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LAMPIRAN-LAMPIRAN

Lampiran 1 Data Jumlah Penumpang Keberangkatan Penerbangan

Domestik di Bandara Sultan Hasanuddin Makassar Tahun 2017 - 2023
Periode | 2017 | 2018 | 2019 | 2020 | 2021 | 2022 | 2023

Januari | 352.303 | 369.341 | 299.845 | 308.503 | 163.992 | 211.736 | 231.757
Februari | 277.667 | 309.966 | 242.539 | 273.885 | 128.429 | 156.830 | 201.365
Maret 324.880 | 344.360 | 261.757 | 230.917 | 166.182 | 219.928 | 226.555
April 321.736 | 358.725 | 246.228 | 49.046 | 175.885 | 179.676 | 215.723
Mei 339.579 | 329.273 | 221.716 | 6.663 | 142.954 | 275.356 | 269.015
Juni 295.404 | 378.082 | 306.475 | 40.508 | 210.516 | 229.651 | 224.500
Juli 437.365 | 431.134 | 307.516 | 79.957 | 73.783 | 246.482 | 290.973
Agustus | 339.820 | 361.641 | 291.482 | 134.043 | 66.276 | 201.465 | 225.558
September | 363.580 | 364.450 | 289.609 | 129.773 | 112.102 | 193.865 | 223.066
Oktober | 355.451 | 376.212 | 295.343 | 156.486 | 159.016 | 210.265 | 229.951

November | 344.065 | 338.239 | 299.358 | 193.428 | 182.441 | 211.856

Desember | 366.189 | 359.634 | 291.897 | 194.363 | 182.396 | 216.028
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Lampiran 2 Data Uji dan Data Latih

Data Latih (75%)

Periode 2017 2018 2019 2020 2021 2022
Januari | 352.303 | 369.341 | 299.845 | 308.503 | 163.992 | 211.736
Februari | 277.667 | 309.966 | 242.539 | 273.885 | 128.429
Maret 324.880 | 344.360 | 261.757 | 230.917 | 166.182
April 321.736 | 358.725 | 246.228 | 49.046 | 175.885
Mei 339.579 | 329.273 | 221.716 | 6.663 | 142.954
Juni 295.404 | 378.082 | 306.475 | 40.508 | 210.516
Juli 437.365 | 431.134 | 307.516 | 79.957 | 73.783
Agustus | 339.820 | 361.641 | 291.482 | 134.043 | 66.276
September | 363.580 | 364.450 | 289.609 | 129.773 | 112.102
Oktober | 355.451 | 376.212 | 295.343 | 156.486 | 159.016
November | 344.065 | 338.239 | 299.358 | 193.428 | 182.441
Desember | 366.189 | 359.634 | 291.897 | 194.363 | 182.396
Data Uji (25%)
Periode 2022 2023
Januari - 231.757
Februari 156.830 201.365
Maret 219.928 226.555
April 179.676 215.723
Mei 275.356 269.015
Juni 229.651 224.500
Juli 246.482 290.973
Agustus 201.465 225.558
September 193.865 223.066
Oktober 210.265 229.951
November 211.856
Desember 216.028
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Lampiran 3 Hasil Uji Linearitas

Teraesvirta Neural Network Test

data: as.vector(as.ts(x1l)) and c$residuals
X-squared = 6.0314, df = 2, p-value = 0.04901

Lampiran 4 Sintaks R untuk Triple Exponenial Smoothing

#Library#
Tibrary(tseries)
Tibrary(forecast)

Input Data
data<-read.delim("clipboard", header = F)

Mengubah menjadi kolom time series
penumpang.ts = ts (data, start=c(2017,1), frequency = 12)
penumpang.ts

#peramalan dengan Triple Exponential Smoothing Additive#
hwb.ka.add$alpha

hwb.ka.add$beta
hwb . ka.add$gamma

hwb . ka.add

#peramalan dengan Triple Exponential Smoothing
Multiplicative#

hwb . ka.multi = Holtwinters(penumpang.ts, seasonal

"multiplicative")
hwb.ka.multi$alpha
hwb.ka.multi$beta
multi$gamma
add

hwb.ka.add = Holtwinters(penumpang.ts, seasonal = "additive")
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#Menghitung MAPE Model Additive#

mse.add = hwb.ka.add$SSE/NROWChwb.ka.add$fitted)
rmse.add = sqrt(mse.add)

