(c(1:t),mtilde[1:t,1]-2*sd,lty=2)

lines(c(1:t),mtilde[1:t,1]+2*sd,lty=2)

}

kalman.plot.obs.and.pred<-function(y,t){

sd<-sqrt(Q[1:t])

plot(c(1:t),exp(y[1:t]),ylim=c(min(c(exp(y[1:t]),exp(f[1:t]-2*sd))),80))

lines(c(1:t),exp(f[1:t]),lty=1)

lines(c(1:t),exp(f[1:t]-2*sd),lty=2)

lines(c(1:t),exp(f[1:t]+2*sd),lty=2)

}

23



Dina Research School workshop: Dataseries, state-space models and the Kalman filter

A.3 Exercise 2

A.3.1 simulation.R

#for convenience we write an R-function for simulation of the simple

#state space model.

sim<-function(V,W,size){

#First simulate theta process

theta<-rep(0,size+1)

theta[1]<-0 #theta_0 is first entry

theta[2:(size+1)]<-rnorm(size,mean=0,sd=sqrt(W))

theta<-cumsum(theta) #we sum up the w_t’s

#now obtain y by adding noise

y<-theta+rnorm(size+1,mean=0,sd=sqrt(V)) #add noise

plot(y)

lines(theta)

return(list(y=y,theta=theta))

}

par(mfrow=c(2,2))

#(i)

sim1<-sim(1,0.02,50)

#(ii)

sim2<-sim(1,0.1,50)

#(iii)

sim3<-sim(1,1,50)

#(iv)

sim4<-sim(0.1,1,50)
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#new function for part 2) of exercise

simb<-function(V,W){

#First simulate theta process

theta<-rep(0,51)

theta[1]<-0 #theta_0 is first entry

theta[2:51]<-rnorm(50,mean=0,sd=sqrt(W))

#increased variance for latent variable no. 20

theta[21]<-rnorm(1,mean=0,sd=10*sqrt(W))

theta<-cumsum(theta) #we sum up the w_t’s

#now obtain y by adding noise

y<-rep(0,51)

y[-31]<-theta[-31]+rnorm(50,mean=0,sd=sqrt(V))

#increased variance for observation no. 30

y[31]<-theta[31]+rnorm(1,mean=0,sd=10*sqrt(V))

plot(y)

lines(theta)

return(list(y=y,theta=theta))

}

par(mfrow=c(2,2))

#(ib)

sim1b<-simb(1,0.02)

#(iib)

sim2b<-simb(1,0.1)
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#(iiib)

sim3b<-simb(1,1)

#(ivb)

sim4b<-simb(0.1,1)

A.4 Exercise 3

A.4.1 simple.kalman.R

#Kalman filter for simple state space model

#matrices for the system equations just consist of a 1.

#V and W contains the variances for y and theta

#in the procedure kalman.simple y is a series of observations.

kalman.simple<-function(y,V,W,m0,C0){

maxt<-length(y)
a<-rep(0,maxt)
R<-rep(0,maxt)
f<-rep(0,maxt)
Q<-rep(0,maxt)
A<-rep(0,maxt)
e<-rep(0,maxt)
C<-rep(0,maxt)
m<-rep(0,maxt)
B<-rep(0,maxt)

#kalman filter
for (t in 1:maxt){

if (t==1){
a[t]<-m0
R[t]<-C0+W[t]

} else {
a[t]<-m[t-1]
R[t]<-C[t-1]+W[t]

}
f[t]<-a[t]
Q[t]<-R[t]+V[t]
A[t]<-R[t]/Q[t]
e[t]<-y[t]-f[t]
m[t]<-a[t]+A[t]*e[t]
C[t]<-R[t]-Q[t]*A[t]^2
B[t-1]<-C[t-1]/R[t]

}
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#kalman smoother
mtilde<-rep(0,maxt)
Ctilde<-rep(0,maxt)
mtilde[maxt]<-m[maxt]
Ctilde[maxt]<-C[maxt]
for (i in (t-1):1){

mtilde[i]<-m[i]+B[i]*(mtilde[i+1]-a[i+1])
Ctilde[i]<-C[i]+(Ctilde[i+1]-R[i+1])*B[i]^2

