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Abstract 

This study aims to compare various time series models to forecast monthly foreign tourist arrivals to 

India. The models which are considered here include Naive I & Naive II, seasonal autoregressive 

integrated moving average (SARIMA) and Grey models. The forecasting performance of these models 

has been compared under mean absolute percentage error (MAPE), U-statistic and turning point analysis 

(TPA) criteria. Empirical findings show that Naive I gives better forecast of foreign tourist arrivals to 

India relative to other time series models under MAPE and U-statistic criteria. In addition, SARIMA is 

found to be better model as compared to other models according to TPA criterion. 
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1. Introduction 

Since accurate forecasting of tourism demand is very important for the government's policy-

making and development of infrastructure. Hence, there are a number of time series models 

such as Naive I & Naive II, autoregressive integrated moving average (ARIMA) and seasonal 

ARIMA (SARIMA) for forecasting foreign tourist arrivals (see Martin and Witt (1989) and 

Chu (1998)) [15, 3]. Over the past three decades, SARIMA is one of the most popular time series 

model in the field of tourism demand forecasting. For example, Lim and McAleer (1999, 

2002) [13] studied Box-Jenkins ARIMA model to forecast Malaysian tourist arrivals and foreign 

tourist arrivals in Australia, respectively, while Goh and Law (2002) [7] applied the SARIMA 

model in forecasting tourism using 10 country wise foreign tourist arrivals in Hong Kong. 

Huang and Min (2002) [9] fitted SARIMA model to forecast the visitor arrivals in Taiwan. 

Also, Kim and Moosa (2005) [10] used SARIMA with other competing models to compare the 

performance of direct and indirect forecasting of international tourist flows to Australia. Chen 

et al. (2009) [4] compared the accuracy of SARIMA model with Holt-Winters and Grey model 

to forecast inbound air travel arrivals for Taiwan. Moreover, Nguyen et al. (2013) [16] 

employed SARIMA and Grey model to study the forecasting of foreign tourist arrivals in 

Vietnam. The results show that the performance of SARIMA model was effectively superior 

to other time series models. 

Further, SARIMA model is more popular for tourism demand forecasting. But it has some 

limitations that it requires certain statistical properties. However, there exist some quantitative 

models to forecast time series data which are free from any statistical assumptions such as 

Grey model developed by Deng (1982) [5]. Grey model has been successfully applied in tourist 

arrivals forecasting. Yu and Schwartz (2006) [20] compared the forecasting performance of the 

simple models with Grey model to forecast annual U.S. tourist arrivals data. They found that 

SARIMA model is the best one for forecasting tourism demand as compared to other 

forecasting models. Recently, Xu et al. (2016) [19] studied international tourism market of 

China using Markov chain Grey model and compared it with the conventional Grey model 

under various comparison criteria. The experimental results indicate that the Markov chain 

Grey model is considerably more accurate than the conventional Grey models. 

To the best of our knowledge, researchers in India have not paid much attention to study the 

forecasting performance of FTAs to India using various quantitative models, though tourism 

industry in India has shown a significant growth in past few years. In this paper, an attempt has 
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been made to forecast monthly foreign tourist arrivals in India 

using time series models. The data were obtained from the 

site (http://www.indiastat.com), Govt of India for the period 

of Jan. 2003 to Dec. 2016. In addition, various time series 

models will be fitted including Naive I & Naive II, SARIMA 

and Grey models. The forecasting performances of various 

models have also been compared under mean absolute 

percentage error (MAPE), U-statistic and turning point 

analysis (TPA) criteria. 

The plan of the paper is as follows. Section 2 discusses the 

time series models related to the study of foreign tourist 

arrivals to India. Section 3 discusses the different comparison 

criteria. Section 4 describes the data. Section 5 explains 

results of time series models obtained from empirical study. 

Section 6 presents the comparison of forecasting performance 

of various models under the MAPE, U-statistic and TPA 

criteria. The concluding remarks are given in the last section. 

 

2. Time series models 

Time series models have been commonly used to forecast 

international tourist arrivals for non-stationary time series 

data. It includes Naive I & Naive II models, SARIMA and 

Grey models. A brief overview of these models is given in the 

following subsections. 

