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Abstract
The hotel industry has grown rapidly over the past decade, placing higher demands on 

managers to outperform their competitors in the industry. Planning and allocating sufficient 
resources to hotel operations, investments, finance and marketing requires accurate forecasts. 
This study proposes an approach to predict international hotel revenue in Taiwan. First, 
the SARIMA model is used to predict the number of occupied rooms and average room 
price. Next, genetic algorithm technology is used to establish an artificial intelligence neural 
network model for hotel revenue prediction. The hospitality industry can benefit from the 
suggested approach.
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1.  Introduction

Hotel revenue management is commonly used to help hotels set room 
rates and allocations. Forecasting is the basis of revenue management, and 
good forecast quality leads to higher profits and revenue [1]. Furthermore, 
Cetin, Demirçiftçi, and Bilgihan [2] pointed out that revenue management 
requires technical assistance such as optimization algorithms, data 
exploration and forecasting tools. 
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Law [3] proposed a neural network method for predicting room 
occupancy rates. Optimization algorithms include genetic algorithm (GA) 
and cuckoo search, etc. GA is an optimization algorithm related to genetic 
evolution. For example, Barman et al. [4] applied GA for personalized 
query recommendation system. Kapoor and Dey [5] proposed GA based 
decision support systems for predicting stock prices. Sukanya and 
Thangaiah [6] combined GA and cuckoo search for frequent itemsets 
mining. The advancement of artificial intelligence technology has 
promoted the development of neural network intelligent prediction 
methods. Incorporate optimization techniques such as GA that can be 
used to optimize the parameters of neural network architectures [7]. 
Zhang et al. [8] also suggested that future research could input data into a 
support vector neural network model with optimization techniques to 

Table 1
Forecasting approaches in hotel revenue management

Author Topic
Kaya et al. [14] A prediction model is proposed that uses demand data and 

additional features gained from K-means clustering results to 
predict hotel demand through a long-term attention short-term 
memory model. The results are shown to improve forecasting 
performance.

Xu, Xiao, and 
Gursoy [15]

Maximize hotel profits using optimal pricing and sustainability 
strategies. The results show that a number of external factors 
affect the development of optimal pricing and sustainability 
strategies.

Zhang et al. [8] EEMD was introduced and individual hotels were selected to 
validate the performance of the combined EEMD and ARIMA 
methods. The results show that this method is more accurate 
than the ARIMA method in predicting hotel occupancy.

Schwartz et al. 
[13]

Forecasted occupancy rates from hotel competition settings are 
added as inputs to single hotel forecasts, and a novel recursive 
approach is used. Results show that integrating competing 
set predictions using genetic algorithms and simple linear 
regression models improves predictive power.

Pereira [16] A model is proposed that can solve the complex problem of 
seasonality, including non-integer seasonality and multiple 
seasonal periods for forecasting hotel occupancy rates. The 
results show that the triangle model performs better than most 
other compared models.

Contd...
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Oses, 
Gerrikagoitia, 
and Alzua  [17]

A prediction model is proposed to predict the average hotel 
occupancy rate of a destination based on hotel room rates 
provided online. The results show that prices can change to 
reflect actual demand and occupancy.

Haensel and 
Koole [18] 

A dynamic update method is proposed to predict the 
cumulative booking curve and booking quantity of hotel 
booking data. The results show an improvement in predictive 
power.

Zakhary et al. 
[19]

A method is proposed to predict occupancy and arrival rates 
using Monte Carlo simulation. This method is suitable for 
future scenarios using probabilistic estimation.

Guadix et al. 
[20]

A decision support system is proposed that includes a set of 
demand forecasting methods, combines deterministic and 
stochastic mathematical programming models, and maximizes 
hotel revenue.

Lim [21] Some methods are proposed to predict the number of guest 
nights per month. The results show that the ARMA and Holt-
Winters exponential smoothing approaches are more accurate 
than other compared time series approaches.

Yüksel [22] A model is proposed for forecasting hotel demand using 
monthly data and compare the results with those of MA, 
some exponential smoothing, and ARIMA approaches and 
suggest that the most appropriate method to maximize forecast 
accuracy is to combine quantitative and qualitative method for 
prediction.

Weatherford 
and Kimes [23]

Explore multiple hotel revenue forecasting methods using 
Choice Hotels and Marriott Hotels. The results show that 
arrival forecasts are a key input to hotel revenue management 
systems and show that pick-up and regression methods 
provide more accurate forecasts using Choice hotel data. 
However, after preliminary analysis, and through in-depth 
analysis of Marriott Hotels, the results show that pickup, MA, 
and exponential smoothing approaches are the most robust.

Law [24] Forecasting hotel spending in Hong Kong using neural 
network, Naïve I, Naïve II, multiple regression, MA, 
autoregressive, and some exponential smoothing approaches. 
The results show that neural network and autoregressive 
approaches outperform other approaches. 

