
 

 

GEOFIZIKA     VOL. 43      2026 

DOI: 10.15233/gfz.2026.43.8 1 

Original scientific paper  2 

 3 

Forecasting the Discharge of the River Sava in Serbia 4 

Using Seasonal Auto-Regressive Integrated Moving Average 5 

(SARIMA) 6 

Igor Leščešen1* , Robert L. Wilby2  , Mirjana Brdar3 , Milan Josić4  7 

and Biljana Basarin5  8 

1 Institute of Hydrology, Slovak Academy of Sciences, Dúbravská cesta 9, 841 04 9 
Bratislava, Slovakia 10 

2 2Department of Geography and Environment, Loughborough University,  11 
Loughborough, LE11 3TU, UK 12 

3Faculty of Technology Novi Sad, University of Novi Sad, Bulevar cara Lazara 1, Novi Sad, 13 
Serbia 14 

4Department of Geography, Tourism and Hotel Management, Faculty of Sciences, 15 
University of Novi Sad, Trg Dositeja Obradovića 3, Novi Sad, Serbia 16 

Received 13 April 2026, in final form 02 June 2026  17 

This study evaluates Seasonal Auto-Regressive Integrated Moving Average 18 
(SARIMA) techniques for predicting river discharge up to 12 months ahead. The 19 
Sava River, Serbia, was chosen as the test basin because it plays a crucial role in 20 
regional water resource management. However, accurate long-term discharge 21 
prediction is challenging due to climatic variability and non-stationarity in 22 
hydrological series. Monthly discharge series from 1926 to 2022 at the Sremska 23 
Mitrovica station were modeled and forecasted using SARIMA and compared with 24 
Zero-Order Forecasting (ZOF) and Random Forests. The selected SARIMA model 25 
predicted discharge with a normalised Root Mean Square Error of 21% and a 26 
normalised Mean Absolute Error of 16% calculated as a percentage of mean 27 
observed discharge. This study evaluates both classical stochastic methods 28 
(SARIMA) and machine learning (Random Forest) for the Sava and underscores 29 
the potential for improved hydrological predictions in the Western Balkans. 30 
Future research should incorporate additional covariates and apply these models 31 
to diverse river systems to enhance predictive accuracy. 32 

Keywords: Sava River, time series, seasonality, prediction, stochastic model  33 

1.  Introduction 34 

Accurate forecasting of river discharge is essential for many aspects of 35 

water resources, including irrigation, hydropower system operation, urban 36 

and environmental planning, reservoir control rules, flood and drought risk 37 

management, and the design and upkeep of hydraulic structures (Zhang et al., 38 

2022). Different regions struggle with their own water quality and quantity 39 

issues resulting from the interplay of climatic, geographic, geologic, social and 40 
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economic factors. Moreover, climate change is expected to modify the global 41 

distribution of freshwater resources (Castillo-Botón et al., 2020; Paul and 42 

Elango, 2018). Rising water demand further compounds competition for water 43 

across human and environmental systems (Boretti and Rosa, 2019).  44 

In recent decades, river flow forecasting has been undertaken by a variety 45 

of models, broadly classified as conceptual or data-driven (Aghelpour and 46 

Varshavian, 2020). Conceptual models require comprehensive datasets and an 47 

intricate grasp of the underlying physical processes, often leading to 48 

challenges in practical implementation and resulting in substantial 49 

simulation errors – especially in data sparse regions (Maass and Storey, 2021). 50 

Faced with these limitations, some researchers gravitate toward data-driven 51 

models. These derive their predictive capacity solely from recorded numerical 52 

hydro-meteorological data, and thus reduce the need to assess intricate 53 

physical processes governing river flow dynamics (Khodakhah et al., 2022). 54 

While Seasonal AutoRegressive Integrated Moving Average (SARIMA) 55 

provides a robust statistical framework for linear dependencies and 56 

seasonality, Random Forest is employed here to capture potential non-linear 57 

complexities inherent in the hydrological series. 58 

Presently, hydro-meteorology and environmental sciences are witnessing 59 

a surge in interest in data-driven models, particularly stochastic and machine 60 

learning (ML) techniques (Mohammadi et al., 2021; Slater et al., 2021; Wang 61 

et al., 2021). This is because these models offer pragmatic and adaptable 62 

approaches to grappling with the complexities of hydrological and 63 

environmental phenomena. As a result, ML models are increasingly 64 

contributing to understanding and management of water resources in a 65 

rapidly changing world (Mishra et al., 2021). 66 

The aim of this study is to evaluate SARIMA, a classical statistical time 67 

series model, alongside Zero-Order Forecasting and Random Forest, the latter 68 

representing a machine learning approach, for forecasting discharge in the 69 

Sava River. To our knowledge, this is the first application of a machine 70 

learning technique (Random Forest) to river discharge forecasting in Serbia. 71 

This pioneering application fills a significant knowledge gap and provides new 72 

insights into the utility and effectiveness of both statistical and machine 73 

learning models for hydrological forecasting in the Western Balkans – a region 74 

that hitherto has received little attention yet is very prone to hydrological 75 

hazards such as floods and droughts. By advancing such techniques our 76 

research contributes to more effective water resource management and 77 

disaster mitigation strategies.  78 

Given the importance of accurate runoff prediction for water management 79 

and water resources planning, this article focuses on the application of the 80 

SARIMA model to predict runoff in the Sava River basin. First, we give an 81 

overview of the study area, focusing on the Sava River basin (Section 2). We 82 
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then describe the data collection (Section 3) and the methodology, including 83 

the formulation of the SARIMA model and validation techniques (Section 4). 84 

In the Results and Discussion section (Section 5), we present the performance 85 

of the SARIMA model, compare it with other forecasting methods, and discuss 86 

the implications of our results. In particular, we address the following 87 

questions: (1) How effective is the SARIMA model in predicting runoff for the 88 

station in Sremska Mitrovica? (2) How does the SARIMA model compare to 89 

alternative forecasting models? (3) What are the practical implications of the 90 

