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HIGHLIGHTS

e The ARIMA model predicts inflow into the Hirakud Reservoir using a 50-year dataset, supporting effective water

resource management.

e Utilizes ACF, PACF, and ADF tests for model accuracy, with Monte Carlo Simulation (MCS) to assess prediction

uncertainty.

e The 6-month forecast is highly reliable, offering the most accurate and least uncertain inflow predictions.
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Accurate inflow prediction is essential for effective reservoir planning and management.
This study applies the autoregressive integrated moving average (ARIMA) model to
forecast inflow into India's Hirakud Reservoir using a 50-year time series of average
monthly inflow data. The model development process includes analyzing the
autocorrelation function (ACF) and partial autocorrelation function (PACEF), followed by an
augmented Dickey-Fuller (ADF) test to assess stationarity. Forecasts are generated for four
lead times: 6, 12, 24, and 36 months. Monte Carlo Simulation (MCS) is conducted for each
period to quantify prediction uncertainty. The results show that the 6-month forecast
performs best in terms of uncertainty analysis. The 50-year dataset provides a
comprehensive understanding of inflow patterns, capturing both short-term fluctuations
and long-term trends. ACF and PACF analyses guide the selection of ARIMA model
parameters, while the ADF test ensures stationarity. MCS adds robustness to the forecasting
process by accounting for uncertainties inherent in hydrological predictions. By simulating
multiple scenarios, MCS helps assess forecast reliability and provides a range of possible
outcomes. Overall, the study demonstrates the effectiveness of combining the ARIMA
model with MCS for inflow forecasting. Shorter lead times, such as the 6-month forecast,
offer more precise predictions with lower uncertainty. This information is crucial for
optimizing reservoir operations and ensuring sustainable water resource management.
Future research could explore integrating additional variables, such as climate indices, to
further enhance predictive accuracy.

1. INTRODUCTION

River flow is a complex and dynamic process
influenced by various natural and human factors.
Accurate forecasting of river flow is crucial for

effective water resource planning and management
(Fashae et al., 2019). It plays a significant role in
designing irrigation systems, hydropower projects
and optimizing water usage. With the increasing
demand for water due to population growth,
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industrial expansion, and agricultural needs, river
flow prediction has become an essential tool for
ensuring efficient water distribution and operational
management.

Effective management of water resources
depends on accurate inflow predictions, which guide
decisions regarding reservoir operations, flood
prevention, hydroelectric power production, and
agricultural irrigation strategies. Precise forecasting
plays a key role in optimizing water storage and
distribution, maintaining sustainability in arid
regions, and reducing the risks associated with
extreme hydrological events such as floods and
droughts.

Reliable inflow forecasts enable policymakers
and water managers to make informed decisions for
efficient resource allocation, balancing various water
demands while preparing contingency plans for
uncertain climatic conditions. As climate patterns
become increasingly unpredictable, the necessity for
advanced predictive models grows to ensure adaptive
water management and long-term water security.

Hydrological models wused for inflow
forecasting often encounter uncertainties due to
climate fluctuations, data inaccuracies, and model
limitations. While traditional deterministic models
offer single-value predictions, they may not fully
capture the variability of inflows. To address this
challenge, probabilistic approaches like Monte Carlo
Simulation (MCS) provide a robust framework for
quantifying uncertainties and enhancing forecast
reliability. By generating multiple inflow scenarios
based on historical data distributions, MCS allows
decision-makers to assess the probability of different
inflow conditions and improve planning strategies.

Inflow predictions assist policymakers and
water managers in making data-driven decisions to
allocate resources efficiently, balance competing
water demands, and develop contingency plans under
uncertain climatic conditions. As climate variability
increases, the need for robust predictive tools becomes
more critical in adapting to changing hydrological
patterns and ensuring long-term water security.

Water resource management relies heavily on
accurate inflow predictions for reservoirs, rivers, and
irrigation systems. These predictions influence
decision-making processes related to flood control,
hydroelectric power generation, and agricultural
water allocation. However, hydrological models used
for inflow forecasting are often subject to significant
uncertainties due to climate variability, data
measurement errors, and model approximations.
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Traditional deterministic models provide
single-valued predictions, which may not adequately
capture the full range of possible inflows. Probabilistic
approaches, such as Monte Carlo Simulation (MCS),
offer an effective way to quantify uncertainty and
improve the reliability of inflow forecasts. MCS
generates multiple realizations of inflow scenarios
based on statistical distributions derived from
historical data, allowing decision-makers to evaluate
the likelihood of different inflow conditions.
Hydrological systems are inherently complex and
influenced by various sources of uncertainty,
including climate variability, data errors, and model
limitations. Traditional deterministic models provide
single-value forecasts that fail to capture the full range
of possible inflow scenarios, leading to suboptimal
decision-making in water resource management.
Monte Carlo Simulation (MCS) offers a robust
probabilistic approach to uncertainty quantification
by generating multiple realizations of inflows based
on statistical distributions derived from historical
data.

