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Abstract 
Time-series-based forecasting is essential to determine how past events affect future events. This 
paper compares the performance accuracy of different time-series models for oil prices. Three 
types of univariate models are discussed: the exponential smoothing (ES), Holt-Winters (HW) and 
autoregressive intergrade moving average (ARIMA) models. To determine the best model, six dif-
ferent strategies were applied as selection criteria to quantify these models’ prediction accuracies. 
This comparison should help policy makers and industry marketing strategists select the best fo-
recasting method in oil market. The three models were compared by applying them to the time 
series of regular oil prices for West Texas Intermediate (WTI) crude. The comparison indicated 
that the HW model performed better than the ES model for a prediction with a confidence interval 
of 95%. However, the ARIMA (2, 1, 2) model yielded the best results, leading us to conclude that 
this sophisticated and robust model outperformed other simple yet flexible models in oil market. 
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1. Introduction 
Forecasting is the process of developing hypotheses about future events [1], and forecasting models that predict 
future events are used in numerous fields such as economics and science because they are useful tools in deci-
sion making. A perfect forecast provides insight into the implications of an action or inaction and serves as a 
metric to judge one’s ability to influence future events [2] [3]. The task of forecasting or modelling has conven-
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tionally been performed either by developing a model or by implementing techniques developed to assess time 
series [4]. Different models have been applied to forecast data over particular periods [5] [6]. 

Reliable estimates are required to judge the accuracy of a forecast. Therefore, assessing the quality of a model 
in terms of historical data is unacceptable. In contrast, the precision of a forecast should be analysed in terms of 
how the model handles new data that were not previously used to determine the quality of the model [7]. Re-
searchers also compare the accuracies of forecasts to evaluate particular aspects of competing economic hypo-
theses [8]. The best metric to judge a model is determined by eliminating the fitting errors involved with classic-
al data forecasting. Indistinguishable linked-predictive let-downs suggest the inadequacy of a model. Therefore, 
a good forecasting model should result in the fewest fitting errors while maximizing accuracy. 

Two types of time-series-based forecasting models exist: univariate and multivariate. Univariate forecasting 
involves using historical data to predict the value of a continuous variable that serves as the response or output 
variable [9]. Because it supplies a quantitative statistical evaluation, univariate analysis requires separate analy-
sis of the results for each relevant variable in a given set of data [10]. Moreover, univariate analysis does not 
consider possible relationships between independent variables [11]. According to [12], a univariate time series 
can provide a more accurate forecast than a multivariate model. The exponential smoothing (ES), Holt-Winters 
(HW) and autoregressive intergrade moving average (ARIMA) techniques are some of the methods that use un-
ivariate time series.  

The last two decades have seen significant developments in ES, which has become one of the most notewor-
thy forecasting strategies. ES was established as a classical method of analysis for forecasting different econo-
metric and financial real-time data prospects [13]. The results obtained from data smoothing are operative, sim-
ple, accurate and easy to communicate and understand [14]. [15] posited that the resulting forecasts are compa-
rable to those of more complex models. This success is attributable to the clarity, computational effectiveness, 
flexibility to changes in the forecast procedures and rational precision of ES [16]. The basic notion of ES is to 
“level” the proceeding series in the same manner as does the moving typical value, because ES uses the 
smoothed series to forecast the value of interest. Conversely, ES is considered to be less sensitive to infrequent 
occurrences, such as ramp shifts, level shifts, impulses and changes in related probability functions [17]. 

The HW approach, which is a variant of ES, is a method commonly used to forecast recurring time series [18]. 
Thus, various analytical methods continue to be used to make predictions to highlight specific changes and sea-
sonal patterns and to explore their specific applicability. [19] suggested that ES provides dependable forecasts 
that are fairly close to the predictions obtained from more sophisticated, costly procedures. HW models are sen-
sitive to irregular events and/or outliers. Forecasting methods are affected by outliers in two ways: smoothed 
values are influenced by the fact that the equations express the present and previous values of a series involving 
outliers, and the outliers affect the selection of constraints [20]. 

