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Abstract—The ARIMA model is an important method and is 

widely used in time series modelling. The model relies 

heavily on autocorrelation patterns in the data, and doesn't 

consider other factors. However, in most cases, the extreme 

value of series has an influence on the subsequent behaviour 

of series. But this information isn't considered in the original 

ARIMA model. To solve this problem, We  proposes a 

modified ARIMA model based on the past maximum and 

minimum value of series to solve the modelling tasks which 

includes the factor of past extreme value in the model. The 

modified model is tested on USD-EUR exchange rate time 

series. The experimental results show that it is possible to 

improve the performance by considering extreme value for 

time series modelling compared to the original ARIMA 

model. 
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I. INTRODUCTION  

A time series data is a sequence of numerical 
observations naturally ordered in time. Recently, the rapid 
development of information technologies have led to the 
situation in which huge amounts of information data 
accumulate in quick speed and in fact constitute various 
time series. The modelling of such time series is extremely 
important and vital, and has been attracting the attention of 
both practitioners and researchers. However, it is also 
considered a rather difficult problem, due to the many 
complex features frequently present in time series, such as 
irregularities, volatility, trends and noise, and so on. A 
number of techniques have been developed in an attempt 
to model time series based on their present and past  
behaviour. 

Traditional time series modelling technologies, such as 
autoregressive integrated moving average(ARIMA)[1], 
exponential smoothing[2][3], decomposition[4], etc., have 
been widely and successfully used. More recently a 
number of machine learning techniques, such as neural 
networks[5~7], fuzzy systems[8], genetic algorithm[9], 
and SVM[10] are becoming promising directions in this 

fields. Some showed improvement compared to traditional 
models. Although a number of modern intelligent 
technologies can be available in machine learning and 
pattern recognition, it has been rarely used in temporal 
aspects of time series modelling for the discrete values 
output. 

Among them, ARIMA model is considered the most 
common choices for the time series modelling, which was 
popularized by George Box and Gwilym Jenkins in the 
early 1970s. The model only use the information in the 
series itself to model, and doesn't include other 
independent variables. However, the model is linear, and 
can be used to model stationary as well as non-stationary 
time series. With the widely application of the ARIMA 
models, there are a number of variations on the ARIMA 
model. For example, for the multiple time series, a 
VARIMA model may be appropriate, and for the seasonal 
effect, it is generally better to use a SARIMA. 

Although the ARIMA model has been widely applied 
in time series modelling, the model has some shortcomings. 
The model rely heavily on autocorrelation patterns in the 
data, and doesn't consider other factors. However, in most 
cases, the extreme value of series has an influence on the 
subsequent behaviour of series. Therefore, in these cases, 
when we consider the model , we should include the 
extreme value of series into the model. This work proposes 
a modified ARIMA model based on the past maximum 
and minimum value of series to solve modelling tasks. 

 

II. METHODOLOGY  

A. Time Series 

A time series is a set of data points, measured typically 
at successive times spaced at uniform time intervals, and 
defined by , 

 1,2, ,t tX x R t N  
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where t is the temporal index and N is the number of 

observations. Therefore 
tX is a sequence of temporal 

observations orderly sequenced and equally spaced.    
   An intrinsic feature of a time series is that adjacent 

observations are dependent. With this dependence, future 

values of 
tX can be forecasted based on known past values: 

to predict data points before they are measured. The future 

is given by
t kX 

, 1,2,...k  , where k represents the 

prediction horizon of k step ahead. 

B. ARIMA 

The acronym ARIMA, standing for "Auto-Regressive 
Integrated Moving Average", is a famous model of time 
series modelling proposed by Box & Jenkins in early 
1970s. The model is generally referred to as an 
ARIMA(p,d,q) model, where parameters p, d, q are non-
negative integers that refer to the order of the 
autoregressive, integrated, and moving average parts of the 
model respectively. The basic idea of ARIMA models is 
that data sequences can be considered as stochastic 
sequences described by mathematics models 
approximately. Once the models is established, it can be 
used to better understand the data or to predict the future 
values of time series based on present values and past 
values. Nowadays, ARIMA models are the most common 
class of models for time series modelling. It is usually 
superior to common time-series analysis and multivariate 
regressions. 

C. AR(p) 

The AR(p) model is the first component, and has the 
form: 

1 1 2 2t t t p t p ty y y y           


where the 1 , 2 ,.., p are the parameters, t is a 

white noise error term,  is constant.   

