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Supplementary appendices for MMathStat project
by Matthew Capewell

Appendix 1

s sanjuan20ll=read. table

il sanjuan20l4=read . table

a8

|}

#Example data pre—processing into annual maxima
sanjuan2010=read.table (741053h2010. txt”)
(74105302011 . txt”)
sanjuan2012=read.table (741053h2012. txt”)
sanjuan2013=read.table (741053h2013.txt")
(74105302014 . txt”)
sanjuan2015=read.table (741053h2015. txt”)
sanjuan2016=read.table (741053h2016. txt”)
sanjuan=rbind (sanjuan2010 ,sanjuan2011 ,sanjuan2012 ,sanjuan2013 ,
sanjuan2014 ,sanjuan2015 ,sanjuan2016)
sanjuan [sanjuan[,7]==99,7] = NA
temp=0

35| for (i in 0:6){

temp [ i+1]=max(sanjuan [sanjuan[,1]==2010 + i,7],na.rm=TRUE)

}

i| sanjuan = temp

#Site 1 return level plot
library (ismev)

A=gev . fit (sanjuan)
Amle=gev . fit (sanjuan)$mle

2|zA = function(r){Amle[1] — Amle[2]/Amle[3]*(1—(—log(1—1/r))"(—Amle[3]))}
| zZAse = function(r){

yr=log(1—(1/r))
del=matrix (ncol=1,nrow=3)

del[1,1]=1

del[2, 1]:—((A$mle[ 1) xx(—=1))«(1—(yr*x(—ASmle[3])))

del[3,1]=((ASmle[2]) * ((A$mle [3]) **x(—2))*(1—((yr)**(—A$mle[3]))))—
((A$Hﬂe[ ])* ((ASmle [3]) ##(—1) )+ ((yr)**(—(ASmle[3])))*log(yr))

del.transpose=t(del)
varcovar = A$cov
return (sqrt (del. transpose%+«%varcovar¥%«%del))

plot(—log(—log(1-1/(2:100))), zA((2:100)) ,type="1" ,ylim=c (0,40))
templ=0;temp2=0

7| for(r in 2:100){

templ [r—1]=zA(r)+1.96xzAse (1)
temp2 [r—1]=zA(r) —1.96xzAse (1)

lines(—log(—log(1—1/(2:100))), templ,lty=2,col=2)
lines(—log(—log(1—1/(2:100))), temp2,lty=2,col=2)

Appendix 2




AR GPD BAYES #55HEHAHAHH

#n is the number of runs

#dataset is the declustered exceedances

#sigmastart and xistart is where we initiliase the chain

#err eta and err xi are the MH random walk innovation sizes (tune according to
acc. rate),

#sdeta and sdxi are the normal prior specifications (should be quite large)

#Thresh is the threshold we used, inputted for return levels

#Lambda is exceedance rate

#Thin is the level of thinning desired, 0 or less results in no thinning

bayes6<—function (n,dataset ,sigmastart , xistart ,erreta ,errxi ,sdeta ,sdxi,thresh,
lambda , thin=0)

11 {

12| k<—length (dataset); #lambda=length (dataset|[dataset>thresh])/length (dataset)
13| sigma<—sigmastart; xi<—xistart; eta<—log(sigma)

o W =

[ )

1

11| caneta<—vector ("numeric”); caneta[l]<—eta #Proposal values

15| canxi<—vector ("numeric”); canxi[l]<—xi

16|  x<—vector (" numeric”) #x and y hold the chain
17| y<—vector ("numeric”)

15| aprobeta<—vector ("numeric”) #Acceptance

probabilities

19| aprobxi<—vector ("numeric”)

20|  ret=matrix (data=0,nrow=n, ncol=10) #Return levels

21| x[l]<—caneta[1] #Initialise chain

22| y[l]<—canxi[1]

23 for (i in 1:10){

24 ret[1,1] =thresh + exp(x[1])/y[1]*(((365.25%6%24)*i*10«lambda) y[1] —1)
26 loglik<—function (k, dataset ,ETA,XI)

27 {

28 nm<—min(1+(dataset* (XI/exp (ETA))))

29 if (m<0.00001){return (as.double(—1000000))} #This gives NA’s
otherwise

30 if (XI==0){return ( —k«ETA — (1/exp(ETA))x*sum(dataset) )}#Need this by
definition

31 loglik<— —k*ETA — (1+(1/XI))x*sum(log(1+((XIxdataset)/exp(ETA))))

32 return (loglik)

33

a1 for(i in 2:m){

35 caneta [i]<—x[i—1]+rnorm (1,0, erreta) #Metropolis Normal
random walk

36 likely<—exp ((loglik (k,dataset ,caneta[i],y[i—1]))—(loglik (k,dataset ,x[i—1],
yli-1])))