The ARIMA approach, also known as the Box–Jenkins method, has been one of the most widely applied li-
near frameworks in time-series forecasting over the past three decades [21]. The popularity of ARIMA arose 
from its analytical ability, which is valuable in the process of model building, and the quality of its forecasts [22]. 
The ARIMA forecasting model differs from other approaches in that it assumes no particular forecasting pattern 
based on historical data [23]. The ARIMA model is used to forecast a value with respect to a time series in the 
form of a linear combination of previous values and their associated errors (otherwise referred to as shocks or 
innovations) [24]. Furthermore, various ES models can be used with ARIMA models [25], which imply that the 
attributes of an ES model can be incorporated into an ARIMA model because of the simplified nature of the 
former. 

Conversely, studies by [26] and [27] demonstrated that ARIMA models can provide better forecasts than ES 
models. In contrast, [28] identified the ES model as a better approach because it provides plausible predictions, 
in contrast with ARIMA models. In another contribution to this debate, [29] and [30] determined that the 
ARIMA methodology performs fairly well compared to the HW model, although the latter yields higher-quality 
forecasts. To counter these results, [31] demonstrated that the ARIMA model provides better results than the 
HW model. Furthermore, [32] and [33] showed that HW provides higher-quality forecasts than ES. The ranking 
of these three models is based on their applicabilities and the accuracies of their forecasts. 

This study focuses on the major tools of decision making; namely, time-series-based models. We present 
analyses of the accuracies of the ES, HW and ARIMA approaches in forecasting crude oil prices for the first 
time and also discuss the significances of the error terms in these forecasting models and the importance of 
achieving minimal errors. The remainder of the paper is organized as follows: Section 2 describes the data 



G. A. Tularam, T. Saeed 
 

 
228 

source, methodology and means of quantifying forecasting accuracy. The results from real data sets and a dis-
cussion are presented in Section 3. Finally, Section 4 gives our concluding remarks. 

2. Materials and Methods 
West Texas Intermediate (WTI) oil prices from October 2011 and March 2016 served as the central time series 
used in this study. This time series was chosen because the fluctuating nature of the data endows it with extreme 
nonlinearity, which means that chaos might pose challenges in forecasting future prices. The datasets consisted 
of daily data collected from the official websites of the United States Energy Information Administration (EIA). 
WTI was also chosen because of its geographical location and cost of transport; these are the major factors in-
fluencing the oil market at the local and international levels [34]. In addition, crude oil prices have challenged 
the forecasting abilities of previous models. In the present study, we focused on an in-sample period, which 
means that the time series between October 2011 and September 2015 served to generate the forecasts of the 
three models, whereas the time series between October 2015 and March 2016 served as out-of-sample data 
against which the accuracies of the forecasts were measured. 

The in-sample series contributed approximately 90% of the data, whereas the out-of-sample series contributed 
approximately 10% (this division was arbitrary). The accuracies of the oil-price forecasts of the three models 
were determined and interrelated based on six metrics. The next section presents both the respective models both 
mathematically and theoretically, as well as the mathematical expressions and applications of the six metrics to 
quantify the forecast accuracies.  

2.1. Exponential Smoothing Model 
ES is a formalization of the familiar learning method, which is a practical basis for forecasting. Typically, the 
use of ES is significant in cases in which the data pattern is nearly horizontal, particularly when no particular 
trend or seasonal variation exists in previous data sets. The ES framework for time series tϕ  is given by  

( )1 1 11 0 1 and 0.,ϕ α ϕ α ϕ α−= + − < < >t t t t  
For ES, the h-step-ahead forecast equation for time series tϕ  is  

ˆ ,t h tϕ ϕ+ =  

where 1,2,3, , th ϕ=   is the forecast based on period t, and 1α  is the smoothing parameter. 

2.2. Holt-Winters Model 
The HW model is equally important in its own distinct ways. This model is an extension of the ES framework, 
but it employs a different set of parameters, unlike those used in rudimentary time series, to smooth the inclina-
tion of values. HW-based forecasting can be performed by using three smoothing elements. The HW model is 
applied to data characterized by seasonality and trend. Its equations are  

( )( )1 1 1 1 11 , 0 1t
t t t

tS δ

ϕ
ϕ α α ϕ β α− −

−

= + − + < < , 

( ) ( )2 1 2 1 21 , 0 1t t t tβ α ϕ ϕ α β α− −= − + − < < , 

and 

( )3 3 30 1,1t
t t

t

S S δ
ϕ

α α α
ϕ −= + − < < . 

