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L(u,0,5)=0i]:[[1 5( ﬂﬂ(_m_lexp{—g(Hé(X‘;ﬂD_ug} (2.14)
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UL 18 e\: ;
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L(u,0,8) =ikf[ (1+ 5[%jj[ 2 (2.16)
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3) afilandudannanizinazdu (Log-likelihood Function) vesfiauusduainnisuan
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Martin and Stedinger (2000) launauslunsfivesdoyamesugnnaans lnaiiiy
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1) farsanilsiduanununduauiiaziluresiudsdy Y 91naunisi (2.10) uas
avmdasduneu 7(£) 1Naun1sh (2.18)

2) a¥ailandun1izunazidu (Likelihood function) vedfakUsduaINNITHINKIINT
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(2.23)
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2.2.3 A5Ua9Ud (Bayesian Method)
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fewdi 3 et 9(0) 3

Lag h(6’|x1 X, ,.
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n
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B f(x]0) laeft 0 Dudwesdiuusdy © Afilaridunswanuasnon g(6) druszunm
WUUNEMIY04LUE (Posterior Bayes Estimator) vaaileidu 7(0) iguiuilandunisuan
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library(EnvStats)

library(extRemes

col="green

3
Le if

B3AlU 19 m wnu

ANs10masUIswmUa

# 9100%UIN SN ITHANIIA
IuIUTU LIRS . @S L3atinig

m=1000;a=3;b=1,c=0;

# a$rannwasdmsuiuAIUsEIUNISTR S

locl = (); scal = c(); shal = () # @MSUID ML

loc2 = (); sca2 = c(); sha2 = () # @M5UI0 GML

loc3 = c(); sca3 = c(); sha3 = c() # d1m3U3B Bayesian
locd = (); scad = c(); shad = c() # @ m5UI5 L-moments

# for loop dmsun1sdnaestoya tngIugl m A
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for (rin 1:m) {
B = TRUE
while (B) {

z <-rgevd(n, loc = a, scale = b, shape = c)

S fGnon
'n k.

&=

{'rin) findpars sShepe) =
(fit3)Slocation)
sca3[r] =
sha3[r] = mean( SShape

locd[r] = findpars(fitd)[1]

scad{r] = findpars(fitd)[2]

shad[r] = findpars(fitd)[3]

cat("Round : ", r, "\n")
}

# UTeuaAI NS M oS A NS UAaz s R b UN1SUS LU UAINIS TR DS

est loc = c(mean(locl), mean(loc2), mean(loc3), mean(loc4))
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est_sca = c(mean(scal), mean(sca2), mean(sca3), mean(scad))
est_sha = c(mean(-shal), mean(-sha2), mean(-sha3), mean(-sha4))
est = round(data.frame(est_loc,est sca,est sha),4)

# AUIUAT MSE 999AUS NS 1 T80 S USRI AL E S ULAaZAS

mse_locl = mean((a - loe

Ty
bR AR AR N

WA NN

A =

e A
. 4)

SNddD d
sca,mse_sha),g

Qg €)

\Y

WA ULAAZID

dZ,F1SE
(mse_loc,mse_

ﬂ”ﬁF’]

# ARG

sd_locl = sd(locl, a)
sd_loc2 = sd(loc2, a)
sd loc3 = sd(loc3, a)
sd_locd = sd(locd, a)

# s donuunnsguvesaszinam e susuindmiuusiayis
sd scal = sd(scal, b)
sd sca2 = sd(sca2, b)
sd sca3 = sd(sca3, b)
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sd_scad = sd(scad, b)

# AmnardudsauunnsgureiiUspnamsine UsgUdmiuusiay s
sd_shal = sd(shal, -©)
sd_sha2 = sd(sha2, -¢)
sd_sha3 = sd(sha3, -¢)
sd_shad = sd(sh

B e L T L PRL P s ¢ 0 o

\ T Ii“;lll i;i-li':lléi'{} ?:'

; T
PR FUA L .-Igr;d#g,-.
1o

main = "Location", xlab = "n", ylab = " MSE ", pch = 8, cex = 1.5)

lines(x, ML, type = "b", lty = 2, lwd = 2, col = "blue", pch = 6, cex = 1.5)
lines(x, GML,type = "b", lty = 1, lwd = 2.9, col = "red", pch = 5, cex = 1.5)
lines(x, Bayes, type = "b", lty = 4, lwd = 2.9, col = "orange", pch = 4, cex = 1.5)
lines(x, LMOM, type = "b", lty = 5, lwd = 2, col = "green", pch = 3, cex = 1.5)
axis(1, at = 1:4, labels = y)

labels = c("ML", "GML", "Bayesian", "L-moments")
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non

colors = c("blue", "red", "orange", "green")
pchh = c(6, 5, 4, 3)
legend("topright”, inset = .03, labels, lwd = 3, lty = 1, col = colors, pch = pchh)

## dmsuaUszanaumsiwesuune Tngldan MSE Alevianunannuiagds
ML = ¢(0.0544,0.0307,0.0

i 7§71}

Bayes = c(0.0538,0.0306,0.0206,0.0126)

LMOM = ¢(0.0659,0.0483,0.0355,0.0284)

y = (30, 50, 70, 100)

x = seq(1,4)

plot(x, y, type = "b", lty = 3, lwd = 2, col = "black’, xaxt = "n", ylim = (0.01,0.14),

main = "Shape", xlab = "'n", ylab = " MSE ", pch = 8, cex = 1.5)
lines(x, ML, type = "b", lty = 2, lwd = 2, col = "blue", pch = 6, cex = 1.5)
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lines(x, GML,type = "b", lty = 1, lwd = 2.9, col = "red", pch = 5, cex = 1.5)
lines(x, Bayes, type = "b", lty = 4, lwd = 2.9, col = "orange", pch = 4, cex = 1.5)
lines(x, LMOM, type = "b", lty = 5, lwd = 2, col = "green", pch = 3, cex = 1.5)

axis(1, at = 1:4, labels = y)
labels = c("ML", "GML", . Ba¥

colors = c("blue", "red", "orange", "green")

pchh = c(6, 5, 4, 3)

legend("topright", inset = .03, labels, lwd = 3, lty = 1, col = colors, pch = pchh)
## dususUsznamsiiwesUina Tnglden MSE flimueanudas3s