37 aprobeta[i]<—min(1,(likely*((dnorm(caneta[i],0,sdeta)))/((dnorm(x[i—1],0,
sdeta)))))

38 u<—runif (1)

39 if (u<aprobeta[i]){x[i]<—caneta[i]}

10 if (uw=aprobeta|i]){x[i]<—=x[i—-1]}

41 canxi[i]<—y[i—1]+rnorm (1,0, errxi)

12 likely2<—exp ((loglik (k,dataset ,x[i],canxi[i]))—(loglik (k, dataset ,x[i],y[l
1))

43 aprobxi[i]|<—min(1,(likely2x*((dnorm(canxi[i],0,sdxi)))/((dnorm(y[i—1],0,

sdxi)))))




|]<—canxi|i

yli i}
{yli]<=y[i-1]}

if (u<aprobxi[i])
15 Eu>—aprobX1 [i]
f

{
)
[1]==0){

or(j in 1:10){
t

48 ret[i,j] =thresh + exp(x[i])*log((365.25%6%24)x*jx10xlambda)

19 } #Gives return levels 10:100
50 telse{

51 for(j in 1:10){

52 ret [i,]] =thresh + exp(x[i])/y[1]*(((365.25%6%24)*j*10«lambda) y[1i]

— 1)
53 }
o }

6 if (thin <= 0){ #If no thinning provided (or
negative)

57 print (head (x))

58 results=matrix (ncol=14,nrow=n)

59 results[,1]=x

60 results[,2]=y

61 results[,3]=t(aprobeta) #Need to transpose these

vectors
62 results|[,4]=t (aprobxi)
63 results[,5:14]=ret [,]

61| } else {
65 num. thin = floor (n/thin)

66 results=matrix (ncol=14,nrow=num. thin)
67 for(t in l:num.thin){

68 results [t,1]=x[txthin

69 results [t,2]=y[t*thin]

70 results [t,3] t(aprobeta) [t*xthin]

71 results [t,4]=t(aprobxi) [t+thin]

72 results [t,5:14]=ret [t*thin ,]

73 }
S

75| return(results)

Appendix 3

1|#0ur function to decluster the data for arbitrary kappa
2| decluster <— function (dataset ,threshold ,kappa){

3| #Pre—defining kappa for odd situations , useful for web apps
| if(!length (kappa)) {

5 kappa = 10

6 }

71 x=list ()

8 z=list ()

9 j=1

10

11 for (i in (kappa+1):length(dataset)){

12 if (dataset [i—kappa]>threshold &

13 all (dataset [i:(i—kappa+1)]<=threshold)
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)
x=max(dataset [j:1])
ifelse (i != length(dataset), j<—i+1, NA)
z=c(z,x)}}}
return (as.numeric(z))

}

Appendix 4

#Predictive return level
zl7=vector ("numeric”)

for (r in 1:1000){ #For return levels 1 to 1000, find predictive
distribution
print (r)
CDF=function (z){
GPDCDF = vector ("numeric” ,length=length (xi.burn))
brackets = vector (”numeric” ,length=length (xi.burn))

for (i in 1:length(xi.burn)){

brackets[i] = max(0,(1 + xi.burn[i]*(z—8.3)/sigma.burn[i]))

GPDCDF[i] = (1—length(peaks)/length (hurrseason)x*((brackets[i])=**(—1/xi.
burn[i])))
}

return (mean (GPDCDF) —1 + 1/(365.25%6%24%100x*r)) #Increments of 100 to
speed up computation
}

z17 [r]=uniroot (CDF,c(4,90))$root #Solve for z analytically

Appendix 5

bayesSSE .GPD<—function (n, windspeeds , hyper=c(0,0.001,10,1,10,1) ,thin=0)
{
a=hyper [1]; b=hyper[2]; c=hyper[3]
d=hyper [4]; e=hyper[5]; f=hyper[6]

start .gammaeta=rep (0,length=12); start.gammaxi=rep (0,length=12) #Seasonal
components

start .epsiloneta=rep (0,length=5); start.epsilonxi=rep (0,length=>5)#Site
components

err .gammaeta = rep (0.06, length=12); err.gammaxi = rep(0.05, length=12)
err.epsiloneta = rep(0.05, length=5); err.epsilonxi = rep(0.03, length=5)

X1 = matrix(ncol = 12, nrow = n) #ACMC output for the seasonal effects (
gamma’s) for log(sigma)

X2 = matrix(ncol = 12, nrow = n) #AIMC output for the seasonal effects (
gamma’s) for xi

Y1l = matrix(ncol = 5, nrow = n) #CMC output for the site effects (
epsilon ’s) for log(sigma)