In the HW model, an h-step-ahead forecast of tϕ  is given by 

( )ˆt h t t t hh S δϕ ϕ β+ + −= + , 

where tϕ  is the smoothed value for period t, 1α  is the smoothing parameter, tϕ  is the actual value at period t, 
1tϕ −  is the average experience of the series of smoothed values in period 1t − , tβ  and 1tβ −  are the trend es-

timates, 2α  is the smoothing parameter for the trend estimate, tS  is the seasonality estimate, 3α  is the 
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smoothing parameter for the seasonality estimate, h is the number of periods in the forecast lead period and δ  
is the number of periods in the seasonal cycle. 

2.3. Autoregressive Intergrade Moving Average Model 
The ARIMA model involves a series transformation to a state of stationary covariance, followed by identifica-
tion, approximation, diagnosis and prediction. The “I” in ARIMA implies that the dataset undergoes differentia-
tion and that, upon completion of the modelling, the results undergo an integration process to produce final pre-
dictions and estimates [35]. The function representing the ARIMA model is denoted ARIMA (p, d, q), which 
produces a stationary function ARMA (p, q) upon differentiation with respect to time. The origin of the ARMA 
model is the autoregressive AR model of order p; MA, the moving average framework of order q; and the ex-
pressions for MA, AR and ARMA are 

AR model: 1 1 2 2 1
ˆ p

t t t p t p t i t i ti
ϕ θ ϕ θ ϕ θ ϕ ε θ ϕ ε− − − −=

= + + + + = +∑ , 

MA model: 1 1 2 2 1
ˆ q

t t t q t q i t ii
ϕ φ ε φ ε φ ε φ ε− − − −=

= + + + = ∑ , 

and 

ARMA model: 1 1
ˆ p q

t i t i t i t ii i
ϕ θ ϕ ε φ ε− −= =

= + +∑ ∑ , 

where tθ  is the autoregression parameter at time t, tε  is the error term at time t and tφ  is the mov-
ing-average parameter at time t. 

2.4. Model-Selection Criteria 
Although one model can occasionally be suitable for any set of data, the correctness of a forecasting model re-
quires that various models be evaluated to identify the one that provides the best results with minimal errors [36] 
[37]. Different methods of computing, quantifying and reducing errors exist [38]. Determining metrics to correct 
forecasting errors is often a major problem, given that no single metric can provide a clear-cut indication of 
forecast performance, and the application of multiple metrics complicates the comparison of forecasting models 
and makes them unmanageable [39]. Thus, we applied six model-selection criteria (i.e. metrics) and chose the 
appropriate time series to which to apply the ES, HW and ARIMA models. From the wide range of applicable 
model-selection criteria that exists, the following criteria were deemed suitable: mean squared error (MSE), 
root-mean-square error (RMSE), mean absolute error (MAE), mean absolute percentage error (MAPE) and 
Theil’s U-statistic. Both of Theil’s U-statistics were applied and were defined as U1 and U2. These criteria exhi-
bited particular advantages and disadvantages, as well as specific conditions of applicability. Table 1 illustrates 
how each criterion is calculated. 

The first assessment criterion, MSE, is the mean value of the squared error of the overall forecasts. MSE as-
signs more weight to significant errors. The major limitation of this approach is that it overstates substantial er- 

 
Table 1. Model-accuracy metrics.  
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Note: ˆi i ix xε = − , where ix  is the actual value at time i, ˆix  is the forecast value at time i and n is the number 
of observation used in the calculation. 
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rors. This evaluation criterion also provides limited information regarding whether the framework is an overes-
timation or underestimation of the actual forecast value. RMSE is the second evaluation criterion. It preserves 
the units of the estimation variable. This approach is more sensitive and minimizes large errors. Nevertheless, 
the ability to compare different time series is limited with this criterion. Conversely, MAE, the third fourth crite-
rion, determines the error magnitude for a precise set of forecasts. MAE defines how close forecasts are to the 
actual outcomes. This metric does not consider the direction of the forecasts. Moreover, these criteria determine 
the precisions of continuous variables. MAPE, the fourth criterion, enables comparison of distinct time-series 
data without defining the relation or percent error. This metric is significant in instances in which the measured 
variables are very large. 