AR(p)  is equivalent to, 

2

1 2(1 )p

p t tL L L y         


and its characteristic equation is, 

2

1 2( ) 1 0p

pL L L L        


D. MA(q) 

The MA(q) model is the second component of ARIMA 
model, and the notation MA(q) refers to the moving 
average model of order q. The model is written as : 

1 1 2 2t t t t q t qy               


where the 1 , 2 ,..., q  are the parameters,  is the 

expectation, and the t , 1t  ,..., t q  are again, white noise 

error term. 
MA(q)  is equivalent to, 

2

1 2(1 ) ( )q

t q t ty L L L u L u         


E. ARMA(p,q) 

The model ARMA(p, q) refers to the model 
with p autoregressive terms and q moving-average terms, 
and is written as, 

1 1 2 2 1 1 2 2t t t p t p t t t q t qy y y y                        




it is also equivalent to, 

2

1 2( ) (1 )p

t p tL y L L L y       


2

1 2( ) (1 )q

t q tL L L L            


namely, 

( ) ( )t tL y L   


F. ARIMA(p,d,q) 

ARIMA(p,d,q) model is applied in some cases where 
data shows evidence of non-stationary, where an initial 
differencing step (corresponding to the "integrated" part of 
the model) can be applied to remove the non-stationary. 
The model is written as, 

( ) ( )d

t tL y L    


G. Modified ARIMA(p,d,q) model 

As traditional methods of time series modelling, the 
ARIMA model is an adaptive, extrapolative methods, can 
model seasonality, and in certain cases, can give some 
forecasts. The method has been widely applied in time 
series analysis. The underlying principle of the model is 
that ARIMA model is based on autocorrelations of series. 
However, in most cases, the extreme value of series has an 
influence on the subsequent behavior of series. For 
example, in stock trading behavior, people will consider 
the past maximum and minimum value of stock price, and 
in various futures time series, people will consider the 
same problem. The original ARIMA model does not take 
full account of this case.  

To account for the influence of the past extreme value 
of time series, we can modify the model based on the past 
maximum and minimum value of the series. The modified 
model is given by,  

max max min min( ) ( )d

t tL y y y L        


 

III. EXPERIMENTS AND RESULTS 

In this study, we used  the time series of USD - EUR 
exchange rate (1971Q1-2007Q4) to test the proposed 
method. Since the collapse of the Bretton Woods system in 
1973, exchange rate fluctuations between the major 
countries become one of the most obvious characteristics 
in the world financial market. After the advent of the euro 
as currency in January,1999, the USD - EUR exchange 
rate have had several ups and downs. 

Fig .1 shows the changes in trend of USD - 
EUR(before 1999, it's German mark) exchange rate since 
1973. Fig .2 shows the sample autocorrelation function and 
partial autocorrelation function of series. From the figure 
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and related ADF test, we can conclude that the series is 
non-stationary. To take the first difference of the series, the 
result is shown in Fig .3, the autocorrelation function and 
partial autocorrelation function shown in Fig .4. According 
to the figure and the SIC result, the differenced series can 
take AR (1) model, namely: 

1 1t t ty y      


The modified model is given by, 

 1 1 max max min mint t ty y y y          


The maximum value of the original series is 
1.4232(1980Q3), and the minimum value is 
0.6845(1985Q1). The calculation results of two models are 
shown in Fig .5-Fig .7, Table1 and Table2. According to 
the calculation results, the coefficients of  are significantly, 
indicating that the extreme values have an impact on the 
development of series. At the same time, compared to the 
relevant residual plots, and error calculation results, it 
shows that the modified model has a better error 
performance than the original model. 

 
 
 

 
Figure 1.  USD - EUR Exchange Rate (1971Q1-2007Q4) 

 
 

Figure 2.  Sample Autocorrelation Function and Partial Autocorrelation 

Function 

 

Figure 3.  The 1st Difference Series of Exchange Rate 

 

Figure 4.  Sample Autocorrelation Function and Partial Autocorrelation 

Function of the 1st Difference Series 

     

     a)   The Standardized Residuals            b)  Residuals 

QQ plot      

   

c) Residuals Autocorrelation Function      d)Residuals vs. 

Lagged      and Partial Autocorrelation Function            

Residuals  Scatter 

Figure 5.  The Computation Results of ARIMA Method 
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   a)   The Standardized Residuals        b)  Residuals QQ 

plot      

   

c) Residuals Autocorrelation Function      d)Residuals vs. 

Lagged       and Partial Autocorrelation Function          

Residuals  Scatter 

Figure 6.  The Computation Results of the Modified ARIMA Method 

 
Figure 7.    Residuals vs. Lagged Residuals Scatter of Modified ARIMA 

Method 

TABLE I.   Fitted results of ARIMA and modified ARIMA 

Estimated 

Coefficients 
Estimate SE tStat pValue 

ARIMA AR(1) 0.2597 0.074 3.5081 0.0021 

Modified 

ARIMA 

AR(1) 0.1922 0.086 2.2226 0.0279 

βmax -0.0324 0.014 -2.122 0.0286 

βmin 0.0173 0.0783 -2.209 0.0267 

 

  

TABLE II.   Error performances of ARIM and  modified ARIMA 

Error Performances ARIMA Modified ARIMA 

Mean Error 8.1571e-06 1.8604e-18 

Mean Absolute Error 5.4740 5.0908 

Standard Deviation 0.0590 0.0485 

IV. CONCLUSIONS 

In this paper, We  proposes a modified ARIMA model 
based on the past maximum and minimum value of series 
to solve time series modelling tasks. The premise of this 
problem is that the past extreme values(max/min values) 
will effects the behaviours of time series. The algorithm is 
tested on USD-EUR exchange rate time series. The 
experimental results show that it is possible to improve the 
performance by using the past max/min value. 
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