SARIMA model for water management in the Sava catchment? 91 

2. SARIMA models 92 

2.1. SARIMA model formulation 93 

SARIMA models are an extension of autoregressive integrated moving 94 

average techniques that can accommodate seasonal and non-stationary 95 

behaviour. SARIMA models have been applied previously in various countries, 96 

including Colombia (Martínez-Acosta et al., 2020), China (Wang et al., 2021), 97 

Cuba (Alonso Brito et al,, 2021), and South Africa (Tadesse and Dinka, 2017). 98 

The SARIMA (p,d,q)(P,D,Q)s framework may be applied to any seasonal 99 

time series, where the seasonal period s can represent different periodicities 100 

depending on the data (e.g., s = 12 for monthly data with an annual cycle, s = 101 

4 for quarterly data or s=7 for daily data with weekly cycle). Here, p represents 102 

the order of the non-seasonal autoregressive AR component, indicating the 103 

number of lags in the model. The parameter d signifies the degree of non-104 

seasonal differencing needed to achieve stationarity, and q denotes the order 105 

of the non-seasonal moving average component, reflecting the number of 106 

lagged forecast errors in the prediction model. Similarly, P represents the 107 

order of the seasonal autoregressive component, indicating the number of 108 

seasonal lag observations; D is the degree of seasonal differencing required for 109 

stationarity, and Q is the order of the seasonal moving average component, 110 

representing the number of seasonal lagged forecast errors. Finally, s denotes 111 

the length of the seasonal cycle – such as 12 for monthly data with annual 112 

periodicity. By integrating these parameters, the SARIMA model effectively 113 

captures both short- and long-term dependencies, allowing for more accurate 114 

predictions of future values in time series with both trend and seasonal 115 

variability.  116 

To further enhance the model's predictive capabilities, the backshift 117 

operator B is defined such that 𝐵𝑋𝑡 = 𝑋𝑡−1 and more generally 𝐵𝑠𝑋𝑡 = 𝑋𝑡−𝑠, 118 

where s denotes the seasonal lag. Given that seasonal differentiation can be 119 

expressed as (𝑋𝑡 − 𝑋𝑡−𝑠) = (1 − 𝐵𝑠)𝑋𝑡, a SARIMA model entails (p,d,q) non-120 

seasonal order terms with (P,D,Q) seasonal order terms. The structure of a 121 

SARIMA(p,d,q)(P,D,Q) model, as described by Cleveland et al. (1990) 122 
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incorporates both seasonal and non-seasonal parameters to capture the 123 

temporal dynamics of the time series as follows: 124 

                                 𝛷(𝐵)𝛷(𝐵𝑆)(1 − 𝐵)𝑑(1 − 𝐵𝑆)𝐷𝑋𝑡 = 𝜃(𝐵)𝛩(𝐵𝑆)𝑍𝑡                            (1) 125 

where 𝛷(𝐵𝑆) and  𝛩(𝐵𝑆) denote polynomials in 𝐵𝑆 with P and Q order, 126 

while 𝛷(𝐵) and 𝜃(𝐵) are polynomials in B with p and q order (Azad et al., 127 

2022). 128 

2.2. Model building procedure 129 

A SARIMA model is typically built in four stages: (I) evaluate time series 130 

stationarity; (II) identify and estimate model parameters; (III) evaluate model 131 

suitability by residual analysis and statistical testing; and (IV) test model 132 

forecasting skill using data not used in calibration. Stationarity is assessed 133 

using the Augmented Dickey-Fuller (ADF) test, which evaluates the null 134 

hypothesis that a unit root is present in the time series (Azad et al., 2022; 135 

Wang et al., 2010). Given the structural break and trend signals identified by 136 

the Pettitt and Mann–Kendall tests, complementary stationarity tests, such 137 

as the KPSS test or unit root tests accounting for structural breaks (Zivot–138 

Andrews test) (Elzaki and Al-Mahish, 2024), were also considered to provide a 139 

more robust assessment.  140 

An optimal model is selected from those describing the data. Various tools 141 

are available for this task, including the Bayesian Information Criterion (BIC), 142 

the Hannan–Quinn criterion (H–Q), and the Akaike Information Criterion 143 

(AIC) (Dastorani et al., 2016; Wang et al., 2010). Other studies have used the 144 

Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF) 145 

for optimal model selection (Khodakhah et al., 2022; Martínez-Acosta et al., 146 

2020). The ACF quantifies the correlation between a time series and its lagged 147 

value as: 148 

                                    𝜌𝑘 =
𝐶𝑜𝑣(𝑦𝑡 ,𝑦𝑡−𝑘)

√𝑉𝑎𝑟(𝑦𝑡) ∗ 𝑉𝑎𝑟(𝑦𝑡−𝑘)
                                                                  (2) 149 