ML = (0.0258,0.0157,0.01,0.0066)

GML = ¢(0.0235,0.0146,0.0117,0.0073)

Bayes = c(0.0389,0.0183,0.0117,0.0073)
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LMOM = (0.0266,0.0168,0.011,0.0074)

y = c(30, 50, 70, 100)

x = seq(1,4)

plot(x, vy, type ="b", lty = 3, lwd = 2, col = "black”, xaxt = "n", ylim = c(0.001,0.05),

b Y eniin |

USR5 a0

:“ |“"lll;.l||l|l|lll
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= c(0.0312,00157;0.0 56;005

n=6,cex=1.5)

lines(x, GML,type = "b", lty = 1, lwd = 2.9, col = "red", pch = 5, cex = 1.5)
lines(x, Bayes, type = "b", lty = 4, lwd = 2.9, col = "orange", pch = 4, cex = 1.5)
lines(x, LMOM, type = "b", lty = 5, lwd = 2, col = "green", pch = 3, cex = 1.5)
axis(1, at = 1:4, labels = y)

labels = c("ML", "GML", "Bayesian", "L-moments")

colors = c("blue", "red", "orange", "green")

pchh = c(6, 5, 4, 3)



139

legend("topright", inset = .03, labels, lwd = 3, lty = 1, col = colors, pch = pchh)
# 36T 3 LﬁamﬂizmmmﬁﬁLmaiﬁagﬂimmmthué

## dmduiUszanamnsfivessiums Tngldan MSE Algimunanusiayis

ML = ¢(0.0607,0.0813,0.022,0.0381)

ﬂmﬂ!n 8

LMOM = ¢(0.0343,0.0189,0.0121,0.0084)

y = (30, 50, 70, 100)

x = seq(1,4)

plot(x, y, type = "b", lty = 3, lwd = 2, col = "black”, xaxt = "n", ylim = c(0.001,0.33),
main = "Scale", xlab = "n", ylab = " MSE ", pch = 8, cex = 1.5)

lines(x, ML, type = "b", lty = 2, lwd = 2, col = "blue", pch = 6, cex = 1.5)

lines(x, GML,type = "b", lty = 1, lwd = 2.9, col = "red", pch = 5, cex = 1.5)
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lines(x, Bayes, type = "b", lty = 4, lwd = 2.9, col = "orange", pch = 4, cex = 1.5)
lines(x, LMOM, type = "b", lty = 5, lwd = 2, col = "green", pch = 3, cex = 1.5)

axis(1, at = 1:4, labels = y)
labels = c("ML", "GML", "Bayesian", "L-moments")

(0.1116,0.0347,0,01 ,@- )13

I"'i :
= ((0.0414,0:019 Vs r :

c(30, 50 ﬁm'm

.................

LISSTPSLY nmm

L-moments")

pchh = c(6, 5, 4, 3)
legend("topright", inset = .03, labels, lwd = 3, lty = 1, col = colors, pch = pchh)
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# asnansmleynsunaasalnunsudmsudeyausinanirugeansieUataudnns

< 2o

, 1 0y b, S
'zlz 0,200) _#‘

- -y
'@dm, xlab =i '“1-_-- S5 mai
Ay

hist(y_bn, xlab = "millimeters", main = "Bang Na Station")
# aunameynsunauayalnunsudmivdoyatiinanirugwaeselaminaeuny
kt <- attach(X455203 max rainfall data in each year)
x_kt <- ktSYear
y_kt <- ktS"maximum rainfall (mm)’
plot(x kt, y kt, type ="", xlab = "year", ylab = "maximum rainfall (mm)", ylim
= ¢(0,300), main = "Yearly Maximum Rainfall of Klong Toey Station")
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hist(y_kt, xlab = "millimeters", main = "Klong Toey Station")

#

[
a

# AnuAaiAiugudmsuteyaUsinaniugegesedusazaniinsiainseaui

<9

library(moments)

dm), me

iz

s
.,_#
~area <- roundlctkirtes

T

MU HUNIDIDBOTIAAL T3
RYATRERTAR
e, I )

= o]

-

mean(findpars(fit3 sgncc)$scale), findpars(fitd sqncc)[2])

sha_sgncc <- c(mean(findpars(fitl_sgncc)$shape), mean(findpars(fit2_sgncc)Sshape),
mean(findpars(fit3 sgncc)$shape), findpars(fitd sgncc)[3])

parameter_sqgncc <- data.frame(loc_sqgncc, sca_sgncc, sha sgncc)

# aeiuuuuasAuAUsEIam T iiee fuay d miudoya Ui vlugsansel

NG ERIISION

fitl dm <- fevd(y dml[1:20], type = "GEV", method = "MLE" )
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fit2_dm <- fevd(y_dm[1:20], type = "GEV", method = "GMLE")

fit3_dm <- fevd(y_dm[1:20], type = "GEV", method = "Bayesian", iter = 2000)

fitd dm <- fevd(y_dm[1:20], type = "GEV", method = "Lmoments")

loc_dm <- c(mean(findpars(fitl_dm)Slocation), mean(findpars(fit2_dm)$location),

4 dm)[1])