The fifth and sixth criteria are U1 and U2, respectively. The former enables different predictions to be com-
pared, which implies that actual values are compared with predicted values. U1 provides a range of values on a 
zero-to-one scale. The nearer U1 is to zero, the more accurate the prediction is. When faced with alternative pre-
dictions, the forecast with the smallest value of U1 is regarded as the best and is thus selected. Conversely, U2 
performs relative comparisons based on random walk models and prediction models (naïve model). The naïve 
model may be described as the actual predetermined forecast model applied based on an indiscriminate-walk 
process. When U2 levels off at unity, the naïve method is considered to be equally useful for forecasting. U2 < 1 
indicates that the forecasting model would work better than the naïve approach. Note that U1 and U2 are more 
difficult metrics to use than the MAPE metric. 

3. Results and Discussion 
We implemented the ES, HW and ARIMA models in MATLAB (R2014a), which is a powerful mathematical 
software package used internationally by engineers and scientists. MATLAB contains built-in functions that al-
low the user to determine model parameters spontaneously; the only requirement in this system is the time series 
to be analysed. The quality of the parameter set used in this approach is defined by whether it lead to minimal 
errors between the forecast and actual values. To determine the quality of the parameter set used in this work, 
we compared the forecast values obtained from the three above-mentioned models with the actual WTI crude oil 
prices from October 2015 and March 2016. The results of this exercise that were obtained using the ES, HW and 
ARIMA methods are shown in Figures 1-3, respectively. These three figures show the forecast trends with a 
confidence interval of 95% and the actual data. The results of the different models are consistent regardless of 
which of the six different metrics is used to quantify their performances.  

The ES model uses a single parameter 1α . The appropriate value for this parameter is determined by mini-
mizing the error with respect to 1α . The results indicate that 1 0.79α =  is the best parameter value for this fo-
recasting model. The equation for this model thus takes the form 10.79 0.21t t tϕ ϕ ϕ −= + . 

Figure 1 clearly exemplifies the accuracy of the ES forecasting model. Note that the forecast (red dashed line) 
is consistently above the actual value (blue solid line). Given that the lower edge of the 95% confidence interval 
for two-thirds of the forecast results hovers around the actual values, it can be concluded that the results of the 
ES model do not satisfactorily predict the actual data. 

Compared with the ES model forecasts, those of the HW model are relatively accurate. The performance of 
the HW model relies heavily on the choice of parameters, as shown in Figure 2. The parameter values used to 
produce Figure 2 were 1 20.7, 0.2α α= =  and 3 0.1α = . 

The forecast presented in Figure 2 is better than that of the ES model: the forecast prices fluctuate close to the 
actual prices. The actual prices also consistently fall well within the 95% confidence interval of the forecast 
from the time-series data. These results demonstrate that the HW model provides more accurate predictions than 
the sophisticated ES model. As a result, the following equations constituted the HW for forecasting WTI prices: 

( )1 10.7 0.3t
t t t

tS δ

ϕ
ϕ ϕ β− −

−

= + + , 

( )1 10.2 0.8t t t tβ ϕ ϕ β− −= − + , 

and 

0.1 0.9t
t t

t

S S δ
ϕ
ϕ −= + . 
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Figure 1. Results of ES model for predicting daily WTI oil prices. 

 

 
Figure 2. Results of HW model for predicting daily WTI oil prices. 

 
The ARIMA model consists of four steps: The first step is model selection, wherein the parameters p and q 

are selected by using the prediction-accuracy method of minimizing the error upon recognition of a variable’s 
fixed degree. The second step involves estimating the model and its viability. Finally, the chosen and estimated 
frameworks are replicated forward to obtain the forecast values for the variables in question. We found that 
ARIMA (2, 1, 2) was the best-fitting model with respect to the WTI data. 

Note, however, that ARIMA is a fairly sophisticated model for accurate forecasting. Figure 3 from the ob-
servation, together with the forecasts, show that the ARIMA (2, 1, 2) results fit the actual time-series data con-
siderably better than do those of the previous two models. The ARIMA model selects the parameters using a 
significance level 5%. As a result, the parameters found to be significant are AR (1), AR (2), MA (1) and MA (2) 
(see Table 2). 

