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Abstract

An accurate medium-term streamflow forecast is one of the significant functions for man-
aging and planning water resources. Considering the characteristics of trend, periodicity,
and stochasticity of streamflow into account. So, this research aims to develop a new strat-
egy, including a singular spectrum analysis (SSA) technique and a linear autoregressive
(AR) model to predict monthly Tigris River streamflow data with three scenarios. The first
scenario applies the SSA to decompose the normalised and cleaned time series into differ-
ent signals (i.e., trend, seasonal, stochastic, and noise), then reconstruct the signals without
noise and use the AR model to simulate the new time series. The second scenario employs
the AR model to forecast each signal of streamflow without noise separately. The simu-
lated time series was obtained by summing each predicted signal. The third scenario uses
the AR model to simulate the raw data. Based on several statistical tests, the comparative
analysis reveals that the first and second scenarios were much more accurate than the third
ones. The second scenario is the best, reaching RMSE=0.1223 (m*/s) and MAE=0.0913
(m%/s) in the testing phase. The novelty of this study lies in the comparative evaluation of
three SSA-AR modelling scenarios and the finding that forecasting decomposed compo-
nents individually leads to superior accuracy compared to conventional approaches. The
results are of substantial significance to the Ministry of Water Resources in managing and
planning freshwater resources amid growing water demand.

Keywords Autoregressive model - Singular spectrum analysis - Streamflow prediction -
Tigris river

1 Introduction

One of the greatest challenges many countries face is precise streamflow forecasting, which
could directly impact flood early signs and control, water supply and irrigation, recreation,
water quality, and agriculture (Jozaghi et al. 2021; Wen Yan Xing et al. 2022; Yilmaz et al.
2022). However, as water demand continues to rise due to economic expansion, population
rise, irrigation requirement, and industrial applications, traditional water resource manage-
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ment would urge for more effective approaches or methodologies to forecast more precisely
(Sharma et al. 2022; Wang et al. 2015).

Areas worldwide have not been affected equally regarding temperature and rainfall
resulting from global warming. Therefore, it can be clearly stated that one of the world’s
most impacted countries by climate change is Iraq (Alawsi et al. 2022). Salman et al. (2017)
mentioned that Iraq’s average temperature might be increased 2—7 times faster than the
global rates. Additionally, the future patterns and magnitudes of precipitation in Iraq are
projected to be strongly impacted by various assessments and scenarios (Osman et al. 2017).
The primary water resources in Iraq are the Tigris and Euphrates Rivers, and both rivers
contribute to the formation of marshes. Iraq’s marshes are the greatest wetland environment
in the Middle East (Abdul Kareem et al. 2022). The previous regime in Iraq conducted a
drainage act in 1991 to make these marshes arid. Numerous efforts have been made after
2003 to rehabilitate these wetland regions. However, the main rivers’ fluctuating water
levels have severely impacted the marshes’ recovery and environmental restoration efforts
(Guarasci 2015). Therefore, highlighting streamflow prediction is essential for sustainable
development and will assist decision-makers in improving water systems.

Hybrid approaches are widely used in various research studies fields because they
allow researchers to explore different techniques, evaluate their efficacy, and ultimately
combine them into novel conceptual frameworks. Therefore, a hybrid methodology is
able to overcome the drawbacks of each individual approach (Sulandari et al. 2020). The
preprocessing-based hybrid model (PBH) is a model that depends on integrating singular
forecasting approaches, and this approach has been successfully implemented in different
fields of hydrology, such as drought (Pham et al. 2021), streamflow (Siddiqi et al. 2021),
river water temperature (Mirzania et al. 2024), evaporation (Katipoglu 2023), water level
(Altunkaynak and Kartal 2019; Mohamadi et al. 2022), and water quality (Hanoon et al.
2022; Zhang et al. 2020).

Recently, considerable literature has grown around the theme of data pre-processing in
enhancing the quality of time series. Therefore, several approaches of signal pre-treatment,
for example, singular spectrum analysis (SSA) (Halit Apaydin 2021), variational mode
decomposition (VMD) (Sun et al. 2022), ensemble empirical mode decomposition (EEMD)
(Yuan et al. 2021), discrete wavelet transform (DWT) (KatiPoGLu 2022), and wavelet
transform (WT) (Zhao et al. 2021b), have been utilised to denoise or analyse components
of the streamflow data (i.e., trend, seasonal, and stochastic). The SSA method is an example
of a time-series-based analysis technique used previously in different areas, for example,
drought and water levels (Nguyen et al. 2022; Sheikholeslami et al. 2026).