  

2.1 Naive model 

Two different Naive methods are very easy and simple for 

forecasting time series data. The first method is Naive I and 

second method is Naive II. In Naive I method, each forecast is 

generated by using the previous value of time series data. In 

Naive II method, forecast of current observation is equal to 

the previous value and multiplied by the growth rate of 

current observation over previous observation. 

Naive I and Naive II models for observed time series, say Xt 

and forecasted time series, Xt at time t are given below. 

 

Naïve I: Xt̂ = Xt 
 

Naïve II: Xt̂ = Xt−1 [1 + 
Xt−1− Xt−2

Xt−2
] 

 

2.2 SARIMA model 

SARIMA model is the combination of non-seasonal and 

seasonal autoregressive (AR) and moving average (MA) 

models. SARIMA model is usually represented in 

multiplicative form such as SARIMA (p,d,q)(P,D,Q)s, where 

(p, P) and (q, Q) indicate the seasonal and non-seasonal order 

of AR and MA, respectively, with seasonal length s, non-

seasonal difference (d) and seasonal difference (D). 

SARIMA model for a time series, say Xt(t = 1, 2....T), is 

given by 

 

φp(B)∅P (B
s)∆d ∆s 

DXt = θq(B)ϑQ (B
s)at 

 

where, φp(B) = 1 − φ1(B) - … - φp(B
p), ∅P (B

s) = 1- 

∅1 (B
s)-…- ∅P (B

Ps), θq(B) = 1+ θ1(B) +⋯+ θq(B
q) and 

ϑQ (B
s) = 1+ ϑ1 (B

s) +…+ ϑQ (B
Qs) are non-seasonal and 

seasonal AR and MA models, respectively, B is the backshift 

operator, ∆d∆s
DXt = (1 − B)(1 − B

s)Xt, φp < 1, ∅P <

1, θq  < 1, ϑQ < 1 and at. ~ white noise (0,σ2). 

 

2.3 Grey model 

So far we noticed that the SARIMA model require certain 

assumption on distribution owing to the fact that they have 

certain statistical limitations. However, there exist some 

quantitative models to forecast time series data which are free 

from any distributional assumption of data such as Grey 

model. Grey model is one of the commonly used time series 

model. This model is a forecasting model consists of a first 

order differential equation, which can be evaluated as follows: 

 

Suppose X(0)  ={ X(0)(1), X(0)(2), X(0)(3),…… , X(0)(n)} is 

original data series. From the original data sequence, X(0) the 

first-order accumulated generating operation (AGO) 

sequence, say X(1) is generated which is given as . 
 

 X(1)={ X(1)(1), X(1)(2), X(1)(3),...., X(1)(n)} 

 

The Grey model of first order linear differential equation is 

written as 

 
dX(1)

dt
+ a ∗ X(1) =b.  

 

Where, the parameters a and b can be estimated using the 

ordinary least squares (OLS) method, as follows: 

 

�̂�= (
𝑎
𝑏
) 

 

= (𝐵𝑇𝐵)-1BTY 

 

Where, 

 

Y= 

(

 
 
 
 

X(0)(2)

X(0)(3)
.
.
.

X(0)(n))

 
 
 
 

 and B = 

(

 
 
 
 
 

−
1

2
[X(1)(1) + X(2)] 1

−
1

2
[X(2) + X(1)(3)] 1

.

.

.

.

−
1

2
[X(1)(n − 1) + X(1)(n)] 1)

 
 
 
 
 

 

 

Finally, the forecasting equation of Grey model for k periods 

is given by 

 

X0(k)̂ = X(1)(k) − X(1)(k − 1)X(1)  
 

X0(k)̂ = (1 − ea) (X(0)(1) −
b

a
) e−a(k−1), k=1,2,… 

 

3. Measurements of forecasting accuracy 
The performance of all such forecasting models for monthly 

time series data has been evaluated using mean absolute 

percentage error (MAPE), U-statistic and turning point 

analysis (TPA) as the criteria of measuring forecasting 

accuracy, which are discussed below. 