The ARIMA (2, 1, 2) model equation can be written as 

1 2 1 2ˆ 0.182 1.645 0.723 1.505 0.605 .ϕ ϕ ϕ ε ε− − − −= − − − − −t t t t t  
Analysis of Forecast-Model Selection 
The preceding section outlined three time-series models that were used to generate forecasts for crude oil 

prices. Every prediction was compared with the actual value of the respective time series of crude oil prices. The 
accuracy of each forecast was evaluated by using six metrics, as discussed in the preceding section. Each ap-
proach was applied to determine and rank the performances of the models for the given time series. Table 3  
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Figure 3. Results of ARIMA model for predicting daily WTI oil prices. 

 
Table 2. Estimate of ARIMA (2, 1, 2). 

Variables Coefficient p-value 

Constant −0.182 0.0503 

AR (1) −1.505 <0.0001* 

AR (2) −0.605 0.0126* 

MA (1) −1.646 <0.0001* 

MA (2) −0.723 0.0039* 

Note: *p value < 0.05. 
 

Table 3. Criteria for selecting the best of the three models used in this study (ES, HW, ARIMA). 

Measures of accuracy ES HW ARIMA 

MSE 5.985 3.122 2.337* 

RMSE 2.446 1.767 1.529* 

MAE 1.795 1.260 1.528* 

MAPE 2.928 2.149 1.718* 

U1 0.726 0.528 0.343* 

U2 2.786 1.592 0.689* 

Model ranking 3 2 1 

Note: *significance < 1. 
 

summarizes the three models and their forecasting performances. The results demonstrate that the ARIMA mod-
el performs better than either of the other models for the given time series. Note, however, that although the HW 
model exhibits the second best forecast after that of the ARIMA model, the performance of each model relies on 
the data used. In addition, specific ES models perform inadequately and thus provide poor forecasts, in contrast 
to the HW and ARIMA models. 

Despite all three models being black boxes, the differences between their performances are related to the dif-
ferences between the methods of determining forecasts in the ES and HW models and in the ARIMA model. 
The forecasting method in the ES and HW models relies on a weighted average of the past observed values in 
which the weights decline exponentially, which basically implies that the data for more recent observations con-
tribute significantly more than do previous data. The ARIMA model, however, has three parts: autoregression, 
integration and moving average, with the future value of a variable being a linear combination of the past values 
and the associated errors.  
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Forecasting plays a vital role in the entire process of advising policy makers. Perfect decision making is 
achieved when changes are viewed from two perspectives: current events and what is likely to occur in the fu-
ture. However, uncertain a forecast might seem, policy makers are compelled to consider its validity in their de-
cision making. Ideally, policy makers would base their decisions on accurate forecasts to tighten their policies 
and to achieve ultimate outcomes that differ from those forecasted. In addition, marketing strategists use infor-
mation acquired from various forecasting models and consider the most accurate models for developing, formu-
lating and implementing marketing strategies. Therefore, the organisations and entities whose main activities 
rely on the oil industry find such forecasts especially useful for formulating their policies and marketing strate-
gies to adapt to future changes forecasted by the models. With accurate forecasts, entities affiliated with oil 
production can use the information to make prudent decisions regarding the prices they attach to oil. As a result, 
with accurate knowledge of the flow of public money and of the regular patterns in oil consumption and demand, 
they can modify oil prices in such a way as to avoid damaging the financial capability or otherwise affecting 
their organizations’ objectives. 

4. Conclusion 
This paper explored the natures of statistical predictors by presenting time series analyses for oil prices data. 
Three types of univariate time-series models were investigated: ES, HW and ARIMA. We determined the quali-
ties of their forecasts by comparing the results of the given models with actual data. The ARIMA (2, 1, 2) model 
provided forecasts that were more accurate than those of the ES or HW models. The six selection criteria used to 
quantify the qualities of the forecasts yielded their smallest values for the ARIMA forecast, indicating clearly 
that it is the best of the three methods. As a result, we were able to not only conclude that the ARIMA model 
provided the most accurate forecasts but also discuss the sophistication and robustness of the competing models 
in crude oil market. Ultimately, the best decision-making process will be the most effective. Predicting future 
events based on an appropriate time-series model will help policy makers and marketing strategists make deci-
sions and devise suitable strategic plans in oil industry. To extend this work, future research should examine and 
compare complex univariate models, such as the autoregressive conditional heteroscedasticity model (ARCH), 
the generalized ARCH model (GARCH) and the ARIMA/GARCH model. 

