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Abstract

Efficient management of water resources in barrage reservoirs requires a comprehensive
understanding of future water availability. This paper focuses on the Kufa barrage, situated on
the Euphrates River in the Najaf Governorate, specifically within the city of the Kufa. An
annual time series of outflow discharge data for 31 years (1994-2024) was analyzed to assess
short -term hydrological trends. A linear trend model was fitted to the historical data, and a
synthetic sequence of future discharges was generated using classical time series modeling
techniques. Minitab22 statistical software was employed for all time series analyses, including
model fitting and forecasting. The paper presents the data, statistical outputs, and forecasts in
both tabular and graphical formats, offering valuable insights for future water resource
planning and reservoir operation strategies. The study concluded that the ARIMA (2,1,2) model
is the most suitable among the evaluated alternatives for representing and forecasting the given
time series data.

Keywords: Minitab22 Program, the Kufa barrage, Time Series, (ARIMA) model
1.Introduction

Time series modeling refers to the analysis of data that it chronologically ordered where time
serves as an independent variable. This type of modeling is particularly important for
hydrological applications, as it enables the examination and prediction of processes such as
streamflow, precipitation, and reservoir inflow. Almost all statistical analyses of hydrologic
time series rely on several foundational assumptions: the data series is homogeneous,
stationary, Empty from trends and Transformations, non-periodic,, and exhibits no persistence.
These assumptions are essential for ensuring the reliability of conventional time series models
applied in typical water resources studies.

Naresh and Soorya (2016) [1].

Time series analysis is widely used for predicting future values and monitoring operational
systems, because it allows us to identify the underlying structure and influencing factors within
the data. Time series analysis encompasses a variety of statistical methods for identifying,
analyzing, and forecasting temporal patterns in data. Key objectives of this analysis include
highlighting the main characteristics of the time series pattern, understanding how historical
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data impacts future outcomes, and studying how multiple interrelated time series interact to
predict future values. Sara and Hanumanthappa (2017) [2].

The ARIMA model developed by Box and Jenkins in the 1970, this is one of the most popular
time series analysis models .This model can forecast future values by integrating three
components: integration (I), moving average (MA) , and auto regression (AR), which takes
into account data non stationarity. The Box and Jenkins model it still used today, despite the
scientific advances we have achieved so far due to its flexibility in dealing with different types
of data the seasonal component (SARIMA) was added to the model in later periods, which
contributed to the widespread use of this model in analyzing seasonal fluctuations. Ntebogang
Dinah Moroke (2014) [3].

2. Material And Method
2.1 Case Study

The Kufa barrage, one of the barrages in Iraq situated on the Euphrates River in the Najaf
Governorate, and more especially within the city of Kufa . The barrage is the main reservoir
for the Al-Kafeel-Al-Shanafiya Irrigation Project, with an initial storage capacity of 75 million
cubic meters. Annual time series of outflow discharge data for 31 years (1994-2024) were
analyzed to assess long-term hydrological trends.

2.2 Methodology
2.2.1 Time Series Structure

To analyze the variation in the outflow rate from the Kufa barrage, outflow rate data recorded
for 31-year period (1994 to 2024) [4] was used to identify the correlation that reflects the trend
behavior in these data.

3. Time Series Analysis.

A Time series plot of the average annual flow rates was created using Minitab 22 software,
with the aim of Application of techniques used in time series analysis to study the water flow
data of the Kufah barrage (Figure 1).This figure serves as a crucial initial step in highlighting
trends, seasonal patterns, and anomalous behaviors. (Dr. Nigel Lee Forrester 2013) [5]

Then, the correlation between the outflow rate in a given year and its previous values was
measured using the autocorrelation function (ACF). The resulting autocorrelation plot
(Figure 2) clearly indicates how current outflows are statistically dependent on past lags a
crucial step in identifying suitable autoregressive orders. (SpyrosMakridakis at al 2018) [6].

The annual outflow rate data were analyzed using an autoregressive (AR) model to estimate
future outflow values based on historical data. To overcome random fluctuations in outflow
rates and achieve accurate predictions. the AR model was applied using an order determined
by the partial autocorrelation function (PACF) and autocorrelation function (ACF) (Juan
Frausto-Solis and Esmeralda Pita 2008) [7]

If the (Y) values are normally distributed, the partial autocorrelation between(Yt—u) and (Yt)
can be defined as
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@ (u)=cor(Yt, Yt—u |Yt=1,..., Yt—utl).