2. dm)Sscale),

o

,finepears(f 4 bR

(fit3 bn)$shape) findpars(fitd

Sanfi pars(ﬁt é’
3
eﬁe@

# af1amluULAE AR AT TR Rty
osanlinadLne

fitl kt <- fevd(y kt[1:20], type = "GEV", method = "MLE" )

fit2 kt <- fevd(y kt[1:20], type = "GEV", method = "GMLE" )

fit3_kt <- fevd(y kt[1:20], type = "GEV", method = "Bayesian", iter = 2000)

fitd kt <- fevd(y kt[1:20], type = "GEV", method = "Lmoments")

loc_kt <- c(mean(findpars(fitl _kt)Slocation), mean(findpars(fit2_kt)$location),

mean(findpars(fit3_kt)Slocation), findpars(fitd kt)[1]1)



144

sca_kt <- c(mean(findpars(fitl_kt)Sscale), mean(findpars(fit2_kt)Sscale),
mean(findpars(fit3_kt)$scale), findpars(fitd_kt)[2])

sha_kt <- c(mean(findpars(fitl_kt)$shape), mean(findpars(fit2_kt)$shape),
mean(findpars(fit3_kt)$shape), findpars(fitd_kt)[3])

# AasgRuMsiatdmiudeyausinanirugegaann v

rel_bn <-return.level(fitl bn, return.period = seq(2,10), method = c("normal”), do.ci
= FALSE, verbose = FALSE, gcov = NULL, gcov.base = NULL)

re2_bn <- return.level(fit2_bn, return.period = seq(2,10), method = c("normal”), do.ci

= FALSE, verbose = FALSE, gcov = NULL, gcov.base = NULL)

re3 bn <- return.level(fit3 bn, return.period = seq(2,10), method = c("normal"), do.ci

= FALSE, verbose = FALSE, gcov = NULL, qcov.base = NULL)
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red bn <- return.level(fitd_bn, return.period = seq(2,10), method = c("normal"), do.ci
= FALSE, verbose = FALSE, gcov = NULL, gcov.base = NULL)
# AuszAunsintdmsuteyaUTinalmWugianannlnasng

rel kt <- return.level(fitl_kt, return.period = seq(2,10), method = c("normal"), do.ci =

wornal”), do.ci =

LL)
r!.'i
0),"method = Cz normall)do.ci =
e S
T
i N a8
" R LR ﬁuﬂﬂ{%
o~

RARAGAR

E, verbose =fFALSE,
i
kt <- return leve

par( = CYLDI g AR AR AR
?‘t‘ﬁtz-s oSy '"i ?fi’;'.‘z:z:z:z::fa:.?::?:z:z:z.:_-:»1
ql' bl llllllll'llllllil'ﬁ[u”f_iﬁ
fit wSOREC |;‘ 3 PLo] 'l ypey= OE;TI.' ¥,
L =, / -~

O
i
L@ﬁiz_sqncc,'n De %‘J ot"} 'ty

e &
o iagnostiePl5g,for
%— -1.57@exs
ol8t, 99

— L] :
plot(ﬁtél_dm

plot(fitd_dm, main = "Denr
mtext("Diagnostic Plot for Yearly Maximum Rainfall at DONMUANG", outer = TRUE,

side = 3, line = -1.5, cex = 1.1)
# pp plot, qq plot kag density plot ém%’u%’agaﬂ%mwfﬂNuqqqmamﬁmqm
plot(fitl_bn, main = "PP Plot", type = "probprob")
plot(fitl_bn, main = "QQ Plot", type = "qq")
plot(fitl_bn, main = "Density Plot", type = "density")
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mtext("Diagnostic Plot for Yearly Maximum Rainfall at BANGNA", outer = TRUE, side =
3, line = -1.5, cex = 1.1)

# pp plot, qq plot uag density plot dwsuteyauSinaumugiaaailnasng

plot(fit2_kt, main = "PP Plot", type = "probprob")

2 ..T‘ \ L e { 0 § Yo
[donnsviuanian sedS SUpuRIUSS 0. AU AR VIR
- x
= Ly

' -

[Uug AxAalIA I MAPE

compar -F-I-T'! estima
[25251 W/ \

g =) AR

W 4 G Gy

t
c(90, ol 5/slatedlue 1

%:157i = 'Retl 'I.{-‘.E::_I||1I
3

(143
e
Kl D A E ’Lty:]_’ﬁt)
FBONMUANG", "BANGNA', "KLONG;@
[drigeredimmidnightblue!; sreend”)
legend("bottom”, horiz = TRUE, inset = .01, labels, lwd = 2, lty = 1, pch = pchset,

colorset <- c("slatebluée O

col=colorset, cex=0.6)
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Adalusunsuensnldlunuidedmsunisdnassdeyaannsuaniasnasinansienaly

library(extRemes)
library(evd)
#

els "- !

red,"blug","one

1
o

v TERRAIRPAL

locl = c(); scal = c(); shal = c()
loc2 = c(); sca2 = <(); sha2 = c()
loc3 = «(); sca3 = c(); sha3 = c()
locd = c(); scad = c(); shad = c()