}
return(list(y=y,f=f[1:maxt],Q=Q[1:maxt],m=m[1:maxt],C=C[1:maxt],

mtilde=mtilde[1:maxt],Ctilde=Ctilde[1:maxt]))
}

kalman.plot.latent<-function(theta,mtilde,Ctilde,t){
ymin<-min(theta[1:t],mtilde[1:t]-2*sqrt(Ctilde[1:t]))
ymax<-max(theta[1:t],mtilde[1:t]+2*sqrt(Ctilde[1:t]))
plot(c(1:t),theta[1:t],ylim=c(ymin,ymax),type="l",lty=3)
lines(c(1:t),mtilde[1:t],lty=1)
lines(c(1:t),mtilde[1:t]-2*sqrt(Ctilde[1:t]),lty=2)
lines(c(1:t),mtilde[1:t]+2*sqrt(Ctilde[1:t]),lty=2)

}
kalman.plot.obs.and.pred.simple<-function(y,f,Q,t){

ymin<-min(y[1:t],f[1:t]-2*sqrt(Q[1:t]))
ymax<-max(y[1:t],f[1:t]+2*sqrt(Q[1:t]))
plot(c(1:t),y[1:t],ylim=c(ymin,ymax))
lines(c(1:t),f[1:t],lty=1)
lines(c(1:t),f[1:t]-2*sqrt(Q[1:t]),lty=2)
lines(c(1:t),f[1:t]+2*sqrt(Q[1:t]),lty=2)

}

A.4.2 simple.kalman.run.R

source("c:/DinaForskerskole/simple.kalman.R")

par(mfrow=c(2,2))

#(i)

y<-sim1$y[2:51]

theta<-sim1$theta[2:51]

t<-0

V<-rep(1,50)

W<-rep(0.02,50)

out<-kalman.simple(y,V,W,0,0)
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kalman.plot.obs.and.pred.simple(out$y,out$f,out$Q,50)

kalman.plot.latent(theta,out$mtilde,out$Ctilde,50)

#(ii)

y<-sim2$y[2:51]

theta<-sim2$theta[2:51]

t<-0

V<-rep(1,50)

W<-rep(0.1,50)

out<-kalman.simple(y,V,W,0,0)

kalman.plot.obs.and.pred.simple(out$y,out$f,out$Q,50)

kalman.plot.latent(theta,out$mtilde,out$Ctilde,50)

#(iii)

y<-sim3$y[2:51]

theta<-sim3$theta[2:51]

t<-0

V<-rep(1,50)

W<-rep(1,50)

out<-kalman.simple(y,V,W,0,0)

kalman.plot.obs.and.pred.simple(out$y,out$f,out$Q,50)

kalman.plot.latent(theta,out$mtilde,out$Ctilde,50)

#(iv)

y<-sim4$y[2:51]

theta<-sim4$theta[2:51]
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t<-0

V<-rep(0.1,50)

W<-rep(1,50)

out<-kalman.simple(y,V,W,0,0)

kalman.plot.obs.and.pred.simple(out$y,out$f,out$Q,50)

kalman.plot.latent(theta,out$mtilde,out$Ctilde,50)

# simulations from part 2) but with wrong variances in filter and smoother

#(ib)

y<-sim1b$y[2:51]

theta<-sim1b$theta[2:51]

t<-0

V<-rep(1,50)

W<-rep(0.02,50)

out<-kalman.simple(y,V,W,0,0)

kalman.plot.obs.and.pred.simple(out$y,out$f,out$Q,50)

kalman.plot.latent(theta,out$mtilde,out$Ctilde,50)

#(iib)

y<-sim2b$y[2:51]

theta<-sim2b$theta[2:51]

t<-0

V<-rep(1,50)

W<-rep(0.1,50)

out<-kalman.simple(y,V,W,0,0)
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kalman.plot.obs.and.pred.simple(out$y,out$f,out$Q,50)

kalman.plot.latent(theta,out$mtilde,out$Ctilde,50)

#(iiib)

y<-sim3b$y[2:51]

theta<-sim3b$theta[2:51]

t<-0

V<-rep(1,50)

W<-rep(1,50)

out<-kalman.simple(y,V,W,0,0)

kalman.plot.obs.and.pred.simple(out$y,out$f,out$Q,50)

kalman.plot.latent(theta,out$mtilde,out$Ctilde,50)

#(ivb)

y<-sim4b$y[2:51]

theta<-sim4b$theta[2:51]

t<-0

V<-rep(0.1,50)

W<-rep(1,50)

out<-kalman.simple(y,V,W,0,0)

kalman.plot.obs.and.pred.simple(out$y,out$f,out$Q,50)

kalman.plot.latent(theta,out$mtilde,out$Ctilde,50)