  150 
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At the same time, partial autocorrelation can be used to measure the level 151 

of association between yt and yt-k where k represents the time lag. If the effect 152 

of time lag 1, 2, 3, … and so on until k-1 is considered separately, it can also 153 

help determine a suitable forecasting model. The PACF measures the 154 

correlation between a time series and its lagged values after removing 155 

contributions explained by shorter lags, expressed as: 156 

                            𝛷𝑘𝑘 = 𝐶𝑜𝑟𝑟(𝑦𝑡 , 𝑦𝑡−𝑘|𝑦𝑡−1, 𝑦𝑡−2, … 𝑦𝑡−𝑘+1)                                                 (3) 157 

The Akaike Information Criterion (AIC) may be computed for each model, 158 

and the one with the lowest AIC value is regarded as most parsimonious: 159 

                                         𝐴𝐼𝐶 = 2𝑏 − 2 ln(𝐿)                                                                             (4)  160 

where b represents the number of estimated parameters in the model and 161 

L denotes the maximum value of the likelihood function of the model. While 162 

ACF and PACF plots are used for initial identification of candidate model 163 

orders, information criteria such as AIC and BIC are subsequently applied for 164 

formal model selection among competing specifications. 165 

2.3. Comparison of SARIMA with other forecasting techniques 166 

Several time series methods exist for river discharge forecasting, each 167 

with distinct strengths and limitations (Table 1). In this study, SARIMA 168 

serves as the primary forecasting model and is benchmarked against Zero-169 

Order Forecasting (ZOF; or simple persistence forecast) and Random Forest. 170 

While ZOF and linear regression represent simpler approaches, Random 171 

Forest is a machine learning method capable of capturing non-linear 172 

relationships. The Zero Order Forecasting and Random Forest models each 173 

offer unique advantages and disadvantages for predicting river runoff. Zero 174 

Order Forecasting, which predicts future values simply as the last observed 175 

value, is straightforward and computationally inexpensive, making it suitable 176 

for short-term forecasting in very stable systems. However, it is unable to 177 

account for trends or seasonal variations, resulting in poor performance in 178 

dynamic flow systems. Linear regression models that assume a linear 179 

relationship between the input variables and the target are easy to implement 180 

and interpret, and they work well when the relationship is approximately 181 

linear. However, they may not capture the complex, non-linear interactions 182 

within the data, which limits their effectiveness in more complex hydrologic 183 

systems. Random Forest, an ensemble learning method, is well suited to 184 

capturing non-linear relationships and interactions between variables. 185 

Random Forest combines multiple decision trees trained on bootstrap samples, 186 

offering robustness to overfitting and effective handling of non-linear 187 

interactions, though it can be computationally intensive (Kumar et al., 2023). 188 
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Table 1 summarises the key strengths and weaknesses of each method 189 

considered in this study. These characteristics informed the selection of 190 

benchmarks against which SARIMA performance is evaluated. 191 

Table 1. Summary of strengths and weaknesses of selected time series forecasting techniques. 192 

Forecasting 

technique 
Strengths Weaknesses References 

ARIMA 

Captures linear trends 

and temporal 

dependencies. 

Assume linearity and 

stationarity 

(Sharma and 

Machiwal, 2021) 

SARIMA 
Captures short- and 

long-term patterns. 

Assumes linearity, 

sensitive to outliers. 

(Alonso Brito et al., 

2021; Dabral and 

Murry, 2017) 

Linear regression 

Assumes a linear 

relationship and it is 

easy to implement and 

interpret. 

Failing to capture 

complex, non-linear 

interactions. 

(Burgan, 2022) 

Zero Order 

Forecasting 

Simplicity and 

computational efficient. 

Cannot account for 

trends or seasonal 

variations. 

(Dixon and Wilby, 

2016) 

Random Forest 

Handles complex 

relationships and non-

linearity. 

Can require 

substantial training 

data and extensive 

hyperparameter 

tuning, with results 

that may be difficult 

to interpret, black-

box nature. 

(Pham et al., 2021; 

Schoppa et al., 2020) 

 193 

3.  Study area and data 194 

We evaluate the comparative forecasting skill of the above time series 195 

methods using data from the Sava River. The river basin area is 97,000 km2 196 

making it the largest in south-east Europe and the second most important 197 

tributary of the Danube (Fig. 1). The Sava drains parts of Slovenia, Croatia, 198 

Bosnia and Herzegovina, Montenegro, Serbia and Albania, and joins the 199 

Danube at Belgrade. According to the River Basin Management Plan, the Sava 200 

serves as a primary water source for energy generation, particularly by 201 

thermal and hydropower plants, with 62% of the total river discharge 202 

abstracted from the river upriver of the Sremska Mitrovica station. The 203 

remaining water utilization includes public water supply (19%), agriculture 204 

(12%, with only 1% allocated for irrigation), and industrial activities (7%) 205 

(ISRBC, 2016). Overall, the Sava basin supports the water needs of 8 million 206 

people. Sremska Mitrovica station is located at 44° 57' 58.42" N and 19° 36' 207 

08.64" E and represents an upstream drainage area of 87,996 km2. Annual 208 
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precipitation is on average 577 mm, with June experiencing the highest values 209 