1, e - ||'||:|l||||l'll'il" )
IC = c t lan"*}iou S
"-"r E' K r

P71 N EAUTEIN 6 T

fo%

# @115U75 ML
# @M5UI0 GML
# d1m3U3B Bayesian

# @115U35 L-moments

# for loop dusun1sdnaestoya tngIug m A

for (rin 1:m) {

z <- rgpd(n, loc = a, scale = b, shape = ¢)
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fitl <- fevd(z, threshold = quantile(z,p), type = "GP", method = "MLE")

fit2 <- fevd(z, threshold = quantile(z,p), type = "GP", method = "GMLE" )

fit3 <- fevd(z, threshold = quantile(z,p), type = "GP", method = "Bayesian",iter =2000)
fitd <- fevd(z, threshold = quantile(z,p), type = "GP", method = "Lmoments")

loc1[r] = quantile(z,p

# ANUINAT MSE 289A 1094

mse_locl = mean((a - loc1)A2)
mse loc2 = mean((a - loc2)A2)
mse_loc3 = mean((a - loc3)2)
mse_locd = mean((a - loc4)2)
# AUINIAT MSE 993AU520N0mN 30005 Uaund s uusiaz 3o
mse scal = mean((b - scal)’2)

mse_sca2 = mean((b - sca2)’2)
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mse_sca3 = mean((b - sca3)"\2)
mse_scad = mean((b - scad)"2)

# ANUIUAT MSE Guaqﬂ"rdizumwwsqﬁma%ﬁagﬂ%wﬁm%’uLwiaz"?%

mse_shal = mean((c - sha1)A2)

d Fj:‘[‘-l

magmﬁummﬂszmmwwwﬁLmai‘"@@w i I ERh!

sd_sha2 = sd(sha2, c
sd_sha3 = sd(sha3, c)

sd_shad = sd(shad, c)

sd loc = c(sd locl,sd loc2,sd loc3,sd locd)
sd_sca = c(sd_scal,sd sca2,sd sca3,sd scad)
sd_sha = c(sd_shal,sd sha2,sd sha3,sd shad)
sd = round(data.frame(sd loc,sd sca,sd sha),4)

method = c("MLE","GMLE","BAYSIANS","LMOMENT")
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output_GP = data.frame(method,est,mse,sd)

#

# waemnsm MSE
par(mfrow=c(1,3))

# NN 1 1WaA1UITTUUM

ma

P 'ﬁ‘l‘ﬁ
ines(x M kq; p\—

ML, "G

N

ML = c(0.6591, 0.6970, 0.7230, 0.7190)
GML = ¢(0.9728, 0.9544, 0.9359, 0.8858)
Bayes = c(0.7663, 0.7648, 0.7761, 0.7568)
LMOM = c(0.7956, 0.7825, 0.7952, 0.7698)
y = (300, 500, 700, 1000)

x = seq(1,4)
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plot(x, y, type = "b", lty = 3, lwd = 2, col = "black”, xaxt = "n", ylim = ¢(0.61,1.19), main
= "Scale", xlab = "n", ylab = " MSE ", pch = 8, cex = 1.5)

lines(x, ML, type = "b", lty = 2, lwd = 2, col = "blue", pch = 6, cex = 1.5)

lines(x, GML,type = "b", lty = 1, lwd = 2.9, col = "red", pch = 5, cex = 1.5)

lines(x, LMOM, type ="B

axis(1, at = 1:4, labels = y)

labels = c("ML", "GML", "Bayesian", "L-moments")

colors = c("blue", "red", "orange", "green")

pchh = c(6, 5, 4, 3)

legend("topright”, inset = .03, labels, lwd = 3, lty = 1, col = colors, pch = pchh)
# N3l 2 WerUsssnamnsfimesvsgussdesningud Tusuwmiadesidudlndd 90

## A1SUAUTEINANNS e U IWALS Taglden MSE Alevanunannusayis
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ML = c(10.9267, 10.9936, 11.0434, 11.0305)
GML = c(10.9267, 10.9936, 11.0434, 11.0305)
Bayes = c(10.9267, 10.9936, 11.0434, 11.0305)
LMOM = ¢(10.9267, 10.9936, 11.0434, 11.0305)
y = (300, 500, 700, 1000

)

o' | | had

x = seq(1,4)

plot(x, y, type = "b", lty = 3, lwd = 2, col = "black”, xaxt = "n", ylim = ¢(0.79,1.39), main
= "Scale", xlab = "n", ylab = " MSE ", pch = 8, cex = 1.5)

lines(x, ML, type = "b", lty = 2, lwd = 2, col = "blue", pch = 6, cex = 1.5)

lines(x, GML,type = "b", lty = 1, lwd = 2.9, col = "red", pch = 5, cex = 1.5)

lines(x, Bayes, type = "b", lty = 4, lwd = 2.9, col = "orange", pch = 4, cex = 1.5)

lines(x, LMOM, type = "b", lty = 5, lwd = 2, col = "green", pch = 3, cex = 1.5)

axis(1, at = 1:4, labels = y)
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labels = c("ML", "GML", "Bayesian", "L-moments")

colors = c("blue", "red", "orange", "green")
pchh = (6, 5, 4, 3)

legend("topright", inset = .03, labels, lwd = 3, lty = 1, col = colors, pch = pchh)
#it FUTUANUITUI N TN Usgusaesbaelaian, [V Fanunanuaz s
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ML = c(15.374, 15.5214, 15.5526, 15.5069)
GML = c(15.374, 15.5214, 15.5526, 15.5069)
Bayes = c(15.374, 15.5214, 15.5526, 15.5069)
LMOM = c(15.374, 15.5214, 15.5526, 15.5069)
y = (300, 500, 700, 1000)

x = seq(1,4)
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plot(x, y, type = "b", lty = 3, lwd = 2, col = "black", xaxt = "n", ylim = c(15.30,15.80),
main = "Location", xlab = "n", ylab = " MSE ", pch = 8, cex = 1.5)

lines(x, ML, type = "b", lty = 2, lwd = 2, col = "blue", pch = 6, cex = 1.5)

lines(x, GML,type = "b", lty = 1, lwd = 2.9, col = "red", pch = 5, cex = 1.5)

lines(x, LMOM, type ="B
axis(1, at = 1:4, labels = y)

labels = c("ML", "GML", "Bayesian", "L-moments")

colors = c("blue", "red", "orange", "green")

pchh = c(6, 5, 4, 3)

legend("topright”, inset = .03, labels, lwd = 3, lty = 1, col = colors, pch = pchh)
## dwiuaUszanamisiimesusgusns Taglde MSE Alimunanusasia