MCS allows researchers and water managers
to assess the likelihood of different inflow conditions
by repeatedly sampling from predefined probability
distributions and propagating these samples through
hydrological models. This process helps in identifying
potential risks, evaluating the reliability of inflow
predictions, and improving adaptive management
strategies. By quantifying uncertainty, MCS provides
a more comprehensive understanding of inflow
variability, enabling more informed and resilient
water resource planning

Forecasting river flow helps in flood warning
systems and aids in regulating reservoir releases
during periods of low water availability. Given the
critical nature of water management, researchers have
explored various predictive techniques to enhance the
accuracy of flow estimates. One widely used approach
is time series analysis, which is applied in
hydrological modeling and water quality assessment
(Singh & Ray, 2021). Since river flow patterns often
exhibit randomness, stochastic methods are
commonly employed to analyze long-term runoff
trends (Amiri, 2015). Modern forecasting techniques
increasingly rely on probabilistic models rather than
deterministic methods, incorporating statistical tools
to provide data-driven predictions rather than relying
on assumptions or estimations (Huang et al., 2004).
These probabilistic models account for uncertainties
inherent in hydrological processes, leading to more
robust and reliable forecasts. The integration of
advanced  statistical = techniques, such as
autoregressive integrated moving average (ARIMA)
models and Monte Carlo simulations, has further
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improved the precision and reliability of river flow
predictions. These methods not only enhance the
accuracy of short-term forecasts but also provide
valuable insights into long-term trends, making them
indispensable tools for water resource managers and
policymakers.

Moreover, the increasing availability of high-
resolution data from remote sensing and monitoring
networks has enabled more detailed and accurate
modeling of river flow dynamics. This data-driven
approach allows for a better understanding and
prediction of the complex interactions between
climate, land use, and hydrological processes. As a
result, modern river flow forecasting has become
more sophisticated, providing critical support for
sustainable water resource management in the face of
growing global water challenges (Huang et al., 2004).

2. STUDY AREA AND DATA COLLECTION

Hirakud reservoir operations and multi-
objective functions, as well as risk and uncertainty,
minimize the life tort and damages with the help of
proper prediction data to take preventive actions. To
illustrate the application of the ARIMA model, the
daily river flow data of the Mahanadi River at the
Hirakud Station were collected from CWC for the last
50 years (1968-2018). Table 1 presents some statistical
parameters for the discharge data at these sites. These
parameters include the mean (p), standard deviation
(0), coefficient of variation (0/p), skewness, kurtosis,
maximum value, and minimum value.

Table 1. Statistics of the discharge data

Catchment  Basin o o/p X X
Area " max
(Km?)

min

Hirakud 83,400 28 082 029 4452  0.568

3. MATERIALS AND METHODS

3.1. The ARIMA Model

The autoregressive (AR) and moving average
(MA) components can be utilized to determine the
trends and make predictions in time series data. When
it comes to ARIMA models, an additional integrated
(I) component is incorporated. The ARIMA model is a
sophisticated linear model. In the realm of statistics,
particularly in time series analysis, The ARIMA model
is a complex linear model that is widely used in
statistical analysis, especially in time series analysis. It
is an extension of the autoregressive moving average
(ARMA) models. Sometimes, ARIMA models are also
called Box-Jenkins models, which is a nod to the
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iterative methodology developed by George Box and
Gwilym Jenkins. When dealing with a dataset that is
structured as a time series, the ARMA model serves as
a tool to comprehend and potentially forecast future
values within this series (Ilhan, 2022). This model
comprises two main parts. When the integrated
component is added, the model is generally
designated as the ARIMA model. Here, p denotes the
order of the autoregressive part, d represents the order
of non-seasonal differences, and q signifies the order
of the moving average part. The notation pertains to
the autoregressive model of order p, which can be
expressed as:

Ve = p+ &+ > Os @

i—1

In the model, ¢1, @, represent the parameters,
c is a constant, and &, is white noise. For simplicity,
many authors choose to omit the constant term.
Likewise, the notation MR (q) indicates a moving

average model of order g and is represented by the
following equation no (2).