Law [3] A neural network method for predicting room occupancy rates 
is proposed.

predict tourism revenue and hotel room occupancy rates. In addition, 
many studies further combine neural networks with optimization 
technology and seasonal autoregressive integrated moving average 
(SARIMA) models, such as in forecasting annual energy cost budgets [9].
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Therefore, the study proposes a prediction approach for international 
hotels in Taiwan. First, use the SARIMA model to predict the number of 
occupied rooms and average room price. Next, construct an AI neural 
network model with optimization technology to predict hotel revenue, in 
which GA is used as the optimization technology. 

Literature overview

Over the past three decades, hotel revenue management practices 
have made significant and rapid progress and are now considered a 
dominant part of hotel marketing and operations strategies [10]. 
Forecasting volumes related to hotel operations is important for hotel 
revenue management systems [11].

For tourism and hotel demand modeling, Wu, Song, and Shen [12] 
reviewed the latest papers on from 2007 to 2015 and recommended the 
introduction of more sophisticated methods in this research area. Many 
studies have explored and compared different revenue forecasting 
methods. These quantitative approaches include time series, AI, and 
combination methods. Time series approaches include moving averages 
(MA), exponential smoothing, ARIMA, and SARIMA approaches. AI 
methods include neural networks, mathematical programming, Monte 
Carlo simulation, etc. Combination methods mainly combine time series 
methods and AI methods, such as [8] and [13]. Table 1 lists past studies 
using different methods for hotel revenue management forecasting.

Research Method

This study first used the SARIMA or ARIMA model for conducting 
preliminary time series analysis. If the collected data show significant 
seasonality, the SARIMA model is used. Otherwise, use the ARIMA 
model. 

The ARIMA model is illustrated as follows:

1 1(1 )(1 ) (1 )qP d
p t q tL L L y C L Lf f q q e− − − − = + − − − 

 
where f  and q  represent AR and MA parameters, respectively. 

An ARIMA model order is expressed by ( , , ).ARIMA P D Q  AR order is 
P; MA order is Q, and difference order is D. 

The SARIMA model, which comprises seasonal components, is 
illustrated as follows: 
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where s is a seasonal cycle , and F  and Q  are seasonal AR and MA 
parameters.

A SARIMA model order is represented by ( , , ) ( , , ) .sSARIMA P D Q p d q∗  
For the seasonal component, s is the seasonal cycle; AR order is p; MA 
order is q, and difference order is d. 

Analytical hotel room occupancy and room rate results generated 
through preliminary time series analysis were then fed into a neural 
network model used to predict future revenue. This study selected GA as 
the optimization technology, and GA is used to optimize the learning 
parameters and the number of hidden layer neurons in the model structure. 
The optimization procedure of GA is described as follows [7]:

Step 1: Chromosomes are used to express the parameters of neural 
network structures.

Step 2: Generate initial population. 

Step 3: Training Cycle: 

Begins the training cycle, which is nested within the population 
evolution cycle. Once the learning count reaches a predetermined value, 
training stops. Through the evolution cycle, MSE is selected as the fitness 
function to score fitness to promote the evolution of the network. Networks 
with poorer fitness scores will withdraw from the population, while 
networks with higher fitness scores will be selected for breeding. Crossover 
is the most striking stage in genetic algorithms. Crossing indicates mating 
between individuals. Mutations introduce random modifications. 
Mutations occur to maintain diversity within the population and prevent 
premature convergence. Executing the above procedure produces the next 
generation.

Step 4: Return to step 3 until the training reaches the predetermined 
stopping condition.

Figure 1 illustrates the flow of the GA.
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Figure 1
The procedures of GA

Finally, use this model to predict hotel revenue.
This study named this proposed approach the RPGANN approach.
Forecast accuracy is measured using MAD, RMSE and MAPE.
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Figure 2
The RPGANN approach
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where n represents the number, and tZ  and ˆ
tZ  represents the actual and 

the predicted number of value of the hotel’s revenue at time t.
Figure 2 shows the proposed approach.

Empirical Results

This study proposes a new prediction method. First, data on 
international hotels in Taiwan (including number of rooms, number of 
occupied rooms, occupancy rate, and average room rate) were collected 
from open information provided by Taiwan’s Ministry of Transportation 
and Communications, and their relationship with revenue from 
international hotels in Taiwan was explored. Through regression analysis, 
the study found that two variables (including number of rooms and 
average room rate) are most related to hotel revenue. The adjusted 
correlations between room occupancy and average room rates and revenue 
are 0.6990 and 0.7304 respectively. 