#Now simulations from part 2) with right variances
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#(ib)

y<-sim1b$y[2:51]

theta<-sim1b$theta[2:51]

t<-0

V<-rep(1,50)

W<-rep(0.02,50)

W[20]<-W[20]*100

V[30]<-V[30]*100

out<-kalman.simple(y,V,W,0,0)

kalman.plot.obs.and.pred.simple(out$y,out$f,out$Q,50)

kalman.plot.latent(theta,out$mtilde,out$Ctilde,50)

#(iib)

y<-sim2b$y[2:51]

theta<-sim2b$theta[2:51]

t<-0

V<-rep(1,50)

W<-rep(0.1,50)

W[20]<-W[20]*100

V[30]<-V[30]*100

out<-kalman.simple(y,V,W,0,0)

kalman.plot.obs.and.pred.simple(out$y,out$f,out$Q,50)

kalman.plot.latent(theta,out$mtilde,out$Ctilde,50)

#(iiib)
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y<-sim3b$y[2:51]

theta<-sim3b$theta[2:51]

t<-0

V<-rep(1,50)

W<-rep(1,50)

W[20]<-W[20]*100

V[30]<-V[30]*100

out<-kalman.simple(y,V,W,0,0)

kalman.plot.obs.and.pred.simple(out$y,out$f,out$Q,50)

kalman.plot.latent(theta,out$mtilde,out$Ctilde,50)

#(ivb)

y<-sim4b$y[2:51]

theta<-sim4b$theta[2:51]

t<-0

V<-rep(0.1,50)

W<-rep(1,50)

W[20]<-W[20]*100

V[30]<-V[30]*100

out<-kalman.simple(y,V,W,0,0)

kalman.plot.obs.and.pred.simple(out$y,out$f,out$Q,50)

kalman.plot.latent(theta,out$mtilde,out$Ctilde,50)
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A.5 Exercise 4

A.5.1 likelihood.R

#computation of (negated) likelihood under simple state space model
#using Kalman filter.

source("c:/DinaForskerskole/simple.kalman.R")
library(ts)
data(lh)

plot(lh)

likelihood<-function(param){

maxt<-length(lh)

V<-rep(param[1],maxt)
W<-rep(param[2],maxt)

#initialisation
m0<-0
C0<-100000

temp<-kalman.simple(lh,V,W,m0,C0)
f<-temp$f
Q<-temp$Q

likelihood<-sum(log(Q))+sum((lh-f)^2/Q)

return(likelihood)
}

luteinfit<-nlm(likelihood,c(0.03,0.3))
estimate<-luteinfit$estimate
estimate

#plot likelihood
plot.like<-function(param){

v<-c(1:10)*2*param[1]/10
w<-c(1:10)*2*param[2]/10
grid<-expand.grid(v,w)
like<-rep(0,dim(grid)[1])
for (i in 1:dim(grid)[1])

like[i]<-likelihood(as.numeric(grid[i,]))
like<-matrix(like,10,10)
#first column corresponds to first value of v etc.
contour(v,w,like)
#y-axis:v x-axis:w
return(like)

}
plot.like(estimate)
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Appendix A A sample session

The following session is intended to introduce to you some features of the R environment
by using them. Many features of the system will be unfamiliar and puzzling at first, but this
puzzlement will soon disappear. This is written for the UNIX user. Those using Windows
or Macintosh will need to adapt the discussion slightly.

Login, start your windowing system. You should also have the file ‘morley.tab’
in your working directory. If not, seek the local expert (or get it yourself
from the ‘base/data’ subdirectory of the default R library tree). If you have,
proceed.

$ R Start R as appropriate for your platform.
The R program begins, with a banner.
(Within R, the prompt on the left hand side will not be shown to avoid confu-
sion.)

help.start()
Start the html interface to on-line help (using a web browser available at your
machine). You should briefly explore the features of this facility with the mouse.
Iconify the help window and move on to the next part.

x <- rnorm(50)
y <- rnorm(x)

Generate two pseudo-random normal vectors of x- and y-coordinates.

plot(x, y)
Plot the points in the plane. A graphics window will appear automatically.

ls() See which R objects are now in the R workspace.

rm(x, y) Remove objects no longer needed. (Clean up).

x <- 1:20 Make x = (1, 2, . . . , 20).

w <- 1 + sqrt(x)/2
A ‘weight’ vector of standard deviations.

dummy <- data.frame(x=x, y= x + rnorm(x)*w)
dummy Make a data frame of two columns, x and y, and look at it.

fm <- lm(y ~ x, data=dummy)
summary(fm)