(84 mm) and February the lowest (38 mm) (Leščešen et al., 2022) 210 

 211 

 212 

Figure 1. Location of the Sremska Mitrovica station within Sava River basin. 213 

As a major tributary of the Danube, changes in the Sava's flow have far-214 

reaching consequences for downstream water systems (Leščešen et al., 2022; 215 

2024). Furthermore, the basin has many artificial influences, such as 216 

alterations in land cover and river flow due to urbanization and infrastructure 217 

development (Gašparović et al., 2022). Such considerations underline the 218 

importance of approaching the management of the transboundary water 219 

resources of the Sava in a collaborative and integrated way (Schmeier and 220 

Vogel, 2018). 221 

We used a 97-year record (1926–2022) of daily discharges recorded at the 222 

Sremska Mitrovica station (Fig. 1). Mean monthly discharge data for 2023 223 

were used to evaluate SARIMA model forecast against observed values at the 224 

Sremska Mitrovica station, this data was not included in the initial 97-year 225 

record. The data were collected by the Hydrometeorological Service of the 226 

Republic of Serbia. The data were converted into a monthly mean discharge 227 

series. Aggregation to monthly means reduces short-term noise, stabilises 228 

variance, and aligns with the SARIMA modelling framework, which assumes 229 
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a regular seasonal structure — in this case an annual cycle (s = 12). Monthly 230 

resolution is also standard in long-term hydrological planning and water 231 

resources management (Kramar and Alchakov, 2023; Katipoğlu and Sarıgöl, 232 

2023; Pohle et al., 2021). Summary statistics of the mean monthly discharge 233 

data are given in Table 2, while the variation in mean monthly discharge data 234 

for the observed period is shown in Fig. 2. 235 

Table 2. Descriptive statistics for the mean monthly discharge values. 236 

Parameter Value 

n 1164 

Mean (m3/s) 1547 

Median (m3/s) 1395 

Mode (m3/s) 666 

Std. Deviation (m3/s) 882 

Variance 777151 

Skewness 0.781 

Kurtosis 0.221 

Range 4697 

Minimum (m3/s) 236 

Maximum (m3/s) 4933  

 237 

 238 

Figure 2. Mean monthly discharge at Sremska Mitrovica station during 1926−2022.  239 
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4. Methods 240 

We used the SARIMA and benchmark models to predict the discharge of 241 

the Sava River. Our workflow proceeded in three phases (Fig. 3).  242 

In phase 1, the process begins with data acquisition, during which the 243 

relevant time series data is collected. Descriptive statistics were computed to 244 

characterise the dataset. Before creating the time series models, tests for 245 

homogeneity and trends in the data were performed. We applied Pettitt’s 246 

(1979) test for change point detection as it is sensitive to breaks in the middle 247 

of a time series (Basarin et al., 2016). However, if a breakpoint occurs near the 248 

beginning or end of the record, the sensitivity of the test may be reduced. 249 

Furthermore, if multiple breakpoints are present, the Pettitt test may not 250 

capture them effectively, necessitating the use of complementary methods to 251 

fully characterize the temporal dynamics of the time series (Jaiswal et al., 252 

2015; Mallakpour and Villarini, 2016; Wijngaard et al., 2003). Additionally, 253 

the non-parametric Mann-Kendall (MK) test for trend detection was applied, 254 

which is widely used for detecting trends in hydrological and climatological 255 

time series (e.g. Bezak et al., 2016). This test is based on the Kendall statistic, 256 

where the null hypothesis (H0) states that no trend exists within the series, 257 

while the alternative hypothesis (H1) indicates the presence of a trend, either 258 

positive or negative, within the series under investigation (Kendall, 1975). In 259 

our study, a significance level of 0.05 was assumed. Next, the differencing 260 

method was applied to remove trends and reduce non-stationarity in the mean 261 

of the time series, a prerequisite for SARIMA modelling. The ADF stationarity 262 

test was then performed to confirm stationarity, a crucial requirement for a 263 

SARIMA model. To complement the ADF test, the Zivot–Andrews (ZA) unit 264 

root test was additionally applied to assess stationarity in the presence of a 265 

potential structural break. Unlike the ADF test, which assumes no structural 266 

change under the null hypothesis, the ZA test allows for a single endogenous 267 

break in either the intercept, the trend, or both (Zivot and Andrews, 1992). 268 

This is particularly relevant for long hydrological records that may be affected 269 

by anthropogenic interventions such as reservoir construction or river 270 

regulation. The model with both trend and intercept break (model "CT") was 271 

selected, with the lag order determined by the Akaike Information Criterion 272 

(AIC). This allowed the derivation of autocorrelation and partial 273 

autocorrelation functions required to determine the order of the autoregressive 274 

and moving average components and to identify seasonal patterns for 275 

inclusion in the model. By removing trends and seasonality, differencing 276 

enables the SARIMA model to capture the underlying stochastic process 277 

driving the river discharge series.  278 

In phase 2, the discharge series was transformed using a logarithmic 279 

transformation to stabilise variance prior to model fitting. The data set is then 280 

split into training data (80%) and test data (20%). The 80/20 temporal split 281 

was chosen to provide a sufficiently long training period (78 years) to capture 282 
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the full range of inter-annual and multi-decadal variability, while retaining a 283 

17-year validation window long enough to assess model performance across 284 

different hydrological conditions. The SARIMA model is created using the 285 

training data, with model order selection improving the predictive ability of 286 

the model. The trained model is then evaluated using the test data. The 287 

residuals of the SARIMA model were then determined.  288 

In phase 3, the performance of the model is evaluated using metrics such 289 

as the mean absolute error (MAE) and root mean square error (RMSE). This 290 

is followed by model evaluation and interpretation, which helps to understand 291 

the strengths and limitations of the model. Finally, the best model is selected 292 

based on its performance, which completes the process. Model performance 293 

was assessed on the withheld test period to provide an objective evaluation of 294 

each method's predictive skill. 295 

 296 

 297 

Figure 3. The study workflow. 298 

In Phase 3 we evaluated the performance of each model using the root 299 

mean squared error (RMSE), mean absolute error (MAE), and amount of 300 

explained variance (R2). Generally, models with lower RMSE are preferred 301 

because they show closer agreement between predicted and observed values. 302 

The calculation for RMSE is as follows: 303 

                                       𝑅𝑀𝑆𝐸 =  √
∑ (𝑦𝑡̂ − 𝑦𝑡)2𝑇

𝑡=1

𝑇
                                                                  (6) 304 

where 𝑦𝑡̂ is the predicted discharge values, 𝑦𝑡 is the test discharge values and 305 

