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Flooding is one of the most destructive natural disasters, posing significant risks to under-construction and
existing structures. It can also compromise critical infrastructure, such as roads and railways, by weakening
embankments. While infrastructure damage is severe, the foremost concern remains the population's safety,
making technological advancements and timely information dissemination crucial. Flood forecasting is vital in
preparing communities and enabling flood defense organizations to respond effectively. This study aimed to
develop a reliable flood forecasting method for the downstream sections of the Marcal River, where population
density is high, using real-time data.

Accurate flood forecasting relies on a comprehensive monitoring network and precise measurements that
predict water flow and other hydrological conditions over several days. Real-time data during flood events is
also essential for emergency response. Key hydrological and meteorological factors, including water levels, flow
rates, and precipitation, are integral to this process. The study analyzed daily water flow data from 1960 to 2018,
collected from stations along the Marcal River and its tributaries, combined with precipitation data, to forecast
the river's flow at its outlet in Mérichida. Multi-level regression analysis, incorporating first- and second-order
polynomials, was used to predict flood peaks at this outflow. The model employed flood wave peaks and
simultaneous rising or receding flows from five additional river stations. Focusing on events with peak flows
exceeding 20 m¥/s, the researchers identified 68 cases, with 9-20 measurements per event. Confidence and
prediction intervals confirmed the model's accuracy, predicting flood peaks within £10 m3/s, offering a reliable,
less complex alternative to traditional models.

1. Introduction

Floods can be the most damaging and pervasive natural disasters, harming the environment and the global
economy (Grigorieva and Livenets, 2022). The frequency and severity of floods have increased recently,
highlighting the critical need for precise flood modeling to help disaster response and management (Amon and
Bene, 2023). Floods can cause enormous property damage, animal and human fatalities, and agriculture loss
(Kumar et al., 2023).

Flood projection is a critical component of water resource management and urban planning, aiming to mitigate
the adverse effects of flooding (Jain et al., 2003). Regression analyses have been extensively used to model
the relationship between flood-related variables (precipitation, river discharge, and water levels) and the
outcomes of flooding events (like flood extent, depth, and frequency) (Plitnick et al., 2018). Early studies often
utilized linear regression models due to their simplicity and interpretability (Chen et. al., 2023). These models
have been applied to predict flood levels based on upstream river flow rates and precipitation data (Wu et al.,
2019). Multiple Linear Regression (MLR) models consider multiple predictors simultaneously, offering a more
detailed understanding of flood dynamics. They have incorporated various hydrological and meteorological
factors in flood prediction (Patel et al., 2016). These models help assess the probability of flooding given specific
conditions. Given the complex nature of flood dynamics, non-linear regression models, including polynomial and
spline regression, have been applied to capture the non-linear relationships between variables (Mengzhu et al.,
2023). Advanced regression techniques involving machine learning, such as Random Forests and Support
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Vector Regression, have been increasingly used because they can effectively handle non-linearities and
interactions between predictors (Lange, 2020).

Regression analyses are still widely used tools for flood prediction (Plitnick et al., 2018). In regression analyses,
the selection of predictor variables is crucial. Studies have highlighted the importance of incorporating various
variables, including meteorological, hydrological, and land use factors, to improve model accuracy. This
research used a second-order multiple regression model to predict floods on the Marcal River at Mérichida-
Rébaszentmiklds. The new approach used two to five predictor variables, including the upstream peak flows in
the tributaries and the simultaneously occurring flow in the other tributaries. Using concurrently occurring flows
from different tributaries with peak flows can significantly improve prediction accuracy. Rainfall and land use
conditions were considered as well. Since there was limited information on the change in land use conditions
for the analyzed 30 y, land use was not considered. Rainfall data was evaluated but did not improve prediction
accuracy.