References 
[1] Tsay, R.S. (2000) Time Series and Forecasting: Brief History and Future Research. Journal of the American Statistical 

Association, 95, 638-643. http://dx.doi.org/10.1080/01621459.2000.10474241 
[2] Hetemäki, L. and Mikkola, J. (2005) Forecasting Germany’s Printing and Writing Paper Imports. Forest Science,.51, 

483-497. 
[3] Peralta, J., Li, X.D., Gutierrez, G. and Sanchis, A. (2010) Time Series Forecasting by Evolving Artificial Neural Net-

works Using Genetic Algorithms and Differential Evolution. The 2010 International Joint Conference on Neural Net-
works, Barcelona, 18-23 July 2010, 1-8. 

[4] Makridakis, S., Wheelwright, S.C. and Hyndman, R.J. (1998) Forecasting: Methods and Applications. 3rd Edition, 
Wiley, Hoboken. 

[5] Wang, X., Guo, P. and Huang, X. (2011) A Review of Wind Power Forecasting Models. Energy Procedia, 12, 770- 
778. http://dx.doi.org/10.1016/j.egypro.2011.10.103 

[6] Xiong, T., Bao, Y. and Hu, Z. (2013) Beyond One-Step-Ahead Forecasting: Evaluation of Alternative Multi-Step- 
Ahead Forecasting Models for Crude Oil Prices. Energy Economics, 40, 405-415.  
http://dx.doi.org/10.1016/j.eneco.2013.07.028 

[7] Diebold, F.X. and Mariano, R.S. (2002) Comparing Predictive Accuracy. Journal of Business & Economic Statistics, 
20, 134-144. http://dx.doi.org/10.1198/073500102753410444 

[8] Bermúdez, J., Segura, J. and Vercher, E. (2006) Improving Demand Forecasting Accuracy Using Nonlinear Program-
ming Software. Journal of the Operational Research Society, 57, 94-100.  
http://dx.doi.org/10.1057/palgrave.jors.2601941 

[9] Wang, X., Smith-Miles, K. and Hyndman, R. (2009) Rule Induction for Forecasting Method Selection: Meta-Learning 
the Characteristics of Univariate Time Series. Neurocomputing, 72, 2581-2594.  
http://dx.doi.org/10.1016/j.neucom.2008.10.017 

[10] Poskitt, D.S. (2003) On the Specification of Cointegrated Autoregressive Moving-Average Forecasting Systems. In-

http://dx.doi.org/10.1080/01621459.2000.10474241
http://dx.doi.org/10.1016/j.egypro.2011.10.103
http://dx.doi.org/10.1016/j.eneco.2013.07.028
http://dx.doi.org/10.1198/073500102753410444
http://dx.doi.org/10.1057/palgrave.jors.2601941
http://dx.doi.org/10.1016/j.neucom.2008.10.017


G. A. Tularam, T. Saeed 
 

 
234 

ternational Journal of Forecasting, 19, 503-519. http://dx.doi.org/10.1016/S0169-2070(02)00031-6 
[11] Herrera, A.M. and Pesavento, E. (2009) Oil Price Shocks, Systematic Monetary Policy, and the “Great Moderation”. 

Macroeconomic Dynamics, 13, 107-137. http://dx.doi.org/10.1017/S1365100508070454 
[12] Abdel-Aal, R.E. (2008) Univariate Modeling and Forecasting of Monthly Energy Demand Time Series Using Abduc-

tive and Neural Networks. Computers & Industrial Engineering, 54, 903-917.  
http://dx.doi.org/10.1016/j.cie.2007.10.020 

[13] Tavakkoli, A., Hemmasi, A.H., Talaeipour, M., Bazyar, B. and Tajdini, A. (2015) Forecasting of Particleboard Con-
sumption in Iran Using Univariate Time Series Models. BioResources, 10, 2032-2043. 
http://ojs.cnr.ncsu.edu/index.php/BioRes/article/view/BioRes_10_2_2032_Tavakkoli_Forecasting_Particleboard_Cons
umption  

[14] Broze, L. and Mélard, G. (1990) Exponential Smoothing: Estimation by Maximum Likelihood. Journal of Forecasting, 
9, 445-455. http://dx.doi.org/10.1002/for.3980090504 

[15] Makridakis, S. and Hibon, M. (2000) The M3-Competition: Results, Conclusions and Implications. International 
Journal of Forecasting, 16, 451-476. http://dx.doi.org/10.1016/S0169-2070(00)00057-1 

[16] George, E.P.B., Jenkins, G.M. and Reinsel, G.C. (2008) Time Series Analysis: Forecasting and Control. 4th Edition, 
Wiley, Hoboken. 