Autoregressive (AR) methods, the most widely used model for updating, take advantage
of the “memory” of errors in hydrological simulations (more precisely, their autocorrelation
structure) (Khalifa et al. 2019; Niedzielski and Halicki 2023). The basic idea behind AR
updating is to predict future errors based on the linear function of the known errors at previ-
ous time steps. These expected errors are then factored into revised forecasts. Conceptually,
updating AR is straightforward, and in practise, it almost always results in vastly enhanced
predictions. The results of AR updating have been shown to be comparable to those of
more complex non-linear and non-parametric updating methods (Li et al. 2015). AR has
been successfully used in various fields, including streamflow (Mehdizadeh and Kozekalani
Sales 2018), weather variables (Karimuzzaman and Moyazzem Hossain 2020) and tem-
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perature forecasting (Moller and GroB3 2019). Combining SSA with AR linear and nonlinear
approaches is a relatively new option that has proven its effectiveness and applicability.

Barba and Rodriguez (2016) employed two hybrid techniques: AR-SSA and artificial
neural network (ANN) combined with SSA to estimate multi-step road accidents in San-
tiago de Chile. Both hybrid models were compared with three single models, including
Hankel singular value decomposition (HSVD), AR, and ANN. The outcomes exposed that
the hybrid models outperformed the other single techniques. Vahabie et al. (2007) enhanced
the performance of the AR method by combining it with SSA to forecast Short-Term Load
Forecasting (STLF) in Iran. The load time series has been analysed by the SSA method and
recombined then to create the new load time series. The AR—-SSA model was compared
with neural networks (NN) and fuzzy TSK with Levenberg-Marquardt learning models.
The outcomes showed that the AR—SSA technique had a promising result. Li et al. (2014)
used a hybrid SSA-AR to predict power load, their model combines an AR model with
the SSA. The SSA-AR model results were compared with the backpropagation neural net-
work (BPNN) model, SSA-based linear recurrent method (SSA-LRF), and single AR. The
outcomes indicated that the hybrid technique, SSA-AR, outperformed other techniques in
predicting short-term power load.

The existing studies lack an investigation of the influence of the SSA-based PBH tech-
nique of forecasting univariate monthly streamflow data. Accordingly, this research aims to
assess the PBH technique’s (SSA-AR) performance to simulate multistep ahead monthly
streamflow data of the Tigris River at Amarah City, Iraq, with different scenarios. The first
scenario uses SSA to analyse the normalised and cleaned data into various principal com-
ponents (PC) (trend, seasonal, stochastic, and noise) and reconstructs all PCs without noise.
Then, apply an AR model to simulate the denoise time series. The second scenario builds
three AR models for each PC (without noise), and the final simulated time series can be
obtained by combining the outputs of these three models. The third scenario applies the AR
model to simulate the original monthly streamflow time series to evaluate and validate the
first two scenarios.

This study introduces a novel SSA-based preprocessing hybrid framework (SSA-AR)
for streamflow forecasting of the Tigris River at Amarah, Iraq. Unlike previous studies, it
systematically compares three modelling scenarios, including direct modelling, denoised
reconstruction, and component-wise forecasting. The main contribution lies in demonstrat-
ing that forecasting individual decomposed components significantly improves predic-
tion accuracy and provides deeper insight into the underlying hydrological processes. It is
expected that this research will provide an accurate methodology for forecasting streamflow
time series, as it uses SSA to alleviate the influence of structureless noise and models the
informative time series component using an AR model.

2 Area of Study and Dataset

Maysan Governorate is one of the Iraqi governorates bordering Iran to the east, while its
capital, Amarah City, is located on the Tigris River (see Figure S1). It has a total land
area of sixteen thousand seventy-two square kilometres and a population of 1,106,208 per
capita (Hayder Oleiwi Shami Al Saidia and Abd 2020). The climate of Amarah is character-
ised by scorching summers and cold winters. Summertime temperatures frequently exceed
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40 degrees Celsius. Annual precipitation averages 177 mm throughout the winter season
(Abdul Kareem et al. 2022).