YV, = L+ &, + Z Oig, , 2)
i=1

Where the 01,.., Hq are the parameters of the
model, p is the expectation of Y, (often assumed equal

to 0), and theg,, &, ..., & are the white noise

t-r
error terms. The moving average model can be viewed
as a finite impulse response filter with additional
interpretations applied to it. While combining these
two models, the ARMA (p,q) is obtained

q r
Y =CH&+ D2 X +> Os 3)
i=1 i=1

The error term &, is typically assumed to be

a sequence of independent, identically-distributed
random variables drawn from a normal distribution

with a mean of zero: & ~ N (0,02 where, 0% represents

the variance (Harvey et al., 1983). Some scholars have
expressed the equation using the lag operator. In this
form, the AR (p) model is represented as

&t _(1+ZQLIth:¢Xt (4)
And MA(q) model is given by: -
(1+Z49|_ jg‘ = 0=, ©)

Here, ¢ and 0 are determined by the
parameters within the parentheses of each respective
model. By combining these models, we can derive and
express the following form.
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] r
(1—Z¢,L‘jxl:(1+2au}t (6)
i=1 1=1
Suppose the polynomial associated with the
first term of the aforementioned equation has a unit
root with multiplicity d. In this case, the equation can
be revised to incorporate the differencing term, which
can be formulated as:

(1—2@] =(1+q§y/lﬁj(1- L)’ @)

i=1

The ARIMA( p,d,q) process captures this

polynomial factorization characteristic and is
ultimately expressed as:

[1—221‘,{#. Li)](lf L)’ {“Zﬂ‘ja ®)

To be more specific, the ARIMA model can be
written as:

4,(B)(1-B)" y,=6,(B)s, ©)

When the model incorporates seasonal
fluctuations with a seasonal length of s, the process is
referred to as SARIMA (p,d,q), (P,D,Q)s. Here, p, d, and
g denote the orders of the autoregressive (AR),
differencing (I), and moving average (MA)
components for the non-seasonal part, respectively.
Meanwhile, P, D, and Q represent the orders of the
seasonal AR, seasonal differencing, and seasonal MA
components, respectively, with s indicating the length
of the seasonal period. The general equation for the
ARIMA model is:

4,(B)(1-B)'¢, (B')(1-B') ¥, =6,(B)0, (B')s,  (10)

where ®P(B) is the autoregressive operator,
¢q(B) is the moving average operator, ®P(Bs) is the
seasonal autoregressive operator, ®Q(Bs) is the
seasonal moving average operator, and €; is white
noise.

3.2 Auto-correlation function (ACF) & Partial auto-
correlation function (PACF)

The ACF  (Autocorrelation  Function)
measures the correlation between a time series and its
lagged values. These correlation values are plotted
along with a confidence band to create an ACF plot.
Essentially, it shows how closely the current value of
a series is related to its past values. A time series
typically consists of components such as trend,
seasonality, cyclic patterns, and residuals. The ACF
takes all these components into account when
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calculating correlations, making it a comprehensive
autocorrelation plot (Flores et al; 2012).

On the other hand, the PACF (Partial
Autocorrelation Function) differs from the ACF in its
approach. Instead of measuring the -correlation
between the current value and its lags directly, the
PACEF calculates the correlation of the residuals (the
part that remains after accounting for the effects
explained by earlier lags) with the next lag value. This
is why it is called "partial" rather than "complete," as it
removes previously identified variations before
computing the next correlation (Dégerin,1994). If there
is any meaningful information in the residuals that
can be captured by the next lag, a strong correlation
may emerge, and that lag can be included as a feature
in the model. It is important to avoid including too
many correlated features in a model to prevent
multicollinearity issues. Therefore, only the most
relevant features should be retained

3.3 Augmented Dickey-Fuller (ADF) test

The test examines the null hypothesis of an
ARIMA against stationary and alternatively. It is
implemented in several statistical and econometric
software packages. In simple words, including the
lagged values of the dependent variable in the existing
model of Unit roots can cause unpredictable results in
your time series analysis. Thus, the results from
Monte-Carlo experiments are reported to determine
the lag structure and whether the ADF test
consistently rejects the null and alternative when it is
true (Hamilton, 1994).