[17] Hyndman, R., Koehler, A., Ord, K. and Snyder, R. (2008) Forecasting with Exponential Smoothing: The State Space 
Approach. Springer Science and Business Media, Berlin. http://dx.doi.org/10.1007/978-3-540-71918-2 

[18] Gardner Jr., E.S. (2006) Exponential Smoothing: The State of the Art—Part II. International Journal of Forecasting, 
22, 637-666. http://dx.doi.org/10.1016/j.ijforecast.2006.03.005 

[19] Chatfield, C. and Yar, M. (1988) Holt-Winters Forecasting: Some Practical Issues. Journal of the Royal Statistical So-
ciety. Series D (The Statistician), 37, 129-140. http://dx.doi.org/10.2307/2348687 

[20] Gelper, S., Fried, R. and Croux, C. (2010) Robust Forecasting with Exponential and Holt-Winters Smoothing. Journal 
of Forecasting, 29, 285-300.  

[21] Zhang, G.P. (2003) Time Series Forecasting Using a Hybrid ARIMA and Neural Network Model. Neurocomputing, 50, 
159-175. http://dx.doi.org/10.1016/S0925-2312(01)00702-0 

[22] Assis, K., Amran, A. and Remali, Y. (2006) Forecasting Cocoa Bean Prices Using Univariate Time Series Models. 
Journal of Arts, Science and Commerce, 1, 2229-4686. http://www.researchersworld.com/vol1/Paper_7.pdf  

[23] Gahirwal, M. (2013) Inter Time Series Sales Forecasting. arXiv:1303.0117  
[24] Chatfield, C. (2000) Time-Series Forecasting. CRC Press, Boca Raton. http://dx.doi.org/10.1201/9781420036206 
[25] McKenzie, E. (1984) General Exponential Smoothing and the Equivalent Arma Process. Journal of Forecasting, 3, 

333-344. http://dx.doi.org/10.1002/for.3980030312 
[26] Newaz, M.K. (2008) Comparing the Performance of Time Series Models for Forecasting Exchange Rate. BRAC Uni-

versity Journal, 5, 55-65.  
[27] Ahmad, W. and Ahmad, S. (2013) Arima Model and Exponential Smoothing Method: A Comparison. AIP Conference 

Proceedings, 1522, 1312-1321. http://dx.doi.org/10.1063/1.4801282 
[28] Burger, C., Dohnal, M., Kathrada, M. and Law, R. (2001) A Practitioners Guide to Time-Series Methods for Tourism 

Demand Forecasting—A Case Study of Durban, South Africa. Tourism Management, 22, 403-409.  
http://dx.doi.org/10.1016/S0261-5177(00)00068-6 

[29] Madden, G. and Tan, J. (2007) Forecasting Telecommunications Data with Linear Models. Telecommunications Policy, 
31, 31-44. http://dx.doi.org/10.1016/j.telpol.2006.11.004 

[30] Da Veiga, C.P., Da Veiga, C.R.P., Catapan, A., Tortato, U. and Da Silva, W.V. (2014) Demand Forecasting in Food 
Retail: A Comparison between the Holt-Winters and ARIMA Models. WSEAS Transactions on Business and Econom-
ics, 11, 608-614. 