ML = c(0.2125, 0.0986, 0.0514, 0.0284)
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GML = c(0.0596, 0.0407, 0.0305, 0.025)
Bayes = c(0.4364, 0.1055, 0.0462, 0.0262)
LMOM = ¢(0.1404, 0.0819, 0.0526, 0.0359)
y = c(300, 500, 700, 1000)

x = seq(1,4)

, GML,typefs "o0",_ty

]
s(x, Bayes, type

) 1r” "'

AT
L.'. 5] |~i'rh.
W

x = seq(1,4)

plot(x, y, type = "b", lty = 3, lwd = 2, col = "black”, xaxt = "n", ylim = c(14.30,14.55),
main = "Location”, xlab = "n", ylab = " MSE ", pch = 8, cex = 1.5)

lines(x, ML, type = "b", lty = 2, lwd = 2, col = "blue", pch = 6, cex = 1.5)

lines(x, GML,type = "b", lty = 1, lwd = 2.9, col = "red", pch = 5, cex = 1.5)

lines(x, Bayes, type = "b", lty = 4, lwd = 2.9, col = "orange", pch = 4, cex = 1.5)

lines(x, LMOM, type = "b", lty = 5, lwd = 2, col = "green", pch = 3, cex = 1.5)

axis(1, at = 1:4, labels = y)
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labels = c("ML", "GML", "Bayesian", "L-moments")

colors = c("blue", "red", "orange", "green")
pchh = (6, 5, 4, 3)
legend("topright", inset = .03, labels, lwd = 3, lty = 1, col = colors, pch = pchh)
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GML = c(0.0163, 0.0104, 0.0084, 0.006)

Bayes = c(0.0479, 0.0213, 0.0129, 0.0072)

LMOM = (0.0308, 0.0178, 0.0126, 0.0082)

y = c(300, 500, 700, 1000)

x = seq(1,4)

plot(x, y, type = "b", lty = 3, lwd = 2, col = "black”, xaxt = "n", ylim = (0.00,0.06), main
= "Shape", xlab = "n", ylab = " MSE ", pch = 8, cex = 1.5)
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lines(x, ML, type = "b", lty = 2, lwd = 2, col = "blue", pch = 6, cex = 1.5)
lines(x, GML,type = "b", lty = 1, lwd = 2.9, col = "red", pch = 5, cex = 1.5)
lines(x, Bayes, type = "b", lty = 4, lwd = 2.9, col = "orange", pch = 4, cex = 1.5)
lines(x, LMOM, type = "b", lty = 5, lwd = 2, col = "green", pch = 3, cex = 1.5)

axis(1, at = 1:4, labels =

axis(1, at = 1:4, labels =

labels = c("ML", "GML", "Bayesian", "L-moments")

colors = c("blue", "red", "orange", "green")

pchh = c(6, 5, 4, 3)

legend("topright”, inset = .03, labels, lwd = 3, lty = 1, col = colors, pch = pchh)
## dsuadszanamsiwessua lnglde MSE flimueanusasis

ML = c(0.5135, 0.2241, 0.1511, 0.0945)

GML = (0.2563, 0.1433, 0.1072, 0.0815)
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Bayes = (0.381, 0.193, 0.1354, 0.0861)
LMOM = (0.3264, 0.189, 0.1412, 0.0956)
y = c(300, 500, 700, 1000)

x = seq(1,4)

plot(x, y, type = "b", ="n", ylim = c(0.08,0.60), main
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= "Shape", xlab = "n",
lines(x, ML, type = "b", lty = 2, lwd = 2, col = "blue", pch = 6, cex = 1.5)
lines(x, GML,type = "b", lty = 1, lwd = 2.9, col = "red", pch = 5, cex = 1.5)
lines(x, Bayes, type = "b", lty = 4, lwd = 2.9, col = "orange", pch = 4, cex = 1.5)
lines(x, LMOM, type = "b", lty = 5, lwd = 2, col = "green", pch = 3, cex = 1.5)
axis(1, at = 1:4, labels = y)

labels = c("ML", "GML", "Bayesian", "L-moments")

colors = c("blue", "red", "orange", "green")
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pchh = c(6, 5, 4, 3)
legend("topright", inset = .03, labels, lwd = 3, lty = 1, col = colors, pch = pchh)

# N3N 6 WormUszanamsdnesusgusnavituaud Tuskumisdesidudlngi 95

## F1uSuAUTEINANNS e U ILULe Taglden MSE Alevanunannusayis

ML = c(1.7679,%0y
GML = c(0.5372,
Bayes = c(1.0724, 0.502, 0.3129, 0.1897)
LMOM = c(0.7597, 0.4374, 0.3026, 0.1936)
y = c(300, 500, 700, 1000)

x = seq(1,4)

plot(x, y, type = "b", lty = 3, lwd = 2, col = "black”, xaxt = "n", ylim = c(0.20,2.00), main