T is the number of discharge data points. 306 
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The MAE describes the average of the absolute deviations between 307 

predicted and observed values and is derived as follows: 308 

                                             𝑀𝐴𝐸 =  
∑ |𝑦𝑡̂ − 𝑦𝑡|𝑇

𝑡=1

𝑇
                                                                    (7) 309 

where 𝑦𝑡 is the predicted discharge values, 𝑦𝑡 is the test discharge values and 310 

T is the number of discharge data points (Elganainy and Eldwer, 2018). 311 

5. Results and discussion 312 

5.1. Homogeneity test and trend analysis 313 

We began with the Pettit test of data homogeneity. This revealed a 314 

statistically significant change point in the Sava River discharge around 1962, 315 

potentially linked to the Bajina Bašta hydropower plant construction on the 316 

Drina River, the primary tributary of the Sava River. Commencing in 1961, 317 

the first phase of construction was completed in early 1962 and filling of the 318 

reservoir began. 319 

Trends in the discharge of the Sava River were evaluated using the MK 320 

test. This suggests the null hypothesis (H0) should be rejected, and the 321 

alternative hypothesis (H1) accepted (p < 0.05). The MK test statistic Z = −2.31, 322 

Kendall's tau = −0.18, and Sen's slope = −3.2 m³/s per year, indicating a 323 

statistically significant declining trend over the full record. In other words, 324 

there is a statistically significant trend in the mean monthly discharge at the 325 

station. This result is contrary to Kovačević-Majkić and Urošev (2014), who 326 

concluded that there are no statistically significant changes in annual 327 

discharge in the basins of the Danube, Sava, and Tisza over the period 328 

1961−2010. Similarly, Leščešen et al. (2022) reported that there is no 329 

statistically significant change in mean monthly discharge of the Sava River 330 

during 1928-2017. One possible contributing factor is the pronounced 331 

discharge reduction observed during 2018–2022, though this interpretation 332 

should be treated cautiously as it is based on a relatively short recent period 333 

and may partly reflect short-term variability rather than a sustained long-334 

term signal (Fig. 4a). This trend may be explained by reduced precipitation 335 

and increased evaporation due to climate variability and change over the 336 

region (Blöschl et al., 2019; Gampe et al., 2016; Pandžić et al., 2009). 337 

As well as an overall decline in discharge, the Sava also exhibits multi-338 

decadal variability, visually suggestive of cycles on the order of 10 years, 339 

though formal spectral analysis would be required to confirm this periodicity 340 

statistically (Fig. 4b). The 5-year moving average series suggests lower 341 

amplitudes between wet and dry periods in recent decades, especially since the 342 

1990s. Periods with most severe drought conditions occurred during the years 343 

1947 and 1988. 344 

 345 
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 346 

 347 

 348 

Figure 4. 10-year means (top panel) and the 5-year moving average (bottom panel) of monthly 349 
mean discharges at Sremska Mitrovica station.  350 
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Multidecadal variations in the Sava River discharge (Fig. 4) are 351 

consistent with reported patterns for Southern Europe (Blöschl et al., 2019). 352 

Variability has also been documented in major Polish rivers, where a wet 353 

phase during 1901–1942 coincided with elevated discharges, succeeded by an 354 

exceptionally dry phase from 1943–1964, then a return to wetter conditions in 355 

1965–1982 (Wrzesiński et al., 2023). Multidecadal discharge variations over 356 

the Balkan Peninsula have been linked to temperature and precipitation 357 

changes (Peneva et al., 2023). Annual mean surface air temperatures were 358 

relatively low in the 1950s until a marked upward trend in the last three 359 

decades. Meanwhile, annual precipitation totals for the Balkan Peninsula had 360 

minima in the 1950s and 1990s. Post-1945, increased precipitation coincided 361 

with rising discharges until the early 1980s. However, a subsequent rise in air 362 

temperature and evaporation losses has contributed to a gradual decline in 363 

river discharge since the 1980s, punctuated by wetter interludes. Eight of the 364 

ten warmest years at Sremska Mitovica since 1949 were recorded after 2000. 365 

These multi-decadal variations have been associated with changes in macro-366 

scale circulation types (Maraun et al., 2007) and the Atlantic thermohaline 367 

circulation (Wrzesiński et al., 2023). River discharges in Southeast Europe are 368 

influenced by the interplay of the North Atlantic Oscillation (NAO) (Jalón-369 

Rojas and Castelle, 2021), the Mediterranean Oscillation Index (MOi), and the 370 

Western Mediterranean Oscillation Index (WeMOi) (Dolinaj et al., 2019). For 371 

example, post-1960 a significant reduction in river discharges was observed in 372 

the majority of rivers in southern and eastern Europe (Hannaford et al., 2013). 373 

The main drivers of the negative river discharge trend are climate factors such 374 

are redistribution of the precipitation, temperature increase, and 375 

evapotranspiration, over the South Europe, while human activities 376 

significantly impact about 25% of river discharges (Shi et al., 2019). 377 

We also applied the MK test to examine variability in Sava discharge over 378 

eight overlapping 30-year periods from 1926 to 2022 (Fig. 5). These were 1926–379 