 

3.1 Mean absolute percentage error (MAPE) 

MAPE is a relative measure of errors in prediction. It usually 

expresses accuracy as a percentage, and is defined by the 

following formula 
 

MAPE = 
∑ (|Xt− Xt̂|)/ Xt
n
t=1

n
× 100 

 

where n is sample size, Xt is actual value of the time series 

and is the forecast in the tth month. 

Lewis (1982) demonstrates that the value of MAPE being less 

than 10% indicates high accuracy of forecasting. Moreover, 
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when it lies between 10-20% forecasting is good, 20-50% is 

reasonable and more than 50% denotes inaccuracy in 

forecasting. 

 

3.2 U-statistic 

It is also a relative measure given by Theil (1961). U statistic 

is calculated by using the following formula 

 

U = 
√
1

n
∑ (Xt − Xt̂)

2n
t=1

√
1

n
∑ (Xt )

2n
t=1  + √

1

n
∑ ( Xt̂)

2n
t=1

  

  

In addition, the value of U lies in the range 0 to 1. U = 0 

indicates that the forecasting is good, and, if U is close to 1, it 

reflects the inaccuracy of forecasting technique. It has many 

advantages except one that it sometimes becomes more 

difficult to interpret than other relative measures (see Chu 

(1998)) [3]. 

 

3.3 Turning point analysis (TPA) 

Turning point analysis is a graphical way of examining 

forecasting performance of the models (see Bails and Peppers 

(1993) for details). TPA predicts a change in the trend of 

actual and forecasted time series. Changes in trend can be 

divided into upturns and downturns. If both the changes, 

actual change (∆Xt= Xt- Xt-1) and forecasted change (∆Xt̂ = 

Xt̂ − Xt−1̂) are in different directions, it is said that turning 

point error (TPE) occurs. The number of turning point errors 

(TPE) being large imply inaccuracy of forecasting model. 

Moreover, if the changes in actual trend and forecasted trend 

are in same direction, it is said that corrected direction 

occurred. Also, TPA represents the accuracy of time series 

models in terms of the percentage of corrected direction 

instances by calculating D-statistic (Dstat). Dstat is evaluated by 

the ratio of corrected direction instances and the total number 

of classified instances (Xie et al. 2014), which is as follows: 

  

    Dstat = ∑
dt

n
n
t=1  × 100 

 where,  

 

dt = {
1, (Xt − Xt−1)(Xt ̂ − Xt−1̂) > 0
0, otherwise

 

 

where dt is the corrected direction in the tth month. Note that 

MAPE and U-statistic are the measures of the deviation 

between actual and forecasted values. Therefore, the 

forecasting performance is better when the values of these 

measures are lesser. Moreover, Dstat is the measures of 

corrected direction between actual and forecasted values. 

Therefore, the higher Dstat denote high accuracy of time series 

models. 

 

3.4 Posterior variance ratio (PVR) 

The posterior-variance test is the ratio between root mean 

square of the variance for residuals and root mean square of 

the variance for the actual data, defined by 

 

C = 
S2

S1
 

 

where, 

S1 = standard deviation for actual series 

S2 = standard deviation for residuals series. 

 

According to Deng (1986) [6], the value of posterior variance 

ratio (C) <0.35 indicates high accuracy of Grey model. 

Moreover, when it is <0.5 model is called qualified, and when 

<0.65 model is said to be just qualified. Also, model is said to 

be unqualified when C≥ 0.65. 

 

4. Data 

This study applied the monthly time series data of foreign 

tourist arrivals (FTAs) (in numbers) from January 2003 to 

December 2016 in India for empirical study. Time series data 

have been downloaded from the official website, 

http://www.indiastat.com. Also, the series is seasonally 

adjusted by using ratio to moving average method. The whole 

time series is divided into two periods (1) 2003:1-2012:12, 

consists of 120 observations, to estimate the individual 

models; (2) data of 2013:1-2016:12 are used to generate the 

out-of-sample forecasts for different models. The R-3.0.3 

software is used for the overall empirical analysis.  