= "Scale", xlab = "n", ylab = " MSE ", pch = 8, cex = 1.5)
lines(x, ML, type = "b", lty = 2, lwd = 2, col = "blue", pch = 6, cex = 1.5)
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lines(x, GML,type = "b", lty = 1, lwd = 2.9, col = "red", pch = 5, cex = 1.5)
lines(x, Bayes, type = "b", lty = 4, lwd = 2.9, col = "orange", pch = 4, cex = 1.5)
lines(x, LMOM, type = "b", lty = 5, lwd = 2, col = "green", pch = 3, cex = 1.5)
axis(1, at = 1:4, labels = y)

labels = c("ML", "GML",_’Ba¥
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colors = c("blue”,

pchh = c(6, 5, 4, 3)

legend("topright”, inset = .03, labels, lwd = 3, lty = 1, col = colors, pch = pchh)
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# N3aIT 7 Lﬁamﬂizmmmiﬂﬁma%ﬂqgﬂéwmﬂﬂ'j'}qué Tushumisdesdudlndd 85
## dmdumdsznamileosiiuwmis Tngldan MSE Aldamumanusas3s

ML = c(26.0175, 26.2381, 26.1448, 26.0546)

GML = c(26.0175, 26.2381, 26.1448, 26.0546)

LMOM = c(3.2839, 2.90
y = c(300, 500, 700, 1000)

x = seq(1,4)

plot(x, y, type = "b", lty = 3, lwd = 2, col = "black’, xaxt = "n", ylim = c(2.65,6.5), main
= "Scale", xlab = "n", ylab = " MSE ", pch = 8, cex = 1.5)

lines(x, ML, type = "b", lty = 2, lwd = 2, col = "blue", pch = 6, cex = 1.5)

lines(x, GML,type = "b", lty = 1, lwd = 2.9, col = "red", pch = 5, cex = 1.5)

lines(x, Bayes, type = "b", lty = 4, lwd = 2.9, col = "orange", pch = 4, cex = 1.5)
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lines(x, LMOM, type = "b", lty = 5, lwd = 2, col = "green", pch = 3, cex = 1.5)
axis(1, at = 1:4, labels = y)
labels = c("ML", "GML", "Bayesian", "L-moments")

colors = c("blue", "red", "orange", "green")

pchh = (6, 5, 4, 3)
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# n3din 8 ileAUszanamnslinesuasustannniigud lusumadesdudlndd 90
## dmfueUsznamnsidiwe fusiumia Tngldan MSE ldiamunainusiass

ML = c(44.4196, 44.2003, 43.8581, 44.1978)

GML = c(44.4196, 44.2003, 43.8581, 44.1978)

Bayes = c(44.4196, 44.2003, 43.8581, 44.1978)

LMOM = c(44.4196, 44.2003, 43.8581, 44.1978)

y = (300, 500, 700, 1000)
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x = seq(1,4)
plot(x, y, type = "b", lty = 3, lwd = 2, col = "black”, xaxt = "n", ylim = c(43.8,44.5), main

= "Location", xlab = "n", ylab = " MSE ", pch = 8, cex = 1.5)
lines(x, ML, type = "b", lty = 2, lwd = 2, col = "blue", pch = 6, cex = 1.5)

lines(x, GML,type = "b"

lines(x, Bayes, type = "B

lines(x, LMOM, type = "b", lty = 5, lwd = 2, col = "green", pch = 3, cex = 1.5)
axis(1, at = 1:4, labels = y)

labels = c("ML", "GML", "Bayesian", "L-moments")

colors = c("blue", "red", "orange", "green")

pchh = c(6, 5, 4, 3)

legend("topright”, inset = .03, labels, lwd = 3, lty = 1, col = colors, pch = pchh)

## dmTuaszanamailine Ui ngldan MSE Alensmunainusazds
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ML = c(0.0832, 0.0397, 0.0262, 0.0178)
GML = c(0.111, 0.081, 0.0586, 0.0384)
Bayes = (0.1327, 0.0537, 0.0312, 0.02)
LMOM = c(0.046, 0.0275, 0.0202, 0.0143)
y = (300, 500, 700, 1000

_H@\\Q’\Q\W

pch™=8;
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blle'] red",

y = (300, 500, 700, 1008
x = seq(1,4)

plot(x, y, type = "b", lty = 3, lwd = 2, col = "black”, xaxt = "n", ylim = c(93.50,94.90),
main = "Location”, xlab = "n", ylab = " MSE ", pch = 8, cex = 1.5)

lines(x, ML, type = "b", lty = 2, lwd = 2, col = "blue", pch = 6, cex = 1.5)

lines(x, GML,type = "b", lty = 1, lwd = 2.9, col = "red", pch = 5, cex = 1.5)

lines(x, Bayes, type = "b", lty = 4, lwd = 2.9, col = "orange", pch = 4, cex = 1.5)

lines(x, LMOM, type = "b", lty = 5, lwd = 2, col = "green", pch = 3, cex = 1.5)
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axis(1, at = 1:4, labels = y)

labels = c("ML", "GML", "Bayesian", "L-moments")
colors = c("blue", "red", "orange", "green")

pchh = (6, 5, 4, 3)

legend("topright", inse
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ML = c(0.2653, 0.0974, 0.0723, 0.041)
GML = ¢(0.1586, 0.1206, 0.1037, 0.0808)
Bayes = c(0.8266, 0.223, 0.1224, 0.0556)
LMOM = (0.1063, 0.0563, 0.0458, 0.0292)
y = (300, 500, 700, 1000)

x = seq(1,4)
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plot(x, y, type = "b", lty = 3, lwd = 2, col = "black", xaxt = "n", ylim = ¢(0.02,0.90), main
= "Shape", xlab = "'n", ylab = " MSE ", pch = 8, cex = 1.5)

lines(x, ML, type = "b", lty = 2, lwd = 2, col = "blue", pch = 6, cex = 1.5)

lines(x, GML,type = "b", lty = 1, lwd = 2.9, col = "red", pch = 5, cex = 1.5)
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xm_kt <- kt$'1iou/A’

ym_kt <- kt$'maximum rainfall (mm)*

plot(xm_kt, ym_kt, type = "U", xlab = "year", ylab = "maximum rainfall (mm)", ylim =
c(0,300), main = "Monthly Maximum Rainfall of Klong Toey Station")

histlym_kt, xlab = "millimeters", main = "Klong Toey Station")