1955, 1936–1965, 1946–1975, 1956–1985, 1966–1995, 1976–2005, 1986–2015, 380 

and 1996–2022. The resulting MK statistic (Zs > 2.00) indicates contrasting 381 

trends. However, the only statistically significant trends were found during 382 

1966–1995 and 1996–2022, as evidenced by Zs values of −2.32 and −2.31, 383 

respectively. These findings show the sensitivity of MK scores to the choice of 384 

start and end dates of a time series. 385 

 386 
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 387 

Figure 5. Mann Kendall Zs values for Sava River for all possible combinations of start and 388 
end years with minimum length of 30 years. 389 

5.2. Time series modelling with SARIMA 390 

The ADF test yielded a highly negative statistic of −5.712 (p < 0.001), 391 

providing robust evidence that the null hypothesis of non-stationarity can be 392 

rejected. The Zivot-Andrews test corroborated this finding while also 393 

accounting for the structural break detected by the Pettitt test. The ZA test 394 

statistic of −16.52 (p < 0.001) substantially exceeded the critical values at all 395 

conventional significance levels (−5.58 at 1%, −5.07 at 5%, and −4.83 at 10%), 396 

providing strong evidence against the null hypothesis of a unit root even in the 397 

presence of a structural break. The test identified the break point in early 398 

1931, likely reflecting the limited data density at the beginning of the record 399 

rather than a genuine hydrological regime shift. Taken together, the ADF and 400 

ZA results confirm that the Sava discharge series is stationary, satisfying a 401 

fundamental prerequisite for SARIMA modelling. The ADF test indicates that 402 

the time series is trend-stationary, i.e. it exhibits a consistent statistical 403 

structure as soon as the trend is considered. This distinction explains why the 404 

ADF test results indicate stationarity (trend stationarity), although the Pettitt 405 

and MK tests indicate non-stationarity in the unadjusted data. Consequently, 406 

these results suggest that, once the deterministic trend is accounted for, the 407 

Sava discharge series can be treated as approximately stationary for modelling 408 

purposes, though the earlier Pettitt and Mann–Kendall findings indicate the 409 

presence of structural non-stationarity that cannot be fully resolved by 410 

differencing alone. This confirms the suitability of the data for SARIMA 411 

modelling, which relies on the assumption of stationarity to effectively capture 412 

and forecast underlying patterns (Dabral and Murry, 2017). 413 
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The series was divided into two segments to facilitate model training and 414 

testing. This segregation allowed for the evaluation and comparison of 415 

SARIMA with the other techniques. Here, the training dataset covered 416 

January 1926 to December 2003, constituting 80% of the original record. The 417 

remaining portion, from January 2004 to December 2020, constituting 20% of 418 

the data, was then allocated for model testing. 419 

Figure 6 shows the additive decomposition of the discharge series. This 420 

revealed marked seasonality, consistent with the unimodal discharge regime 421 

of the region. Additionally, the series does not exhibit a persistent trend over 422 

the entire record. With this in mind, it is deduced that the parameter s has a 423 

frequency of 12 periods per year. The choice of s = 12 is consistent with the 424 

dominant annual cycle visible in the ACF (Fig. 7), where significant 425 

autocorrelation spikes occur at lags 12 and 24, providing empirical support for 426 

a 12-month seasonal period. The autocorrelation and partial autocorrelation 427 

functions confirm that the annual cycle is the dominant signature (Fig. 7). 428 

Furthermore, sinusoidal patterns in the correlograms are conducive to 429 

SARIMA modelling because they signify regular, cyclical variations in the time 430 

series (Costa et al., 2023). Consequently, model variants were calibrated, and 431 

the optimal model selected according to the AIC. The best-fitting SARIMA 432 

model (5,0,4) (2,0,1)12 was selected based on the lowest AIC score. This 433 

criterion follows the principle of parsimony which favours models with fewer 434 

parameters to achieve a balance between fit and complexity. Model 435 

identification proceeded through a grid search over plausible parameter 436 

ranges (p, q ∈ {0,...,5}; P, Q ∈ {0,...,2}; d, D ∈ {0,1}), with the optimal 437 

specification selected on the basis of minimum AIC. Residual diagnostics 438 

revealed that when the selected model was applied to the decomposition 439 

residuals, short-term autocorrelation was eliminated (Ljung–Box Q = 9.46, p 440 

= 0.489 at lag 10); however, significant dependence persisted at longer lags 441 

(lag 20: Q = 46.70, p < 0.001), indicating that residual long-memory structure 442 

remains unaccounted for — a common characteristic of multi-decadal daily 443 

hydrological records. 444 

 445 

  446 
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 447 

Figure 6. Decomposition of the calibration vector of the transformed discharge series 448 
(showing first the original series, then trend, seasonal and residual components). 449 

 450 

 451 

Figure 7. Autocorrelation and partial autocorrelation functions for the Sava discharge. 452 