2. Site description

The catchment is located in western Hungary, surrounded by the Bakony Mountains, the Sokoréalja hills, the
slopes of the Kemeneshat, and the southern part of the Kisalféld. This area covers 3,084 km2 and is
characterized by diverse topography: 5 % mountainous, 25 % hilly, and 70 % flat terrain. The small streams
traversing the mountainous and hilly regions are quickly responding, (flashy) streams and ephemeral. Their
water flow is minimal for most of the year. However, they are subject to swift increases in flow due to climatic
phenomena such as quick snow melts and intense summer rainfalls, leading to potential flash floods. The
absence of designated floodplains alongside these streams means excessive floods can overwhelm channel
capacities, subsequently inundating adjacent lands (Eduvizig, 2020).

The Marcal River lies on the left side of the valley, with a significant part of its tributaries flowing from the Bakony
mountain. The river valley and the catchment on the left are flatlands. Its geographical location also influences
the flood conditions. Therefore, it is essential to identify the timing and peak in the tributaries (Eduvizig, 2020).
The most important tributaries of the Marcal River are Torna — Karako, Hajagos — Nemesszaldk, Bitva —
Mihalyhaza, and Gerence — Takacsi. The following figure shows the Marcal catchment area and the flow-
measuring locations. Annual precipitation is 645 mm, and rainfall is highest between May and August, with June
being the wettest month.

Location of Marcal river and its catchme

Legend

Topography (m.a.s.l)
High : 706
Low : 85

Marcal river and its catchment

Figure 1: Watershed location, measuring stations, and tributaries
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3. Methods
3.1 Data processing

The initial measurements began in 1961 at three locations: Karako (Torna), Takacsi (Gerence), and Mérichida
(Marcal). Additional measurement stations were added in 1971 at Mihédlyhaza (Bitva) and in 1985 at
Nemesszaldk (Hajagos). In 2014, due to the absence of measurements at Mérichida, the Rabaszentmiklds
measurements were used from January 1 to December 31. A summary of the data set can be seen in Table 1.
stations.

Table 1: Flow measurements

Location Measurement Min Max Average Number of data
Karaké (Torna) 1960-2018 0.076 49.8 1.78 191,228
Nemesszaldk (Hajagos) 1985-2018 0 115 0.47 4,220
Mihalyhaza (Bitva) 1971-2018 0 9.29 0.37 106,610
Takacsi (Gerence) 1960-2018 0 29.8 0.87 82,667
Mdrichida (Marcal) 1960-2018 0 146 5.74 136,662

The dataset for statistical analysis was developed through several stages. Initially, predictor events were
chosen, followed by concurrent peak flows in tributaries and, finally, flows at other measuring locations that
coincided. For flood forecasting purposes, events exceeding 20 m%s at Moérichida (Marcal) were selected,
identifying 68 such events. The 20 m®/s threshold was determined based on the experience of the water
resources agency. Upstream peak flows in the tributaries were gathered for each selected peak event. Typically,
these upstream events occurred 1-3 days before the Marcal outflow peak. On Karaké, Takéacsi, and Marichida,
68 peak events were collected, while Mihalyhdza and Nemesszalok recorded 29 and 20 events, due to their
shorter measurement periods. Simultaneously occurring flows at other locations were also gathered during peak
events. Figure 2 illustrates the data collection strategy for one event.
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Figure 2: Measuring stations (a) and event evaluation method (b)

The peak at Mérichida (1A) was identified first, followed by the collection of two additional peaks (later expanded
to five) that occurred earlier in the same event (2A and 3A). For instance, as shown in Figure 2, during the March
1963 event, the Mérichida peak (1A) was identified, along with the Karakd peak (2A) and the Takacsi peak (3A).
For the Mdrichida peak (1A), flows from Karaké (1B) and Takéacsi (1C) were also recorded. The peak from
Karaké (2A) and concurrent flows at Mérichida (2B) and Takéacsi (2C) were added next, followed by the Takacsi
peak (3A), with corresponding flows at Mdrichida (3B) and Karako (3C). Before 1971, this process resulted in
nine data points per event, while after 1971, the number increased to 25 per event due to the addition of more
measurements.
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3.2 Statistical methods