Maysan’s Water Resources Directorate provided streamflow data (m®/s) on a monthly
basis for the period of 2010 to 2020. Based on these data, the model was built and evaluated.
Figure S2 shows the Tigris River’s monthly streamflow timeline at Amarah City. The city
represents a critical downstream section of the Tigris River, where streamflow reflects the
cumulative impacts of upstream processes, including climate variability, reservoir opera-
tions, and transboundary water management, making it highly representative of the river’s
overall behaviour. Furthermore, the region is essential for sustaining the Mesopotamian
marshlands—an ecologically sensitive system and key indicator of Iraq’s hydrological bal-
ance—thereby highlighting the importance of accurate streamflow forecasting for effective
water resource management, ecological preservation, and drought assessment.

3 Methods

The proposed methodology includes data pre-processing techniques, an AR model, and a
performance assessment criteria model, as shown in Figure S3.

3.1 Data Pre-Processing

Pre-processing the data is an essential step to ensure the distribution is normal or very near
to it and to lessen the effect of outliers (Tabachnick and Fidell 2013). To make the data more
static and less prone to multicollinearity among predictors, it will normalise the time series
using the natural logarithm approach (Alawsi et al. 2022). Then, the remaining outliers
(if found) will be rescaled after the transformation method. Outliers outside the 1.5 IQR
timeframe were identified using the box-whisker approach (IQR=3rd quartile (Q3)—Ist
quartile (Q1) (Kossieris and Makropoulos 2018). This study used the SPSS 24 statistical
software to clean data from outliers. Utilising the SSA approach for decomposition and
denoising will follow normalisation and cleaning of the time series.

3.2 Singular Spectrum Analysis (SSA)

SSA is generally prominent as an adaptive noise-minimising technique in time series analy-
sis. It is an initial component analysis used for the lagged components of a time series. SSA
analyses the raw signal into several individual components, including the primary compo-
nents (PCs). The basic time series can be recreated via multiple computers (Al-Bugharbee
and Trendafilova 2016). As demonstrated by Eq. (1), a time series (X) could be analysed
into a trend (D), stochastic (C), seasonal (S), and noise (N) (Donkor et al. 2014).

X=D+C+S+N (1)

The SSA includes two significant phases: decomposition and rebuilding. In the decomposi-
tion, the time series is divided into several components, with the highest percentage of the
original signal variance in the first component and a minor portion in the last component.
During the reconstruction phase, just the initial few signal components are employed to
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rebuild the signal. The final components are ignored since they constitute structureless noise
(Zhigljavsky 2010). In this study, the segmented signals were decomposed using SSA and
reconstructed using several principal components. The SSA can be employed for linear and
nonlinear time series (Hassani and Mahmoudvand 2013). The aforementioned strategy has
been effectively implemented in numerous areas, including groundwater forecast (Polomcic¢
et al. 2017) and streamflow forecasting (Halit Apaydin 2021; Liu et al. 2023).

3.3 Autoregressive Model (AR)

An AR model finds a mathematical signal by linking each data point to several previous
ones. The number of previous points is called the model order, whereas the weights of link-
ing past points are referred to as the model coefficients. The AR model’s basic form is linear
with time-invariant coefficients (Adamowski et al. 2012). This study employs the linear AR
model of time-invariant coefficients to anticipate streamflow. A streamflow series can be
noted as [X1, X2, X3....XL-2, XL-1, XL] where L is the series length. Then, the AR will
represent the series as shown in Eq. (2) (Al-Bugharbee and Trendafilova 2016):

Xn=a0+alXn—-14+a2Xn—-2+ .......... +apXn—p+ en (2

Where Xn is the predicted signal value at time n, which is linearly related to (p) previ-
ous values, p is the order of the model, a.i.=0, 1, 2,...... p time-invariant coefficients of
the autoregressive model, and €n is the error term, which indicates the difference between
actual and forecasted values. In general, the order of a model should not exceed half L (i.e.,
half the length of the time series). The coefficients of the AR model were calculated using
MATLAB?’s least squares approach.

As previously stated, the AR model relates a given point to several past points. This
approach predicts new points using the precision AR model obtained. A section of the
streamflow data (126) is utilised for training the AR model, while (26) are data tests. The
testing portion is subsequently compared to the actual data. SSA is suitable as it can handle
non-stationarity hydrological time series and can extract interpretable components such as
trend and seasonal components. On the other hand, the AR represents a good choice for
modelling the extracted components in a linear form.