#

[
a [ 4

# AnuAaiAiugudmiuteyalsinanhdugeganenouusaraningiainseiuil

ES]

library(moments)
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area <- c("SQNCC", "DONMUANG", "BANGNA", "KLONGTOEY")

mean_areal <- round(c(mean(ym_gsncc), mean(ym_dm), mean(ym_bn),
mean(ym_kt)), 4)

sd_areal <- round(c(sdlym_gsncc),sdlym_dm),sdlym_bn),sdlym_kt)),4)

B P it o
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fit2m_qgsncc <- fevd(ym_gsncc[1:240], threshold = t_gsncclr], type = "GP", method =
"GMLE")

fit3m_qgsncc <- fevd(ym gsncc[1:240], threshold = t_gsncclr], type = "GP", method =
"Bayesian’,iter = 2000)

fitdm_qgsncc <- fevd(ym_gsncc[1:240], threshold = t_gsncclr], type = "GP", method =
"Lmoments")

locl gsncclr] = t _gsncclr]
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scal_gsncclr] = mean(findpars(fitlm_gsncc)$scale)
shal gsncclr] = mean(findpars(fitlm_gsncc)$shape)
loc2_gsncclr] = t_gsncclr]

sca2_qgsncclr] = mean(findpars(fit2zm_gsncc)$scale)
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for (rin 1:3) {
t_dmlr] <- quantile(ym_dm[1:240],pl[r])
fitlm_dm <- fevd(ym dm[1:240], threshold = t_dml[r], type = "GP", method = "MLE")
fit2m_dm <- fevd(ym dm[1:240], threshold = t dml[r], type = "GP", method =
"GMLE")
fit3m_dm <- fevd(ym dm[1:240], threshold = t dml[r], type = "GP", method =
"Bayesian’, iter = 2000)
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fitdm_dm <- fevd(ym_dm[1:240], threshold = t_dmlr], type = "GP", method =
"Lmoments")

locl dml[r] =t dmlr]

scal_dmilr] = mean(findpars(fitim_dm)$scale)
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loc3_bn = c(); sca3 bn = c(); sha3_bn = c()
locd bn = c(); scad bn = <(); shad bn = c()
for (rin 1:3) {

t_bn[r] <- quantile(ym bn[1:240], pl[r])
fitlm_bn <- fevd(y7 bn[1:240], threshold = t_bn[r], type = "GP", method = "MLE")
fit2m_bn <- fevd(ym bn[1:240], threshold = t_bnl[r], type = "GP", method = "GMLE" )



fit3m_bn <- fevd(ym_bn[1:240], threshold = t_bnl[r], type = "GP", method =

"Bayesian",iter = 2000)

fitdm_bn <- fevd(ym_bn[1:240], threshold = t_bnlr], type = "GP", method =

"Lmoments")

locl bn[r] =t _bnlr]
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}

locl kt = c(); scal _kt = c(); shal kt=c()
loc2 kt = c(); sca2 kt = c(); sha2 kt = ()
loc3 kt = c(); sca3 kt = <(); sha3 kt = c()
locd kt = c(); scad kt = c(); shad kt = ()
for (rin 1:3) {

t_ktlr] <- quantilelym_kt[1:240], p[r])

fitlm kt <- fevd(ym kt[1:240], threshold = t_kt[r], type = "GP", method =

IIMLEH )
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fit2m_kt <- fevd(ym_kt[1:240], threshold = t_kt[r], type = "GP", method = "GMLE")

fit3m_kt <- fevd(ym kt[1:240], threshold = t_kt[r], type = "GP", method =
"Bayesian",iter = 2000)

fitdm_kt <- fevd(ym kt[1:240], threshold = t_kt[r], type = "GP", method =

"Lmomeits

locl kt[r] =

# Return Level 85%

gsncc_count <- length(ym gsncc[1:240][ym_gsncc[1:240] > t_gsncc[1]])
months_gsncc <- length(ym gsncc[1:240])

lambda_monthly gsncc <- gsncc_count / months_gsncc

lambda_yearly gsncc <- lambda_monthly gsncc * 12

T years <- seq(2,10)

relm85 gsncc <- locl gsncc[l] + (scal gsnccll] / shal gsnccll]) * (T years *

lambda_yearly gsncc) A shal gsncc[1] - 1)
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re2m85_gsncc <- loc2_gsncc[1] + (sca2_gsncc[1] / sha2_gsncc[1]) * ((T_years *
lambda_yearly gsncc) A sha2 gsncc[l] - 1)
re3m85_gsncc <- loc3 gsncc[1] + (sca3 gsncc[1] / sha3 gsncc[1]) * ((T_years *

lambda_yearly gsncc) A sha3 gsncc[l] - 1)

@4, gsnccl2] + (scathsncc[Z]W #(T_years *
' 8§ C(@F) TE

“years, Return MLE =

relm90_gsncc, Return GMLE = re2m90_gsncc, Return_BAY = re3m90_gsncc,
Return_LMOM = redm90_gsncc)

# Return Level 95%

gsncc_count <- length(ym gsncc[1:240][ym_gsncc[1:240] > t_gsncc[3]])
months_gsncc <- length(ym gsncc[1:240])

lambda_monthly gsncc <- gsncc_count / months_gsncc

lambda_yearly gsncc <- lambda_monthly gsncc * 12
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T years <- seq(2,10)
relm95_gsncc <- locl gsncc[3] + (scal gsncc[3] / shal gsncc[3]) * (T years *
lambda_yearly gsncc) A shal gsncc[3] - 1)

re2m95_gsncc <- loc2_gsncc[3] + (sca2_gsnccl3] / sha2_gsncc[3]) * ((T_years *
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QIO amy
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lambda_yearly dm) A sha3 dm[1] - 1)

redm85 dm <- locd dm[1] + (scad dml[1]/ shad dml[1]) * (T years *
lambda_yearly dm) A shad _dm[1] - 1)

return85_dm <- data.frame(Return_Period Years = T years, Return_ MLE =
relm85_dm, Return_ GMLE = re2m85_dm, Return_BAY = re3m85_dm, Return LMOM
= redm85_dm)