  453 
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Figure 8 shows the series generated for the test period using the SARIMA 454 

model with calibrated parameters. This shows the ability of the model to 455 

simulate previously unseen discharge series. Overall, the SARIMA model 456 

represents lower discharges better than higher flows during the training 457 

period, with RMSE = 319 m³/s, MAE = 251.4 m³/s, and R² = 0.64. These values 458 

reflect model fit during calibration and should be distinguished from the test 459 

period performance reported in Table 3 (RMSE = 411.46 m³/s, MAE = 307.83 460 

m³/s, R² = 0.80), which provides a more objective assessment of predictive skill 461 

on unseen data. The model appears to perform better at predicting low flows 462 

than high flows. Several factors contribute to this discrepancy. High flows tend 463 

to exhibit greater variability due to complex and rapid changes in hydrological 464 

and meteorological conditions, such as extreme weather events like heavy 465 

rainfall or snowmelt, which the SARIMA model has difficulty capturing 466 

accurately due to its dependence on historical patterns and stationarity. In 467 

addition, the SARIMA model is designed to capture regular, cyclical patterns 468 

and seasonal variations, making it less effective at modelling extremes 469 

associated with peak flows that deviate from these patterns. The training 470 

dataset likely contains more low flow data points, resulting in the model being 471 

better calibrated for these conditions and predicting average rather than 472 

extreme events. The model also tends to smooth the predictions, resulting in 473 

peak flows being underestimated and low flows being overestimated. The 474 

model’s mean absolute error (MAE) is higher for months with discharge above 475 

the 75th percentile compared to months below the 25th percentile, confirming 476 

the asymmetric error distribution. External factors, such as dam releases and 477 

upstream water management, lead to non-stationarity and variability that the 478 

SARIMA model cannot account for. 479 

 480 

Figure 8. Observed and simulated discharge series for the test period. 481 

  482 
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Figure 9 shows the performance metrics (RMSE and MAE) when forecasts 483 

by the SARIMA model are compared with observed discharges over horizons 484 

of up to one year ahead. As expected, errors increase as the forecast horizon 485 

extends from 1 to 12 months into the future. The MAE as a percentage of 486 

average discharge (expressed as a percentage of the mean observed monthly 487 

discharge at that forecast horizon) for January, March, June, September, and 488 

December are 4.6%, 14.3%, 17.9%, 20.2% and 32.9% respectively, indicating a 489 

significant rise in error as the forecast period lengthens. 490 

 491 

Figure 9. Performance metrics (MAE and RMSE) of SARIMA model forecasts for monthly 492 
discharge data calculated using the data from January 1926 to December 2003 for model training 493 
and the subsequent data from January 2004 to December 2020 for model validation. 494 

Finally, we used the SARIMA model to forecast the monthly discharges 495 

reported by the Republic Hydrometeorological Service of Serbia during 496 

January 2023 to December 2023 (Fig. 10). This mimics an operational use of 497 

the forecasting system. Overall, the average error between observed and the 498 

predicted discharge was 12.5% and ranged between -9.5% (October) to +19.2% 499 

(March). These results were produced by a SARIMA model (5,0,4)  (2,0,1)12, 500 

where (5,0,4) denotes a non-seasonal component with autoregressive order 5, 501 

no differentiation, and moving average order 4, with (2,0,1)12 representing the 502 

seasonal autoregressive order 2, no seasonal differentiation, a seasonal moving 503 

average order of 1, with a seasonal period of 12 months. In comparison, the 504 

mean error and ranges for a simples one-month-ahead persistence forecast, 505 

the ZOF model, were 15%, −183% and +74%. The extreme negative error of 506 

−183% in October for the ZOF model reflects a month in which discharge rose 507 

sharply relative to the preceding month; because ZOF uses the prior month's 508 

value as its forecast, it systematically fails in periods of rapid transition, 509 

highlighting the limitations of persistence-based forecasting for variable flow 510 

regimes. The following section evaluates the SARIMA model skill relative to 511 

the other time series models. The SARIMA model calibrated on the full 1926–512 
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2022 record was applied out-of-sample to generate 12 one-month-ahead 513 

forecasts for January–December 2023. The model was not retrained using 514 

2023 data; forecasts were produced sequentially using only data available 515 

prior to each target month. 516 

 517 

518 
Figure 10. Comparison of observed and forecasted monthly mean discharges during 2023. 519 

 520 

5.3. Comparative analysis with other forecasting techniques 521 

The ZOF model was implemented by setting each monthly forecast equal 522 

to the observed discharge of the preceding month. The Random Forest model 523 

was trained on the same 80% training period using lagged monthly discharge 524 

values (lags 1–12) as predictors. Hyperparameters were tuned using 5-fold 525 

cross-validation, with the number of trees set to 500 and the number of 526 

features considered at each split set to the square root of the total number of 527 

predictors, following standard practice (Tyralis et al., 2019). While adequate 528 

in highly stable systems, this approach is inherently limited in settings 529 

characterised by seasonal variability and non-stationarity. However, the 530 

changes that occur due to the seasons, human impact on the environment and 531 

many other factors mean that the water flow at a gauging station cannot be 532 

constant, but fluctuates, which inevitably leads to the search for more 533 

adequate forecasting models. The Random Forest is a widely used machine 534 

learning algorithm that is very effective in simulating complex hydrological 535 

processes. In our example, it performs worse than SARIMA (Fig. 11). The 536 

SARIMA model shows strong overall agreement with observed data, capturing 537 
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seasonal patterns effectively, though it tends to underestimate peak flows as 538 

noted above. The Random Forest models also show a relatively good fit, but 539 

exhibit slight deviations in times of extreme discharge values. SARIMA 540 

achieved the best performance across all three metrics (Table 3), though the 541 

difference relative to Random Forest is relatively modest. No formal statistical 542 

significance testing (e.g., Diebold–Mariano test) was conducted to confirm 543 

whether this difference is statistically meaningful, which represents a 544 

limitation of the current comparison. This conclusion is supported by the 545 

ability of the SARIMA model to effectively capture the amplitude and 546 

variability of the discharge data. To compare the fitting of the applied models, 547 

the RMSE and MAE values for SARIMA, ZOF and Random Forest are 548 

presented in Table 3. Table 3 shows a comparative analysis of the predictive 549 

performance of the different models based on their RMSE, MAE and R² values. 550 

The SARIMA model shows superior accuracy and reliability in predicting 551 

monthly river discharge, as it achieves the lowest RMSE and MAE values and 552 

the highest R² value. This is followed by the Random Forest model, which has 553 

reasonable predictive ability but is not as robust as SARIMA. In contrast, the 554 