[31] Udom, P. and Phumchusri, N. (2014) A Comparison Study between Time Series Model and ARIMA Model for Sales 
Forecasting of Distributor in Plastic Industry. IOSR Journal of Engineering, 4, 32-38.  
http://dx.doi.org/10.9790/3021-04213238 

[32] Lim, C. and McAleer, M. (2001) Forecasting Tourist Arrivals. Annals of Tourism Research, 28, 965-977.  
http://dx.doi.org/10.1016/S0160-7383(01)00006-8 

[33] Nazim, A. and Afthanorhan, A. (2014) A Comparison between Single Exponential Smoothing (SES), Double Expo-
nential Smoothing (DES), Holts (Brown) and Adaptive Response Rate Exponential Smoothing (ARRES) Techniques 
in Forecasting Malaysia Population. Global Journal of Mathematical Analysis, 2, 276-280.  
http://dx.doi.org/10.14419/gjma.v2i4.3253 

http://dx.doi.org/10.1016/S0169-2070(02)00031-6
http://dx.doi.org/10.1017/S1365100508070454
http://dx.doi.org/10.1016/j.cie.2007.10.020
http://ojs.cnr.ncsu.edu/index.php/BioRes/article/view/BioRes_10_2_2032_Tavakkoli_Forecasting_Particleboard_Consumption
http://ojs.cnr.ncsu.edu/index.php/BioRes/article/view/BioRes_10_2_2032_Tavakkoli_Forecasting_Particleboard_Consumption
http://dx.doi.org/10.1002/for.3980090504
http://dx.doi.org/10.1016/S0169-2070(00)00057-1
http://dx.doi.org/10.1007/978-3-540-71918-2
http://dx.doi.org/10.1016/j.ijforecast.2006.03.005
http://dx.doi.org/10.2307/2348687
http://dx.doi.org/10.1016/S0925-2312(01)00702-0
http://www.researchersworld.com/vol1/Paper_7.pdf
http://dx.doi.org/10.1201/9781420036206
http://dx.doi.org/10.1002/for.3980030312
http://dx.doi.org/10.1063/1.4801282
http://dx.doi.org/10.1016/S0261-5177(00)00068-6
http://dx.doi.org/10.1016/S0261-5177(00)00068-6
http://dx.doi.org/10.1016/S0261-5177(00)00068-6
http://dx.doi.org/10.1016/j.telpol.2006.11.004
http://dx.doi.org/10.9790/3021-04213238
http://dx.doi.org/10.1016/S0160-7383(01)00006-8
http://dx.doi.org/10.14419/gjma.v2i4.3253


G. A. Tularam, T. Saeed 
 

 
235 

[34] Wilmot, N.A. (2013) Cointegration in the Oil Market among Regional Blends. International Journal of Energy Eco-
nomics and Policy, 3, 424-433. 

[35] Tularam, G.A. (2010) Relationship between El Niño Southern Oscillation Index and Rainfall (Queensland, Australia). 
International Journal of Sustainable Development and Planning, 5, 378-391.  
http://dx.doi.org/10.2495/SDP-V5-N4-378-391 

[36] Ord, J.K., Koehler, A.B. and Snyder, R.D. (1997) Estimation and Prediction for a Class of Dynamic Nonlinear Statis-
tical Models. Journal of the American Statistical Association, 92, 1621-1629.  
http://dx.doi.org/10.1080/01621459.1997.10473684 

[37] Billah, B., King, M.L., Snyder, R.D. and Koehler, A.B. (2006) Exponential Smoothing Model Selection for Forecast-
ing. International Journal of Forecasting, 22, 239-247. http://dx.doi.org/10.1016/j.ijforecast.2005.08.002 

[38] Ramanathan, R. (2002) Introductory Econometrics with Applications. 5th Edition, Thomson Learning, Stamford, 688. 
[39] Goodwin, P. and Lawton, R. (1999) On the Asymmetry of the Symmetric MAPE. International Journal of Forecasting, 

15, 405-408. http://dx.doi.org/10.1016/S0169-2070(99)00007-2 

http://dx.doi.org/10.2495/SDP-V5-N4-378-391
http://dx.doi.org/10.1080/01621459.1997.10473684
http://dx.doi.org/10.1080/01621459.1997.10473684
http://dx.doi.org/10.1080/01621459.1997.10473684
http://dx.doi.org/10.1016/j.ijforecast.2005.08.002
http://dx.doi.org/10.1016/S0169-2070(99)00007-2

	Oil-Price Forecasting Based on Various Univariate Time-Series Models
	Abstract
	Keywords
	1. Introduction
	2. Materials and Methods
	2.1. Exponential Smoothing Model
	2.2. Holt-Winters Model
	2.3. Autoregressive Intergrade Moving Average Model
	2.4. Model-Selection Criteria

	3. Results and Discussion
	4. Conclusion
	References