3.4 Performance Assessment Criteria

The forecast models’ performance was examined utilising different statistical tests because
there is no globally applicable performance measure (Seo et al. 2018). Four criteria are
adopted to assess the forecasting capability of the forecast techniques, categorised as abso-
lute and relative errors. The absolute statistical tests include mean absolute error (MAE)
and root mean squared error (RMSE), while the relative tests include mean absolute rela-
tive error (MARE) and mean bias error (MBE), as given by the Equations below. Because
it is evaluated in the same unit as the original data, MAE and RMSE effectively depict the
typical error size; in contrast, MARE is more prone to forecasting errors at low data values,
making it an excellent index for such cases. Meanwhile, MBE provides complementary
information by indicating the average direction of errors, revealing whether the model sys-
tematically overestimates or underestimates the observed values.
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Where Oi and Fi are the observed and forecasted streamflow, respectively, and N is the
number of data points considered.

4 Results and Discussion
4.1 Data Set Preparation and Model Configuration

The first step is to normalise the streamflow time series by adopting the natural logarithm
method, and then the outliers will be examined using the box-whisker approach to treat the
outliers later. Following the cleaning and normalisation of the streamflow time series, the
following four components will be extracted using the SSA (see Eq. 1): trend, seasonal,
stochastic, and noise (Fig. 1). The figure illustrates the normalised and cleaned stream-
flow time series (first line), the trend signal (second line), the seasonal signal (third line),
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Fig. 1 The four signals provided by SSA, along with normalised and cleaned streamflow data
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and stochastic and noise signals (fourth and fifth lines). After that, the first three PCs were
selected and reconstructed to build a new streamflow time series without noise (i.e., denois-
ing time series). The SSA decomposition separates the streamflow series into interpretable
components (trend, seasonal, and stochastic) and noise. The first three capture meaningful
dynamics, while noise is excluded due to its non-predictive nature and low contribution to
the explained variance.

Both the low- and high-frequency data sets have been split into a training and testing set,
with the former containing 80% (105 datasets) of the samples and the latter 20% (27 data-
sets). Both the low- and high-frequency data sets have been split into a training and testing
set, with the former containing 80% of the samples and the latter 20%. Before utilising the
AR model, it is crucial to identify the optimal model order, as improper model order might
result in either over- or under-fitting, resulting in incorrect model prediction and an incorrect
and/or poor diagnosis. Therefore, a suitable order choice can significantly lower the errors
of over- or under-fitting (Al-Bugharbee and Trendafilova 2016).

Three orders for the AR model were selected based on the number of scenarios. The first
scenario uses the AR model to simulate the denoised streamflow time series. The second
scenario applies the AR model to forecast each PC (without noise) individually, and then
the three forecasted PCs were reconstructed to build a new simulated streamflow time
series. The last scenario utilises the AR model to predict the raw streamflow time series.
Considering these scenarios, the order values for the AR model are 28, 27 and 29 for the
1st, 2nd, and 3rd scenarios, respectively. For example, Fig. 2 illustrates the best order of
the 3rd scenario, showing that errors for the testing stage increase after 29, considering the
normalised mean squared error (NMSE) as a fitness function. The selection of AR model
order was based on minimising the NMSE, ensuring an optimal trade-off between model
complexity and predictive performance. Increasing the order beyond the selected values
resulted in higher errors, indicating overfitting, while lower orders led to underfitting. This
approach ensures that the selected model order captures the underlying temporal depen-
dencies of the streamflow series without introducing unnecessary complexity.

Scenario Three
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Fig. 2 The best order of the raw data
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4.2 Performance Evaluation

After preparing the data sets and the order values for the AR model for the three sce-
narios, the AR model performs the prediction. The training data set is used to build the AR
model to forecast 27 months ahead in the testing stage for each scenario. The efficiency
performance of each scenario has been examined according to four error evaluation cri-
teria, including RMSE, MAE, MARE, and NBE. Based on the four statistical criteria, the
results for the comparisons between the scenarios for the training and testing stages can
be seen in Table 1.

The comparative analysis reveals that the data pre-processing, particularly the SSA tech-
nique, has efficiently improved the accuracy of 1 st and 2nd scenarios in comparison to 3rd
scenario for the training and testing stages, e.g., the values of MAE in the testing stage
are 0.1560, 0.0913, and 12.9008 (m3/s) for 1st, 2nd, and 3rd scenarios, respectively. Also,
according to Dawson et al. (2007), the outcomes of 2nd scenario offer much more accurate
results than 1 st scenario, with MBE=0.0549 (m®/s) compared with MBE=—0.1545 (m?/s)
for the 1 st scenario in the testing stage. The 2nd scenario offers the lowest values of all sta-
tistical criteria in the testing stage, which indicates that predicting each PC separately offers
deep insight into the characteristics of monthly streamflow data.