4. RESULT AND DISCUSSION

4.1 Uncertainty Analysis Using Montecarlo
Simulation

Monte Carlo Simulation (MCS) provides a
detailed insight into the variability of inflow
predictions by accounting for uncertainties in
hydrological models. The stochastic nature of MCS
helps in identifying patterns of inflow variation that
deterministic models often overlook. The simulation
results highlight the probability distribution of
inflows, demonstrating the extent of variability and
possible extreme values that could significantly
impact water resource planning.

MCS results show a range of possible inflow
values, reflecting natural variability and model
uncertainty. The spread of predicted inflows across
multiple iterations reveals the confidence intervals
associated with different forecasting scenarios. The
findings emphasize that inflow uncertainty is
influenced by multiple factors, including precipitation
patterns, soil moisture conditions, and temperature
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variations. The probabilistic framework provides Forecasts from ARIMAL 111100112
decision-makers with a better understanding of risks
associated with overestimating or underestimating
inflows.

Monte Carlo simulation performs risk
analysis by constructing models of potential
outcomes. It does this by replacing uncertain variables
with a series of values drawn from their respective J ‘ j

20000

10000

probability distributions (Alsharif et al., 2019). The
simulation repeatedly calculates outcomes, each time -
using a different set of random values from these
probability functions. Through the Monte Carlo

simulation, we can obtain the isoperimetric estimator o o0 oo a0 a0 am
of the standard errors for quantities of interest. A 95%

confidence interval is then derived by adding or Figure 3. Shows the 6-month ARIMA results
subtracting the standard error multiplied by a critical roreEasts oM ARMAQ1 )0 01T

value (Rath et al., 2017). Fig. 1 and 2 display the ACF
and PACF plots, respectively. Figures 3 to 6 present
the ARIMA results for 6, 12, 24, and 36 months, along
with corresponding time series plots. Fig. 7 illustrates

e st ez Al

2] Figure 4. Shows the 12-month ARIMA results
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Figure 1. Shows the ACF results
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Figure 5. Shows the 24-month ARIMA results

Forecasts from ARIMA(1,1,1)(1,0,0)[12]
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Figure 2. Shows the PACF results
Figure 6. Shows the 36-month ARIMA results
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Figure 7. (a-d) shows all the simulations for various
time ahead

4.2 Construction of Confidence Intervals

After identifying the best-fitting probability
density functions (pdfs), they were utilized to
determine the quantiles for return periods of
T=6,12,24, and 36 months. Confidence intervals (Cls)
were then constructed for these periods using Monte
Carlo (MC) techniques. Due to the substantial number
of intervals generated, Table 2 indicates that for a
single time series, the intervals tend to widen as the
return period increases (Kaur et al., 2023)
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The discrepancies between the confidence intervals
become more pronounced as the return periods
lengthen.

Table 2. Shows the monthly data of CI values.

CI values
Months 1% 95%
6 1171 23.893
12 4.567 72.344
24 3.152 83.046
36 3.326 95.307

The reliability of inflow predictions is
assessed using key reliability indices such as the
Reliability Index (RI) and Failure Probability (FP). The
results suggest that inflow predictions with lower
uncertainty tend to have higher reliability scores,
ensuring better confidence in decision-making.
Furthermore, reliability analysis helps in identifying
threshold exceedance probabilities, which are
essential for designing reservoir operation strategies
and mitigating risks associated with water shortages
or floods.

The probabilistic nature of MCS allows for
scenario-based planning, where different inflow
realizations help in developing robust water
allocation strategies. Water managers can use these
insights to optimize reservoir operations, enhance
flood preparedness, and improve drought mitigation
efforts. By incorporating uncertainty into decision-
making, stakeholders can make more resilient water
management policies that account for both short-term
fluctuations and long-term climate changes.

5. CONCLUSION

The ARIMA model is used to forecast inflow
in the Hirakud reservoir in India. In this study, a 50-
year time series of average monthly inflow data is
used. The initial model setup is done using the
autocorrelation function (ACF) and a partial
autocorrelation function (PACF) followed by an
augmented Dickey-Fuller (ADF) test. The model used
for predicting four periods 6,12,24, and 36 months
ahead inflow. Finally, uncertainty analysis is done for
each period using the Monte Carlo Simulation (MCS).
The Results showed that 6 six-month prediction
showed better results according to uncertainty
analysis. Monte Carlo Simulation provides a robust
framework for assessing the reliability of monthly
inflow predictions. By incorporating uncertainty, it
enhances the credibility of hydrological forecasts and
supports adaptive water resource management.
Forthcoming studies should explore the integration of
machine learning techniques with MCS to improve
prediction accuracy.
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