ZOF model performs significantly worse with higher RMSE and MAE values 555 

and a negligible R² value, indicating its inadequacy in modelling the complex 556 

seasonal runoff patterns. 557 

 558 

 559 

Figure 11. Comparison of SARIMA (red line), Random Forest models (green line), and ZOF 560 
(orange line) to the observed data (blue line) for the 2004–2020 period.  561 

 562 

  563 
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Table 3. Comparison of RMSE, MAE, R2 values for SARIMA, ZOF, and Random Forest Models for 564 
the 2004 –2020 test period. 565 

Model RMSE MAE R2 

SARIMA 411.46 307.83 0.80 

ZOF 799.26 595.67 0.25 

Random Forest 459.79 337.27 0.75 

 566 

These results support the applicability of the SARIMA model for 567 

predicting the discharge of the Sava at the Sremska Mitrovica station. 568 

Furthermore, the results suggest that SARIMA-based modelling may be 569 

applicable to other river systems with similar unimodal seasonal regimes and 570 

long discharge records, though transferability to basins with more complex 571 

flow dynamics or data-sparse environments would require further validation. 572 

The results show the importance of selecting an appropriate model to ensure 573 

accurate and reliable predictions, which are essential for effective water 574 

resources management and planning. 575 

 576 

6.  Conclusion 577 

This research evaluates SARIMA modelling of river discharge for a test 578 

basin in the under-studied region of the Western Balkans. This study also 579 

includes the first application of a Random Forest machine learning model to 580 

river discharge forecasting in Serbia. SARIMA, by contrast, is a classical 581 

statistical time series model and is not classified as a machine learning 582 

technique. These tools have the potential to support a wide range of 583 

hydrological and water management activities in the region. Our analysis of 584 

monthly discharge series spanning 1926 to 2022 at the Sremska Mitrovica 585 

station revealed clear seasonal variations consistent with a unimodal flow 586 

regime. This confirms the suitability of SARIMA models for describing the 587 

temporal behaviour of the Sava discharge. The resulting SARIMA model 588 

predicted discharge during the test period with RMSE of 411.46, MAE of 589 

307.83, and R² of 0.80. 590 

The SARIMA model produced normalised MAE values below 33% across 591 

all forecast horizons up to 12 months, rising from 4.6% at one month to 32.9% 592 

at 12 months ahead. This suggests that outlooks could be provided for strategic 593 

decision making in various sectors, such as agriculture, where knowledge of 594 

future water availability is key, and for developing plans to manage natural 595 

hazards such as floods and droughts. However, these tools should not be used 596 

over longer time horizons due to non-stationarity caused by river regulation, 597 

land and climate change. 598 
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Future operational implementations could explore adaptive calibration 599 

strategies, such as rolling-window approaches using the most recent 10–20 600 

years of data, or hybrid methods that weight recent observations more heavily. 601 

These strategies are not evaluated in the present study and represent 602 

directions for future research. 603 

Future research should explore the application of these models to a wider 604 

range of river systems in the Balkans, including those with more complex, 605 

multi-modal seasonal flow regimes. In addition, the inclusion of other relevant 606 

covariates, such as soil moisture and land-use change, could be tested to 607 

improve predictive accuracy.  608 

 609 
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SAŽETAK 831 

Predviđanje protoka rijeke Save u Srbiji primjenom 832 

sezonskog autoregresijskog integriranog modela pomičnih 833 

srednjaka (SARIMA) 834 

Igor Leščešen, Robert L. Wilby, Mirjana Brdar, Milan Josić, Biljana Basarin  835 

U ovom radu procjenjuje se učinkovitost sezonskih autoregresijskih integriranih 836 
modela pomičnih srednjaka (SARIMA) za predviđanje riječnog protoka do 12 mjeseci 837 
unaprijed. Rijeka Sava u Srbiji odabrana je kao testni sliv zbog svoje ključne uloge u 838 
upravljanju vodnim resursima u regiji. Međutim, precizno dugoročno predviđanje 839 
protoka predstavlja izazov zbog klimatske varijabilnosti i nestacionarnosti hidroloških 840 
nizova. Mjesečni nizovi protoka za razdoblje od 1926. do 2022. godine na postaji 841 
Sremska Mitrovica modelirani su primjenom modela SARIMA te su uspoređeni s 842 
metodom perzistencije i metodom nasumične šume. Odabrani SARIMA model 843 
predvidio je protok uz korijen srednje kvadratne pogreške (RMSE) od 21 % i srednju 844 
apsolutnu pogrešku (MAE) od 16 %. Ovo istraživanje također predstavlja prvu 845 
primjenu metoda strojnog učenja na rijeci Savi te naglašava njihov potencijal za 846 
unaprjeđenje hidroloških predviđanja na zapadnom Balkanu. Buduća istraživanja 847 
trebala bi uključiti dodatne kovarijate i primijeniti ove modele na različite riječne 848 
sustave kako bi se povećala točnost predviđanja. 849 

Ključne riječi: rijeka Sava, vremenski nizovi, sezonalnost, predviđanje, stohastički 850 
model 851 
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