Fit a simple linear regression of y on x and look at the analysis.

fm1 <- lm(y ~ x, data=dummy, weight=1/w^2)
summary(fm1)

Since we know the standard deviations, we can do a weighted regression.

attach(dummy)
Make the columns in the data frame visible as variables.

lrf <- lowess(x, y)
Make a nonparametric local regression function.
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plot(x, y)
Standard point plot.

lines(x, lrf$y)
Add in the local regression.

abline(0, 1, lty=3)
The true regression line: (intercept 0, slope 1).

abline(coef(fm))
Unweighted regression line.

abline(coef(fm1), col = "red")
Weighted regression line.

detach() Remove data frame from the search path.

plot(fitted(fm), resid(fm),
xlab="Fitted values",
ylab="Residuals",
main="Residuals vs Fitted")

A standard regression diagnostic plot to check for heteroscedasticity. Can you
see it?

qqnorm(resid(fm), main="Residuals Rankit Plot")
A normal scores plot to check for skewness, kurtosis and outliers. (Not very
useful here.)

rm(fm, fm1, lrf, x, dummy)
Clean up again.

The next section will look at data from the classical experiment of Michaelson and Morley
to measure the speed of light.

file.show("morley.tab")
Optional. Look at the file.

mm <- read.table("morley.tab")
mm Read in the Michaelson and Morley data as a data frame, and look at it. There

are five experiments (column Expt) and each has 20 runs (column Run) and sl
is the recorded speed of light, suitably coded.

mm$Expt <- factor(mm$Expt)
mm$Run <- factor(mm$Run)

Change Expt and Run into factors.

attach(mm)
Make the data frame visible at position 2 (the default).

plot(Expt, Speed, main="Speed of Light Data", xlab="Experiment No.")
Compare the five experiments with simple boxplots.

fm <- aov(Speed ~ Run + Expt, data=mm)
summary(fm)

Analyze as a randomized block, with ‘runs’ and ‘experiments’ as factors.



Appendix A: A sample session 82

fm0 <- update(fm, . ~ . - Run)
anova(fm0, fm)

Fit the sub-model omitting ‘runs’, and compare using a formal analysis of vari-
ance.

detach()
rm(fm, fm0)

Clean up before moving on.

We now look at some more graphical features: contour and image plots.

x <- seq(-pi, pi, len=50)
y <- x x is a vector of 50 equally spaced values in −π ≤ x ≤ π. y is the same.

f <- outer(x, y, function(x, y) cos(y)/(1 + x^2))
f is a square matrix, with rows and columns indexed by x and y respectively,
of values of the function cos(y)/(1 + x2).

oldpar <- par(no.readonly = TRUE)
par(pty="s")

Save the plotting parameters and set the plotting region to “square”.

contour(x, y, f)
contour(x, y, f, nlevels=15, add=TRUE)

Make a contour map of f ; add in more lines for more detail.

fa <- (f-t(f))/2
fa is the “asymmetric part” of f . (t() is transpose).

contour(x, y, fa, nint=15)
Make a contour plot, . . .

par(oldpar)
. . . and restore the old graphics parameters.

image(x, y, f)
image(x, y, fa)

Make some high density image plots, (of which you can get hardcopies if you
wish), . . .

objects(); rm(x, y, f, fa)
. . . and clean up before moving on.

R can do complex arithmetic, also.

th <- seq(-pi, pi, len=100)
z <- exp(1i*th)

1i is used for the complex number i.

par(pty="s")
plot(z, type="l")

Plotting complex arguments means plot imaginary versus real parts. This
should be a circle.



Appendix A: A sample session 83

w <- rnorm(100) + rnorm(100)*1i
Suppose we want to sample points within the unit circle. One method would be
to take complex numbers with standard normal real and imaginary parts . . .

w <- ifelse(Mod(w) > 1, 1/w, w)
. . . and to map any outside the circle onto their reciprocal.

plot(w, xlim=c(-1,1), ylim=c(-1,1), pch="+",xlab="x", ylab="y")
lines(z)

All points are inside the unit circle, but the distribution is not uniform.

w <- sqrt(runif(100))*exp(2*pi*runif(100)*1i)
plot(w, xlim=c(-1,1), ylim=c(-1,1), pch="+", xlab="x", ylab="y")
lines(z)

The second method uses the uniform distribution. The points should now look
more evenly spaced over the disc.

rm(th, w, z)
Clean up again.

q() Quit the R program. You will be asked if you want to save the R workspace,
and for an exploratory session like this, you probably do not want to save it.
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