Y2 = matrix(ncol = 5, nrow = n) #AMCMC output for the site effects (
epsilon ’s) for xi




can.X1l = matrix(ncol = 12, nrow = n) #Candidates for the seasonal effects —

gammaeta

can.X1[1, ] = start.gammaeta

can.X2 = matrix(ncol = 12, nrow = n) #Candidates for the seasonal effects —
gammaxi

can.X2[1, ] = start.gammaxi

can.Y1l = matrix(ncol = 5, nrow = n) #Candidates for the site effects —
epsiloneta

can.Y1[l, ] = start.epsiloneta

can.Y2 = matrix(ncol = 5, nrow = n) #Candidates for the site effects —
epsilonxi

can.Y2[1l, ] = start.epsilonxi

#Now we initialise the first row of the MCMC matrices:
X1[1, ] =

#Matrices for acceptance probabilities:
aprob .gammaeta =

#Construct thresholds automatically for each site for each season

independently:
thresh = matrix(ncol= 5, nrow = 12)
tempholder = hourlyMax #To preserve column names etc.

tempholder[,2:6] =
print (" Calculating thresholds and exceedances:”)
for(m in 1:12){
print (paste (”Season number 7 m))
for(k in 1:5){
temporary = vector ("numeric”)
temporary = windspeeds |, (k+1)][windspeeds[, 8]==m] #To make subsectting
it easier
thresh [m,k] = quantile (temporary ,0.9) #90% quantile
for(u in 1:dim(tempholder)[1]){
if (windspeeds [u, 8)==m){ #0nly use relevant month
temp = windspeeds[u, (k+1)]
if (temp > thresh [m,k]){tempholder[u, (k+1)] = temp — thresh [m,k]}
else{tempholder [u, (k+1)] = NA} #Computes exceedance
}
}
}

} windspeeds = tempholder

#We’re using eta = gammaeta + epsiloneta; xi = gammaxi + epsilonxi
loglik<—function (dataset ,
GAMMAETA, GAMMAXI, EPSILONETA , EPSILONXT) #Define log

likelihood for GPD
{k=length (dataset)
nx—min(1+(dataset s ((GAMMAXHEPSILONXI) /exp (GAMMAETAHEPSILONETA ) ) ) )
if (m<0.00001){return (as.double(—1000000))} #This gives NA’s
otherwise




61 if ((GAMMAXHEPSILONXI)==0){return ( —kx (GAMMAETA+EPSILONETA) — (1 /exp(
GAMMAETA+EPSILONETA) ) xsum ( dataset ) )}#Need this by definition

0 loglik<— —ks* (CAMMAETA+EPSILONETA) — (1+(1/(GAMMAXI-EPSILONXI) ) ) sum (log
(14 (((GAMMAXHEPSILONXI) xdataset ) /exp (GAMMAETA+EPSILONETA) ) ) )

63 return (loglik)}

65| #Initialise mu, tau and zeta using the prior means of FCDs
66 mu =

68 tau[l,1] =
71 #Start Metropolis—Gibbs alg .:

72| print (7 Start the MCMC:”)
) for(i in 2:m){

74 print (paste(”Iteration 7 ,i))

76 #Seasonal effects:

77 lik .X1 = vector ("numeric”, 12); lik .X2 = vector (" numeric”, 12)

78 lik . X1[] = 0; 1lik.X2[] =0

79 for (m in 1:12){

80 can.X1[i, m] = X1[(i—1), m] + rnorm (1, O, err.gammacta[m])

81 can.X2[i, m] = X2[(i—1), m] + rnorm (1, 0, err.gammaxi[m])

83 for(k in 1:5){

84 data.contribution = windspeeds|[, (k+1)][windspeeds[, 8]==m]

85 data.contribution = data.contribution[!is.na(data.contribution)]

86 if (length (data.contribution)==0){1lik.cont.X1 = 0; lik.cont.X2 = 0O}else
{

87 lik . cont .X1 = logllk data.contribution, can.X1[i, m], X2[(i-1), m],

(

YI[(i—-1), k], Y [(1—1) k]) — loglik (data. contrlbutlon, X1[(i-1)

Cw], X2[(i-1), m], YI[(i-1), k], Y2[(i-1), k])

88 lik . cont .X2 = logllk(data contribution, X1[(i—1), m], can.X2[i, m],

Y1[(i— ), k], Y2[(i— ) k]) — loglik (data.contribution, X1[(i—1)
m], X2[(i-1), m], Yi[(i-1), k], Y2[(i-1), k])}

89 if(is. na(l k.cont.X1) | is.na(lik.cont.X2)){print(k)}

90 llk X1[m] = lik.cont.X1 + lik .X1[m]

91 lik . X2[m] = lik.cont.X2 + lik .X2[m]

