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[Abstract]

Demand forecasting is a critical element of revenue management in the tourism industry. Since the
2010s, with the globalization of the tourism industry and the increase of different forms of marketing
and information sharing, such as SNS, forecasting has become difficult due to non-linear activities and
unstructured information. Various forecasting models for resolving the problems have been studied, and
ML models have been used effectively. In this study, we applied the feature selection technique
(NSGA3) to time series models and compared their performance. In hotel demand forecasting, it was
found that the TCN model has a high forecasting performance of MAPE 9.73% with a performance
improvement of 7.05% compared to no feature selection. The results of this study are expected to be

useful for decision support through improved forecasting performance.
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I. Introduction

S8 5 o3 A2 =7t FAlIA ast 92 EF
5tof, F=UH9 QPge} ole M2 ofsy EAET} 575t
1 ik oleh A ofd Sl 2}l 28 ofF] Fag0] o
FHAL o, o]z 29 sAe SHietste i A2
d g4z ARt o AU ARRY i Aot
sS4t AFoP] fizol, et 2 dF0] 29
wajol| ZaAolct. 7]% T8 o5 Za2 AL AA
@ dlojeiet FAIN ®agS &8s Kk 22y 20104

O o] W £Q% H]Hsﬂ;ﬂ EME Ho|i, MEAXQ]
Wogs ekt oFo0] oY) ol2fst eAIE =
235P7] 95 cleat AA1] J1 71 s 2ol A7
B3 QXS ¥ 2@ o Fo] tigt A8 A= ofAls]
RE

olg] ZofollA AAIE oF0] EEE]=
< M 23S S8l =2 dse Bolu O‘Ur 5]
& AFW(RNN) 719k} LSTM, GRU 2o} &2 Zut
Hojpglon, gedoflA oju]x] Ao AREEH 5
AFERB(CNN)2 7I 72 AN A oy X2&
st TCN(Temporal Convolutional Network) ZE&Z
Agic2]. TCN2 &gt 27} ofd 1D-Convolution
gt} #AHA HojElg Siyst 2AE, 37 Hlo]
2 ujtog UjEE ojEste o UjS FwAolch &
CoE s W AlY Adele 9l 5 A
(feature selection)r} sto|mu}etn]g] x&o] Qs
o] F 57 MEe e Aol thRold Yt

2 AN 28 2 dlolEofA Xl FE fA
AP 212]E(NSGA3, Non-dominated Sorting Genetic
Algorithm [ll)2 A-&st] E4 HAZ FE5610, o] Ha
B IO TON 298 Agsiel H5E YUl
gitt. o]F Bl 28 40 o5 S =olaL, YAt
27 Ade He AR FEE AT & S Ao

7|t

to js

e q

II. Preliminaries

1. Hotel Demand Time Series Forecasting
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2. Feature Selection Models
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3. Temporal Convolutional Network(TCN)
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IV. Empirical Test

1. Experimental Procedure
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2. Data Collection and Preprocessing
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3. Experimental Environment
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Table 1. Data Configuration

Data Type Portion No. of Samples
Training 70% 9,134
Validation 15% 1,956

Test 15% 1,967

Table 2. Experimental Environment

Environment

CPU : Ryzen 9 7950x3D

GPU : RTX 4090

M/M 64GB

CPU : Intel i7-11370H 3.3GHz
GPU : NVIDIA MX450

M/M 32GB

0S1 @ Ubuntu 22.04.4 LTS
0S2 : Windows 11

Python 3.10.12

GPU driver : nvidia-driver-535
Cuda 12.2

Pytorch 2.4.1

Tslearn 0.6.3

scikit-learn 1.2.2

Numpy 1.23.5

Pandas 1.5.3

Type

H/W1

H/W2

S/W
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Table 3. Hyperparameters

Type Parameters

Torch optimizer : Adam
Batch size : 256

Epochs : 5

Optimizer learn rate : 0.001
Reference direction : das-dennis,
2 dimension, 12 partitions
Generation : 250

Pop_size : 200
Best_solution @ >= 0.2
Selected_features : 180
Learn_rate : 0.001

Epochs : 80

Batch_size : 256
Num_inputs : 180
Num_channels : [64,64,64]
Kernel_size : 3

Dropout : 0.2

Optimizer
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4. Experimental Results
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Table 4. Models' Processing Time

Model Processing Time

ode Without FS With FS Improvement(%)
TCN 7.16s 6.97s 2.65
LST™M 11.57s 10.81s 6.57
LR 15.40s 2.63s 82.92
XGB 32.97s 22.15s 32.82
LGBM 41.42s 28.81s 30.44
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Table 5. Models' Accuracy

. Base NSGA3+
Metric Model Model Base Model
TCN 10.47 9.73
LGBM 21.88 2158
MAPE XGB 22.69 22.03
LR 27.95 31.10
LST™M 27.89 27.90
TCN 9.83 9.51
LGBM 18.20 17.97
MSE XGB 18.97 18.30
LR 26.12 27.90
LSTM 21.11 21.16
TCN 96.71 90.43
LGBM 331.14 322.94
RMSE XGB 359.87 335.01
LR 682.18 778.56
LST™M 44574 447.73

a2 TON @2 5% 49 o504 MAPE
1047%2) 2 oI5 452 ugon, =5 53 A9
(FS) Rea} 33t Alok Rede ol g vl cjy] 7.05%
o 27159) 4% S HOIHA MAPE 9.73%2] 2|1

O O
L TONe o5 452 e 35
o

P

ilte

-

452 71551 E3
814 (epoch)e} &9 &2 £2Hbatch size)of] W FIFS
S 2102 SelEliT). & 60X stolmuteluel gl

T} o5 Aol 8%olA AT 28] Wekekg Stelg
2 gigton), ol A=) sjolmjtetole] Aol of% 4
Soll 3% 9FL A 2e BolEC,

Table 6. Performance according to hyperparameter

TCN epoch batch size MAPE(%)
1 40 128 10.51
2 40 256 10.03
3 40 512 20.58
4 80 128 10.42
5 80 256 9.73
6 80 512 10.13
7 120 128 9.95
8 120 256 9.88
9 120 512 10.21
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