# Return Level 90%
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dm_count <- length(ym_dm[1:240][ym_dm[1:240] > t dm[2]])
months_dm <- length(ym_dm[1:240])
lambda_monthly dm <- dm_count / months_dm

lambda_yearly dm <- lambda_monthly dm * 12

T years <- seq(2,10)

rniPeriod e
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re2m95_dm <- loc2_dm[3] + (sca2_dml[3] / sha2_dm[3]) * (T _years *
lambda_yearly dm) A sha2 dm[3] - 1)
re3m95 dm <- loc3 dm[3] + (sca3 dml[3]/ sha3 dm[3]) * (T years *
lambda_yearly dm) A sha3 dm[3] - 1)
redm95 dm <- locd dm[3] + (scad dml[3]/ shad dm[3]) * (T years *
lambda_yearly dm) A shad _dm[3] - 1)
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return95_dm <- data.frame(Return_Period Years = T years, Return_MLE =
relm95_dm, Return_ GMLE = re2m95_dm, Return_BAY = re3m95 dm, Return LMOM
= redm95_dm)

# ﬁquamigﬁumiLﬁﬂ%ﬂﬁm%’ueﬂ’agaﬂ%mmﬁmuqqqmamﬁmqm

# Return Level 85%

bn_count <- lep®
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lambda_yearly bn <-lambda_monthly bn * 12

T years <- seq(2,10)

relm90 bn <-locl bn[2] + (scal bn[2]/ shal bn[2]) * (T years *
lambda_yearly bn) A shal bn[2] - 1)

re2m90_bn <- loc2 bn[2] + (sca2 bn[2] / sha2_bn[2]) * (T years *
lambda_yearly bn) A sha2 bn[2] - 1)
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re3m90_bn <- loc3 bn[2] + (sca3_bn[2] / sha3 bn[2]) * (T_years *
lambda_yearly bn) A sha3 bn[2] - 1)
redm90_bn <- locd bn[2] + (scad bn[2] / shad bn[2]) * (T years *
lambda_yearly bn) A shad bn[2] - 1)
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# Return Level 85%

kt_count <- length(ym_kt[1:240][ym_kt[1:240] > t_kt[1]])
months_kt <- length(ym_kt[1:240])

lambda_monthly kt <- kt_count / months_kt

lambda_yearly kt <- lambda_monthly kt * 12

T years <- seq(2,10)

relm85 kt <- locl kt[1] + (scal kt[1] / shal kt[1]) * (T years * lambda yearly kt) A
shal kt[1]-1)
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re2m85_kt <- loc2 kt[1] + (sca2 kt[1] / sha2_kt[1]) * (T years * lambda_yearly kt) A
sha2 kt[1] - 1)

re3m85_kt <- loc3 kt[1] + (sca3 kt[1] / sha3 kt[1]) * (T years * lambda_yearly kt) A
sha3 kt[1] - 1)

redm85 kt <- locd kt

FIETHR R e
ikEa )

- sed(2,10);

Return_GMLE = re2m90_kt, Return_BAY = re3m90_kt, Return LMOM =
redm90 kt)

# Return Level 95%

kt count <- length(ym kt[1:240][ym_kt[1:240] > t_kt[3]])

months_kt <- length(ym_kt[1:240])

lambda_monthly kt <- kt_count / months_kt

lambda_yearly kt <- lambda_monthly kt * 12
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T years <- seq(2,10)

relm95 kt <- locl kt[3] + (scal kt[3] / shal kt[3]) * (T years * lambda_yearly kt) A
shal kt[3]-1)

re2m95_kt <- loc2 kt[3] + (sca2 kt[3] / sha2_kt[3]) * (T years * lambda_yearly kt) A
sha2 kt[3] -1

re3m95 kt E - * lambda_yearly kt) A
a3rkt[3]
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"GP", method = "GMLE")

plot(fit2m_dm, main = "PP Plot", type = "probprob")

plot(fitzm_dm, main = "QQ Plot", type = "qq")

plot(fit2m_dm, main = "Density Plot", type = "density")

mtext("Diagnostic Plot for Monthly Maximum Rainfall at DONMUANG", outer = TRUE,
side = 3, line = -1.5, cex = 1.1)

# pp plot, qq plot kag density plot dmsutayauunaumugegaaniiuiaun
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fitlm_bn <- fevd(ym bn[1:240], threshold = quantilelym_bn[1:240],0.90), type = "GP",
method = "MLE" )
plot(fitlm_bn, main = "PP Plot", type = "probprob")

iW R NA", outer = TRUE, side

plot(fitlm_bn, main = "QQ Plot", type = "qq")
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aidnightblue”, lty =1, lwd = 1.5,
pch = 25)
lines(return_level, gmle_kt 95, type = 'b', col = "greend", lty = 1, lwd = 1.5, pch = 18)
labels <- c("SQNCC", "DONMUANG", "BANGNA", "KLONGTOEY")
pchset <- (15, 16, 17, 25, 18)

colorset <- c("slatebluel", "orangered", "midnightblue", "greend")
legend("bottom", horiz = TRUE, inset = .01, labels, lwd = 2, lty = 1, pch = pchset,

col=colorset, cex=0.6)
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