mape.add =mean(abs(penumpang.ts-
hwb.ka.add$fitted[,1])/penumpang.ts)*100

mse.add

rmse.add

mape.add

#Menghitung MAPE Model Multiplicative#

mse.multi= hwb.ka.multi$sSeE/NROW(hwb.ka.multi$fitted)
rmse.multi = sqrt(mse.multi)

mape.multi =mean(abs(penumpang.ts-
hwb.ka.multi$fitted[,1])/penumpang.ts)*100

mse.multi

rmse.multi

mape.multi

#Peramalan dengan Model Terbaik#
pred.ka = predict (hwb.ka.add, 12)
pred.ka

forec<-forecast(hwb.ka.add, h = 12)
forec$mean ; forec
plot(as.vector(forec$mean), type="1")

#plot data Aktual dan Hasil Peramalan#
plot(penumpang.ts, main = "Jumlah Penumpang", lwd = 2, col =
"bTue",
xTim= c(2017,2024),type="0",pch=15)
TimitDate = end(penumpang.ts) [1]+(end(penumpang.ts)[2]-
1) /frequency(penumpang.ts)
abTine(v=1limitbDate, 1lty=4)
Tines(hwb.ka.add$fitted[,1], Twd=2,col="red", type="0",pch=12
)
lines(pred.ka,col="green",type="0",pch=10)
("topleft",legend=c("Data Aktual","Fitted value",

1Tan"),col=c("blue","red","green"),
Tty=1, cex = 0.6, inset=0.02)
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Lampiran 5 Sintaks Peramalan dengan Backpropagation Neural Network

#Normalisasi Data#

normalize <- function(x, na.rm = T) {
return((x- min(x))/(max(x)-min(x)))

ks

data.norm<-normalize(data0)

#Membagi Data Menjadi Data Training & Testing#
#bila normalisasi
cutoff=round(0.75*(nrow(data.norm)))

last=nrow(data.norm)

#Data Training#

train<-ts(data.norm[1l:cutoff,], start = c(2017,1),end =
c(2022,3), frequency = 12)

autoplot(train)+

xlab('Tahun')+ylab('Penumpang')

#Data Testing#

test<-ts(data.norm[(cutoff+1l):last,], start = c(2022,4),
end = c(2023,10), frequency = 12)

autoplot(test)+
xlab('Tahun')+ylab('Penumpang')

Fungsi Aktivasi
sigmoid=function(x){1/(1+exp(-x))}

#Proses Perhitungan Backpropgation Neural Network#
set.seed(123)

bp.mod<-mlp(train,m=12, hd.auto.type = "valid",hd.max = 12|
" :hm = "backprop", act.fct= sigmoid,
igrate=0.01,sel.lag = F, stepmax=10000000)
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#Mencari Model Terbaik dengan melihat MSE#
print(round(bp.mod$MSEH, 4

MSE
H.1 0.2114
H.2 0.2048
H.3 0.1812
H.4 0.1294
H.5 0.1155
H.6 0.1314
H.7 0.1282
H.8 0.1195
H.9 0.1578
H.10 0.1365
H.11 0.1287
H.12 0.1586

telah didapatkan bahwa nilai MSE pada MLP BPN yang kecil ada
pada h.5, shingga dilakukan pengecekan terhadap model
tersebut.

#pengecekan model dengan MLP HL.5#

set.seed(123)

bp.hd<-mlp(train, m=12, hd = 5, algorithm = "backprop",
act.fct= sigmoid, Tearningrate=0.01,sel.Tlag = F,
stepmax=10000000)

print(bp.hd) ; plot(bp.hd)

MLP

Inputs Hidden
(12) (5) Output
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#Denormalisasi#
data.denorml<-predl*(max(data0)-min(data0))+min(data0)
predl.ts<-ts(data.denorml)

f<-forecast(bp.hd, h =19)

predl.out<-data.frame(Aktual = as.vector(test), Pred =
as.vector(f$mean))