 

5. Empirical results 

5.1 Naive models  

In Naive I method, each forecast is generated by using the 

previous value of time series data, for instance, the forecast 

value of FTAs for January 2013 is the arrival figure of 

December 2012 likewise the forecast for February 2013 is the 

arrivals figure of January 2013. Similarly, the forecast values 

of rest of the time points can be obtained for foreign tourist 

arrivals using Naive I method. In Naive II method, forecast of 

January, 2013 is equal to the figure obtained in December 

2012 multiplied by the growth rate of January 2013 over 

December 2012. The actual and forecasted results obtained 

from Naive I & Naive II methods are given in Table 1 from 

January 2013 to December 2016. 

 

5.2 Estimated SARIMA models 

Since, seasonal ARIMA is a more suitable model for non-

stationary time series data. Thus, Box-Jenkins method (Box 

and Jenkins (1976)) based SARIMA model is applied for 

modelling and forecasting FTAs data. Firstly, the standard 

HEGY test (Hylleberg et al. (1990)) is applied for the testing 

of seasonal and non-seasonal unit root in seasonally adjusted 

data at level and first difference values. The results of the 

HEGY test along with the p-values are reported in Table 2 at 

level and first difference values. It shows that the null 

hypothesis of a unit root in FTAs, cannot be rejected at zero 

frequency 5% level of significance indicating that the FTAs 

series is having trend at level, however, there is no significant 

seasonal component. Further, the non-stationary FTAs series 

is transformed to stationary series by using first difference 

(d=1). The results of HEGY test at first difference reveal that 

the null hypothesis of a unit root in FTAs is to be rejected at 

5% level of significance. The orders of seasonal and non-

seasonal autoregressive (AR) and moving average (MA) 

models have been identified by autocorrelation and partial 

autocorrelation functions. The best model fitted to the series is 

selected corresponding to minimum Akaike information 

criterion (AIC). From Table 3 it is noticed that (1, 1, 2) (1, 0, 

2)12 is the best fitted SARIMA model for seasonally FTAs 

series according to the minimum AIC. Statistical 

independence of residuals is examined via Box-Pierce Q-

statistic (Ljung and Box (1978)) for all lags and it is found 

that the null hypothesis of independence of residuals is not 

rejected. The results of Box-Pierce Q-statistic are presented in 

Table 4. Hence, SARIMA (1, 1, 2) (1, 0, 2)12 could be 

considered an adequate model for out-of-sample forecasts of 

FTAs. 
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Table 1: Forecasting results of Naive models 
 

Months/Year Actual Naïve I Naïve II 

Jan-13 579649 562271.4 545559.6212 

Feb-13 561234.4 579649 597563.6733 

Mar-13 579372.1 561234.4 543404.8049 

Apr-13 545787.3 579372.1 598095.9654 

May-13 587866.7 545787.3 514149.3297 

Jun-13 581359.4 587866.7 633190.36 

Jul-13 542986 581359.4 574924.1316 

Aug-13 574632.3 542986 507145.4873 

Sep-13 592841.4 574632.3 608123.0091 

Oct-13 585484.3 592841.4 611627.5148 

Nov-13 606551.5 585484.3 578218.5008 

Dec-13 613504.2 606551.5 628376.7509 

… … … … 

Jan-16 679174.6 681563.2 688863.4649 

Feb-16 690367.4 679174.6 676794.3711 

Mar-16 740148.2 690367.4 701744.6574 

Apr-16 725568.4 740148.2 793518.5786 

May-16 744949.7 725568.4 711275.8 

Jun-16 708624.4 744949.7 764848.7111 

Jul-16 789131.9 708624.4 674070.3973 

Aug-16 791638 789131.9 878785.9345 

Sep-16 803855.4 791638 794152.0588 

Oct-16 738102.1 803855.4 816261.3519 

Nov-16 736368 738102.1 677727.2505 

Dec-16 774365.3 736368 734637.9741 

 

5.3 Estimated results of Grey model 

The Grey model is initiated by converting the original FTAs 

time series data to a Grey differential equation using 

accumulated generation operation (AGO). The complete 

process of the Grey model has been conducted using inverse 

accumulated generation operation (IAGO). Also, the least 

squares method is used to estimate the parameters for Grey 

differential equation. The estimated values of the parameters a 

and b for Grey model are -0.006628205 and 266972.1, 

respectively. Also, the accuracy of Grey model is evaluated 

by using PVR criterion. The calculated value of PVR, 0.2202 

is <0.35. It indicates that the accuracy of Grey model is high 

for FTAs data. 