Moreover, a comparison of graphical plots was also used to reveal the closeness between
the measured and simulated data for the three various scenarios in the testing phase, as
presented in Figs. 3, 4 and 5. What stands out in Figs. 3, 4 and 5 is that scenarios 1 and 2
can mimic streamflow data closer than scenario three. Also, scenario 1 is the best based on
the scale of error.

The outcomes depicted in Table 1 and in Figs. 3, 4 and 5 clearly show that the data
pre-processing improved the AR model, especially the SSA technique, concerning the fore-
casting capability of multistep ahead monthly streamflow data in the testing stage, which
confirms the capability of the 2nd scenario to generate unseen monthly streamflow data. The
findings of this study highlight a key methodological contribution: modelling each decom-
posed component separately provides a more effective representation of streamflow dynam-
ics than direct modelling or reconstructed series. This confirms the advantage of SSA-based
hybrid frameworks in isolating meaningful structures and improving predictive perfor-
mance, representing a novel contribution to streamflow forecasting of the Tigris River. To
the best of the authors’ knowledge, this is the first study that systematically evaluates these
three SSA-AR scenarios for the Tigris River streamflow forecasting.

Table 1 Performance of SSA-AR A Scenario 1

model for: Datastage RMSE(m’s) MAE(@m’s) MARE MBE(m’/s)
Training 0.1634 0.1195 0.0283  0.00002
Testing 0.21119 0.1560 0.0333  —0.1545

B: Scenario 2

Data stage RMSE(m’/s) MAE(m’s) MARE MBE(m’/s)
Training 0.1498 0.1085 0.0257  —0.0010
Testing 0.1223 0.0913 0.0189  0.0549

C: Scenario 3 (raw data)

Data stage RMSE(m’/s) MAE(m’s) MARE MBE(m’js)
Training 12.9261 8.8162 0.1285  0.0587
Testing 21.2852 12.9008 0.0925  5.8851
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Fig. 5 Measured and predicted streamflow data for scenario 3
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5 Conclusions

This research aims to investigate the PBH technique’s (SSA-AR) performance to fore-
cast the multistep streamflow data with multiple scenarios. To develop and guarantee
the validity of the suggested hybrid model, the Tigris River in Amarah City’s monthly
streamflow data was used for this study from 2010 to 2020. In the first scenario, the
normalised and cleaned streamflow time series analysis into several PCs (i.e., trend, sea-
sonal, stochastic, and noise) utilises the SSA method and reconstructs the PCs without
noise. After that, the AR model forecasts the new (denoise) streamflow time series. The
second scenario employs the AR model to simulate the first three PCs separately and then
reconstructs the simulated PCs to get the final forecasted streamflow time series. The
final scenario uses the AR model to predict the raw streamflow time series. Five statisti-
cal and graphical performance evaluation criteria were used to assess the various built
models’ performances, i.e., RMSE, MAE, MARE, and MBE. The outcomes obtained
in the study indicate that the SSA technique can improve prediction accuracy, and the
suggested SSA-AR model can effectively enhance the AR method for monthly stream-
flow simulation. Additionally, the performance of the 2nd scenario is better than that
of the 1 st one, which means that predicting each PC separately offers deep insight into
the characteristics of monthly streamflow data. The 2nd scenario yield MBE=0.0549
(m3/s) compared to the 1 st and 3rd scenarios that offer MBE equal to —0.1545 (m®/s) and
5.8851(m?>/s), respectively. The outperformance of the 2nd scenario can be attributed to
the lower complexity of the individual components’ structures compared to those in the
1 st and 3rd scenarios, which led to more efficient representations. Accordingly, it can
be clearly stated that the SSA-AR model improves streamflow prediction, with the 2nd
scenario being the most accurate.

These outcomes can help inform the decision makers in Iraqi Directorates (i.e., manag-
ers and policymakers) to better manage the existing streamflow system, which would lead
to a better plan for the distribution of water rations in the Maysan Province. Additionally,
it can help the Marsh Resuscitation Department restore Iraqi marshes, leading to blooming
marshes and enhanced service tourism and economy in the Maysan Governorate. Con-
sequently, considering the benefits described previously, it is recommended that further
study be undertaken to mimic the streamflow data caused by weather variables due to
extreme weather, which is likely to become more common (i.e., using multivariate predic-
tion models). Also, additional PBH models should be utilised by combining the AR model
with other pre-treatment signals (i.e., DWT, VMD, and EEMD techniques) to simulate
streamflow time series or any other hydrological issues.
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