The research object is a large international hotel located in Kaohsiung 
City, southern Taiwan. The hotel is one of the top large five-star 
international hotels in Taiwan. The empirical data for this study selected 
monthly data from May 2010 to August 2015. Started in May 2010 because 
the hotel opened on this date. The deadline is August 2015 because the 
government-funded program ends on this date. In Taiwan, international 
hotels’ revenue mainly comes from catering revenue and room revenue. 
Sometimes, food and beverage revenue will be greater than room revenue. 
The above three series of training sets use data from May 2010 to April 
2014, and the test set uses data from May 2014 to August 2015. The training 
set includes 48 observations, and the test set includes 16 observations.

The number of rooms occupied and average room price reveal 
seasonality after the analysis. For the number of rooms occupied, the 
SARIMA (1,0,0) ∗ 12(1,0,0) model is adopted for analysis. For the average 

Table 2
The results for the number of rooms occupied

coefficient Std. t value probability
c 7830.001 5761.896 1.358928 0.1811

1f 0.910256 0.060045 15.15952 0.0000

1F 0.629828 0.138318 4.553481 0.0000
AIC value 17.94317
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room price, SARIMA (0,0, 2) ∗ 12(1,0,0)  is adopted for analysis. Tables 2 
and 3 show the results. 

Table 3
The results for the average room price

coefficient Std. t value probability
c 3362.240 285.5208 11.77581 0.0000

1q 0.559600 0.122874 4.554251 0.0000

2q 0.874290 0.080795 10.82108 0.0000

1F 0.514650 0.135996 3.784306 0.0005
AIC value 15.39352

The neural network software NeuralSolutions is used for analysis, 
and the analysis results of the number of occupied rooms and average 
room price are used as input data for the neural network model structure. 
Then, the neural model with GA is used to obtain the predicted value of 
hotel revenue. Table 4 show the results.

Table 4
The results of the proposed forecasting method

Date the forecasts of the 
number of rooms 

occupied

the forecasts of the 
average room price

the forecasts of the 
hotel revenue

May-14 12130.07276 3035.647424 73810176.30
Jun-14 11269.37333 3721.819721 79558434.59
Jul-14 15390.08885 4426.679352 112411795.7

Aug-14 16312.02753 4164.560388 113409757.2
Sep-14 11006.52987 3189.536859 70089027.04
Oct-14 11649.19083 3231.630217 74186350.64
Nov-14 10461.61371 2868.165770 62292173.43
Dec-14 10120.65840 3913.201046 76269047.97
Jan-15 10371.01319 3332.179922 68825473.90
Feb-15 9670.719586 3937.219333 74209788.43
Mar-15 10305.37621 3021.537238 63771625.12
Apr-15 9820.614738 3582.560331 69650444.42

Contd...



DEVELOPING A HYBRID FORECASTING SYSTEM FOR INTERNATIONAL HOTEL REVENUE� 9

May-15 10524.00377 2956.549033 63965465.25
Jun-15 9983.150492 3602.635716 70829381.94
Jul-15 10353.09720 4066.321250 79837518.25

Aug-15 11715.82768 4062.061978 87110667.67

Simple exponential smoothing method, double exponential 
smoothing method, Holt-Winter exponential smoothing methods and the 
neural network model with GA alone are also used to predict future hotel 
revenue. Table 5 and Figure 3 show the results.

Table 5
The results of different methods

MAD MAPE RMSE
Regression 20068659.00 0.304179000 23857574.44
Single exponential smoothing 14254041.17 0.189703955 16381111.42
Double exponential smoothing 14077687.02 0.186557968 16101923.08
Holt-winter exponential smoothing 14469573.55 0.199790062 16807575.13
Holt-winters additive seasonal 
exponential smoothing 14424982.58 0.197009661 16919166.26

Holt-winters multiplicative seasonal 
exponential smoothing 14869297.28 0.203655975 17761496.51

The neural network model with GA 12988559.00 0.175692063 15287498.54
The proposed RPGANN approach 8887296.659 0.110666374 11414811.28

Figures 3
The results of different methods
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Through the measurement of MAD, RMSE and MAPE, the results 
confirmed the superiority of the proposed RPGANN approach.

Implications and Conclusions

Forecast accuracy significantly affects the revenue generated by a 
revenue management system [25]. Empirical evidence confirms the 
superiority of the proposed RPGANN method in predictive capabilities. 
More accurate forecasts benefit the international hotel’s competitiveness.

However, this study has some limitations. First, there is the problem 
of too few samples, which limits the conclusions. Due to project funding, 
the sample size used was limited. But if you consider that the covid-19 
epidemic has caused a devastating blow to the entire Taiwan International 
Hotel for several years. The problem is that valid samples cannot be 
collected. The number of samples is bound to hinder the collection of more 
useful data. Secondly, the proposed RPGANN approach cannot consider 
the impact of external variables such as COVID-19.

Future research can be directed towards using newer AI technology 
or more useful variables to predict hotel revenue to obtain more accurate 
prediction results.
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