A broader methodology using regression theory.

Ytbased on Yt—1....., Yt—u+1 . The prediction is
Yt=B1Yt-1+p2Yt-2---,pu-1 Yt—u+tl

In the case of thinking back and predicting Yt—u, we can use the same set of predictors. While
originally proposed in Bras & Rodriguez-Iturbe (1985), this concept was later formalized in
a time-symmetric moving-average representation by Koutsoyiannis (2000), which provides a
general stochastic framework suitable for both backward and forward forecasting in hydrologic
time series. ( Demetris Koutsoyiannis 2000) [8]. the best predictor will be

Yi—u=pl Yt—u+l + B2 Yt—u+2 - - -, pu—1 Yt-1.

A resulting formula was applied to all data using Minitab22 built-in functions. The results are

explained in Table (1) and are also presented in the solid and dashed graphs in Figure (4).

Figure (1), a graph of the total outflows data for cofa barrage
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Table (1): Data on the outflow from the Kufa barrage for the period (1994-2024)

T year
1 1994
2 1995
3 1996
4 1997
5 1998
6 1999
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Autocorrelation Function for outflow (Xt)
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Figures (2). The autocorrelation coefficient for the outflow data

Partial Autocorrelation Function for outflow (Xt)
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Figures (3).Partial autocorrelation coefficient for the outflow data
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Figure (4), Time series plot for outflow kufa barrage (actual and forecasted) (1994-2024)
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Figure (5), Trend Analysis Plot for outflow (Xt)
Table (2), the outflow rates for kufa barrage (actual and forecasted) (1994-2024)
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4. Results and Discussions

4.1 In this paper, two approaches were applied, visual inspection through graphical
representation of the data and the Augmented Dickey—Fuller (ADF) statistical test. The results
revealed a discrepancy between the two methods. While the visual inspection suggested that
the series was non-stationary due to the presence of An Downward trend, the ADF test
indicated that the series is stationary. Specifically, the test produced a p-value of (0.010), which
is lower than the 0.05 significance level, Which led to the rejection of the null hypothesis and
acceptance of the alternative hypothesis of stationarity. Accordingly, reliance it placed on the
statistical test, as it provides a more objective and rigorous criterion compared to visual
inspection, which serves only as a preliminary indicator. Thus, the time series under study can
be considered stationary based on statistical evidence. This confirms that the time series is
stationary. Three models were identified using (PACF) and (ACF). Of the three selected
models, ARIMA (2, 1, 2) was selected based on information criteria and standard error
estimates. The model passed all diagnostic tests and was subsequently used to produce time-
series forecasts of outflow from kufa barrage.

4.2 the model coefficients were estimated using Minitab 22 and its suitability was evaluated
using the Akaike Information Criterion (AIC) as shown in Table 3.

Table (3) ARIMA Model Comparison Table

MODLE AlCc P-value P-value Overall Rating
(Lag (Lag 24)
12)
ARIMA(1,1,2) 448.02 0.013 0.012 Q Weak - Highest AICc and
Q significant autocorrelation in
residuals
ARIMA(2,1,2) 437.679 0.106 0.132 Best in terms of AICc and
independence of residuals
ARIMA(2,2,2) 440.341 0.068 0.209 Acceptable balance; residuals are
uncorrelated but AICc is higher
than (2,1,2)
Conclusion.

The ARIMA (2,1,2) model outperforms the others in terms of residual independence and model
fit, according to Table 3's results of the comparison of the models. As a result of its optimal
complexity-fit ratio, the model produces the lowest corrected Akaike Information Criterion
(AICc = 437.679). No statistically significant autocorrelation was found in the residuals
according to the Ljung-Box test (with probability values of 0.106 for a lag 12 and 0.132 for a
lag 24), indicating that the model is suitable. On the other hand. Given the high residual
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autocorrelation at both lags (p-values < 0.05) and the highest AICc value (448.020), it seems
that the ARIMA (1,1,2) model fails to adequately represent the time series dynamics.
However, despite demonstrating decent residual independence (p-values = 0.068 and 0.209),
the ARIMA (2,2,2) model outperforms ARIMA(2,1,2) in terms of AICc (440.341).
Consequently, out of all the options considered, the ARIMA (2,1,2) model best represents and
predicts the provided time series data.
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