 

6. Forecasting performance of different models 

In this section, we present comparisons of forecasting 

performance of different models using MAPE, U-statistic and 

TPA criteria. Firstly, TPA has been explored to determine the 

D-statistic value. TPA reveals that the actual and forecasted 

changes are in same direction or not. If the actual changes 

(AC) and forecasted changes (FC) has different direction then 

TPE occurs. Graphical representation of AC and FC is 

reported in Figure 1-4 for Naive I & Naive II, SARIMA and 

Grey models. Figure 1-4 shows the closeness of actual and 

forecasted foreign tourist arrivals. If the forecast points are 

very close to the straight line, it is said that the forecast model 

is the best. Further, MAPE, U-statistic, D-statistic and TPE 

have been calculated for the comparative analysis of different 

models. The results of MAPE, U-statistic, D-statistic and TPE 

are reported in Table 5. Overall, the empirical analysis reveal 

that time series models have good forecasting performance 

since MAPE values are less than 10% (Lewis 1982). For 

Naive I model the coefficient of U is very close to 0. 

Furthermore, the experimental results reported in Table 5 also 

support that the forecasting accuracy of Naive I model is 

better than other time series models in terms of lesser MAPE 

and U-statistic values. On the other hand, SARIMA model is 

better than Naive I & Naive II and Grey models according to 

the higher D-statistic value, 58.33. There are 19 turning point 

errors. Therefore, SARIMA model forecasting performance is 

more accurate than other models based on TPA criterion. 

 
Table 2: Results of HEGY test 

 

Roots 
Level 

 
First difference 

 
Test statistic p-values Test statistic p-values 

π1 -2.329 0.1 -3.65 0.01 

π2 -3.378 0.01 -3.2 0.01 

π3:4 7.893 0.01 6.677 0.01 

π5:6 8.403 0.01 5.81 0.01 

π7:8 8.582 0.01 7.505 0.01 

π9:10 9.016 0.01 7.465 0.01 

π11:12 6.305 0.01 5.626 0.01 

 
Table 3: Fitted SARIMA models 

 

Models AIC criterion 

(1, 1, 2) (1, 0, 2)12 2660.34 

(2, 1, 1) (2, 0, 1)12 2664.98 

(1, 1, 2) (2, 0, 1)12 2660.41 

(0, 1, 2) (2, 0, 1)12 2661.28 

 
Table 4: The results of Box-Pierce statistic for SARIMA model 

 

Lags 1 2 3 4 5 6 7 8 9 

Statistic 0.1 0.34 0.71 0.94 5.2 7.91 7.91 8.02 9.5 

P-values 0.75 0.84 0.87 0.91 0.38 0.24 0.34 0.43 0.38 

 

 
 

Fig 1: AC and FC for Naive I model 

 

 
 

Fig 2: AC and FC for Naive II model. 
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Fig 3: AC and FC for SARIMA model 

 

 
 

Fig 4: AC and FC for Grey model. 

 
Table 5: Forecast comparison under different criteria 

 

Models/Criteria Naïve I Naïve II SARIMA Grey 

MAPE 3.59 6.27 5.00 5.81 

Ustat 0.023 0.038 0.035 0.032 

Dstat 35.41 41.66 58.33 54.16 

TPE 27 26 19 21 

 

7. Conclusions 

This study evaluated the performance of Naive I & Naive II, 

seasonal autoregressive integrated moving average 

(SARIMA) and Grey models for forecasting foreign tourist 

arrivals (FTAs) in India from January 2003 to December 2016 

using mean absolute percentage error (MAPE), U-statistic and 

turning point analysis (TPA) criteria. Also, the posterior 

variance ratio criterion is used to check the accuracy of Grey 

model. Empirical findings show that the Naive I model 

outperform the other models when compared under the 

MAPE and U-statistic criteria. Additionally, SARIMA is 

found to be better model as compare to Naive I & Naive II 

and Grey models according to TPA criterion. 
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