# denormalize
data.denorm2<-predl.out*(max(data0)-min(data0))+min(datal)
predl.out.ts<-ts(data.denorm2)

#Nilai MAPE#

Tibrary(Metrics)
bp.MAPE<-mape(data.denorml$Aktual,data.denorml$Pred)
bp.outMAPE<-mape(data.denorm2$Aktual,data.denorm2$p)
cbind(bp.MAPE, bp.outMAPE)

bp.MAPE bp.outMAPE
[1,] 0.3277174 2.670803

#Peramalan dengan Model Terbaik#

ts.ramal<-ts((data0), start = c(2017,1), end = c(2023,10),

frequency = 12)

set.seed(123)

bp.fcst<-mlp(ts.ramal, m=12, hd=5,algorithm="backprop",
act.fct=sigmoid, learningrate=0.001, sel.lag =

F, stepmax=10000000)

# bp.fcst[["net"]][["result.matrix"]]

fcast<-forecast(bp.fcst, h = 12)

plot(fcast)

fcast.nn<-as.vector(fcast$mean)

fcast.nn

plot(fcast.nn, type = "1")
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Lampiran 6 Perhitungan Hybrid Exponential Smoothing-Neural Network
#Mencari Parameter Alpha#

fcst.BPNN<-fcast.nn

fcst.TES<-as.vector(forec$mean)

#Parameter Pembobot

al=0.1

Optimized using
trial version
www.balesio.com 70




ab=0.0
a7=0.7
a8=0.8
a9=0.9

#RMSE#

rmsel<-rmse(Chyb
rmse2<-rmseChyb
rmse3<-rmseChyb
rmsed4<-rmseChyb
rmse5<-rmse(Chyb
rmse6<-rmseChyb
rmse7<-rmseChyb
rmse8<-rmse (Chyb
rmse9<-rmse (Chyb

rmse5, rmse7,

#MAPE#

mapel<-mapeChyb
mape2<-mapeChyb
mape3<-mape (hyb
maped<-mapeChyb
mape5<-mape Chyb
mape6<-mape Chyb
mape7<-mape (hyb
mape8<-mape Chyb
mape9<-mape Chyb

.modl,fl$fitted)
.mod2,f2$fitted)
.mod3,f3$fitted)
.mod4,f4$fitted)
.mod5, f5%fitted)
.mod6,f6$fitted)
.mod7,f7$fitted)
.mod8, f8%fitted)
.mod9, fo9$fitted)
Nilai_RMSE<-data.frame(rmsel, rmse2,
rmses§,

rmse9

.modl,fl$fitted)
.mod2,f2$fitted)
.mod3, f3$fitted)
.mod4,f4$fitted)
.mod5,f5%fitted)
.mod6, f6$fitted)
.mod7,f7$fitted)
.mod8,f8%fitted)
.mod9, f9sfitted)

rmse3,

Nilai_MAPE<-data.frame(mapel,mape2,
mape6, mape7, mape8, mape9)
Nilai_mAPE

>0,077132

mape3,

alan dengan Hybrid ES-NN#
[1<-(al*fcst.TES)+((1-al)*fcst.BPNN)
11

wcastChyb.modl, h=1)

rmse4,

mape4,

rmses),

mape5,
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hyb.mod2<-(a2*fcst.TES)+((1-a2)*fcst.BPNN)
hyb .mod?2
f2=forecast(hyb.mod2, h=1)

hyb.mod3<-(a3*fcst.TES)+((1-a3)*fcst.BPNN)
hyb.mod3
f3=forecast(hyb.mod3, h=1)

hyb.mod4<-(a4*fcst.TES)+((1-a4)*fcst.BPNN)
hyb.mod4
f4=forecast(Chyb.mod4, h=1)

hyb.mod5<-(a5*fcst.TES)+((1-a5)*fcst.BPNN)
hyb.mod5
f5=forecast(Chyb.mod5, h=1)

hyb.mod6<-(a6*fcst.TES)+((1-a6)*fcst.BPNN)
hyb.mod6
fo=forecast(hyb.mod6, h=1)

hyb.mod7<-(a7*fcst.TES)+((1-a7)*fcst.BPNN)
hyb.mod7
f7=forecast(Chyb.mod7, h=1)

hyb.mod8<-(a8*fcst.TES)+((1-a8)*fcst.BPNN)
hyb.mod8
f8=forecast(hyb.mod8, h=1)

hyb.mod9<-(a9*fcst.TES)+((1-a9)*fcst.BPNN)
hyb.mod9
f9=forecast(Chyb.mod9, h=1)

hyb.pred<-
data.frame(fl$mean, f2$mean, f3$mean, f4$mean, f5$mean, f6$mean,
1, FT8%mean, f9$mean)
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