92 }

94 aprob.gammaeta[i, m] = min(1, (exp(lik.X1[m])x*(dnorm(can.X1[i, m], 0, 1/

sqrt (tau[i—1,1])))/(dnorm(X1[(i—1), m], 0, 1/sqrt(tau[i—1,1])))))

95 aprob.gammaxi[i, m] = min(1l, (exp(lik.X2[m])*(dnorm(can.X2[i, m], 0, 1/

sqrt (tau[i—1,2])))/(dnorm(X2[(i—1), m], 0, 1/sqrt(tau[i—1,2])))))

96

97 u = runif(2,0,1)

98 if (ull] < aprob.gammaeta[i, m]) {

99 X1[i, m] = can.X1[i, m]}else{X1[i, m] = X1[(i-1), m]}
100 if (u[2] < aprob.gammaxi[i, m]) {

101 X2[i, m] = can.X2[i, m]}else{X2[i, m] = X2[(i—-1), m]}
102 }

103

104 #Site effects::

105




106 for(j in 1:5){

109 for(k in 1:12){
110 S}

112 aprob.epsiloneta[i, j] =

113 u = runif(2,0,1)

114 if (u[l] < aprob.epsiloneta[i, j]){...}else{...}
]

115 if (u[2] < aprob.epsilonxi[i, j]){...}else{...}
116 }

117

118 #FCDs:

119 tauli,1] =

120

121

122 }

123 if (thin <= 0){

124 return (...)

125} oelse {

126 num. thin = floor (n/thin)
127 e =

128 }

129 return (...)

130 }

131 }

Appendix 6

1|## An example of data—pre processing
2|#Creating a "hollow” timestamp matrix

s| yearscount = ¢ (8760, 8760, 8784, 8760, 8760, 8760, 8784)
1| timestamp . mat=matrix (0,ncol=5,nrow=sum( yearscount ) )

5 tally=0

6| yearstart=2010

7| for (y in 1l:length (yearscount)){

s|  timestamp.mat[(tally + 1):(tally + yearscount|[y]), l]=yearstart—1 + y
o/ sum=0; daysmonths = ¢(31, 28, 31, 30, 31, 30, 31, 31, 30, 31, 30, 31)
| if (yearscount [y]==8784){daysmonths[2]=29} else {daysmonths[2]=28}

1| for(i in 1:12){

12 timestamp.mat|[ (tally + sum + 1):(tally + sum + daysmonths|i
13 timestamp.mat| (tally 4+ sum + 1):(tally + sum + daysmonths|i

} ’ ] =i
] =

14 as.numeric (
)

£24), 2
x24), 3]
gl(d

aysmonths
[1],24)
15 #Hours
16 if (yearscount [y]==8784) {timestamp.mat|[ (tally + 1):(tally + yearscount|[y
])7 4} =
17 rep (seq (from=0,t0=23,
by=1), 366)}
18 else {timestamp .mat| (tally + 1):(tally 4+ yearscount [y
D), 4] =




NN N
N o= O

[S1E N}

WowWw W W N NN NN NN
O N = O © 00 N O C w

34
35

36

o

40
41

42

13

rep (seq (from=0,t0=23,
by=1), 365)}
sum=sum + daysmonths[i]=*24

}

tally = tally 4+ yearscount [y]

}

timestamp.mat = as.data.frame (timestamp .mat)

timestamp . mat$Datehour <— sprintf (”%.41 —%.21 =%.2iT%.21” , timestamp .mat|,
timestamp.mat[, 2], timestamp.mat[, 3],
timestamp .mat [, 4])

hourlyMax = data.frame(rep(0,length (timestamp.mat$Datehour)) ,0,0,0,0,0)

colnames (hourlyMax) <— c¢(”Time” ,” Sitel” ,”Site2”, 7 Site3”,” Sited” ,” Site5”)

hourlyMax$Time <— timestamp .mat$Datehour

1],

#Pre—processing for site 1
sanjuan [sanjuan|[, 7] = 99, 7] <— NA
sanjuan$Datehour <— sprintf(”%.4i—%.21 —%.2iT%.2i1” , sanjuan|, 1], sanjuan[, 2],
sanjuan [, 3], sanjuan[, 4])
hourlyMax1l <— aggregate (V7 ~ Datehour, sanjuan, max)
for (i in 1:max(dim(hourlyMax1)[1],dim(hourlyMax)[1])){
if (any (hourlyMax1[,1][i] = hourlyMax|[,1]) ){#Catch any numeric(0), replace
with 0
if (identical (hourlyMax1 [which (hourlyMax1[,1][i] = hourlyMax[,1]) ,2],
numeric (0))){
hourlyMax [ which (hourlyMax1[,1][i] = hourlyMax[,1]) ,2] = 0.1
} else {hourlyMax[which (hourlyMax1[,1][i] = hourlyMax[, 1) .2] =
hourlyMax1[i,2]}