Regression analyses were applied to determine the relationship between the measured flows in the tributaries
and the predicted downstream peak flow. The variables were screened using cross-correlation analyses to
identify the most important parameters. Added variable plots further reduced the number of independent
variables. Finally, backward analyses were applied to determine the best model. Multiple regression analyses
were used to predict flood peaks, and first- and second-order polynomial equations were considered during the
study. The second-order multiple polynomial regression equation can be written as:

Vi = bg + b1 Xig + bipXh oo Abp1Xpg + bpoxZ, + & wherei=1,n (1)

Where y is the dependent variable, xiis the independent variable, and bi is the unknown parameter.
The adjusted coefficient of multiple determination, R?aqj was used to measure regression fit. R%g; adjusts R? by

dividing each sum of squares by its associated degrees of freedom. Consequently:

(1-R?»)x(n-1)
Reaj=1-"—o @

Collinearity diagnostics and residual analyses were performed to evaluate the underlying assumptions of the
regression models. The gvima package in R (Edsel et al., 2019) was utilized to test for skewness, kurtosis, and
heteroscedasticity, ensuring the validity of the linear regression assumptions. These diagnostic metrics drove
model refinement and selection to optimize performance. The dataset was not partitioned, allowing the models
to capture a wide spectrum of hydrological conditions to enhance model accuracy and generalizability. This
approach increases the robustness of the models, with the potential for recalibration as more data becomes
available. A 90 % confidence interval was calculated for the selected models to quantify the forecasting
uncertainty and assess model accuracy.

4. Results

Two locations with shorter data sets were not included in the analysis. Cross-correlation analysis was used to
identify the most important predictors for the 68 events, with nine predictors available for each event. Backward
elimination was applied to determine the four most appropriate models, each with four independent variables.
In every model, the Karakd peak flow (KT) was included, with the Mérichida flow at the Karakd peak (KTRP)
being the second most important predictor. Other key variables were the Takacsi flow at the Karakoé peak (KTTP)
and the Mdérichida flow at the Takécsi peak (TTRP). Ultimately, two forecasting models were selected: one with
four independent variables and another with two. In Model 1, the independent variables are KT, KTRP, TTRP,
and TT, while in Model 2, they are KT and KTRP. The coefficients of the models, along with the adjusted R?
values, are presented in Table 2.

Table 2: Regression results for Model 1 and Model 2, and reduced models Model R1 and Model R2

Coefficients Model 1 Model 2 Model R1 Model R2
b0 6.087 11.016 7.732 12.360
b11 (KT) 1.302 1.424 1.101 1.118
b12 (KT) -0.028 -0.030 -0.026 -0.028
b21 (KTRP) 0.157 0.305 0.241 0.318
b22 (KTRP) 0.006 0.005 0.006 0.006
b31 (TTRP) 0.491 0.300

b32 (TTRP) -0.005 -0.003

b4l (TT) 0.107 0.355

b42 (TT) -0.005 -0.011

RZadj 0.802 0.801 0.933 0.930

Based on the adjusted R?, the differences between the two models are insignificant. Model predictions (Model
1 and Model 2) and the observed peaks at Mérichida are shown in Figure 3(a). When comparing the peak flow
predictions at the Marichida location, Model 1 provides a more accurate prediction than Model 2. In Model 2,
just two variables—the Mérichida flow during the Karaké peak discharge and the Karaké peak discharge—are
sufficient to predict the peak at Maérichida. Residual analysis and multicollinearity tests were performed for both
models to assess the suitability of the regression models. Partial regression plots showed a linear relationship
between KT and KTRP, while the other two independent variables had little relationship. Collinearity for both
models was moderate. From the normal probability standardized residuals plot (Q-Q plot, Figure 3b), most
points lie close to the line, except for three events, indicating a non-normal error distribution. Both models met
the heteroskedasticity assumption. However, skewness and kurtosis statistics showed that the distribution of
residuals is not normal. In events 19, 28, and 35, the difference between measured and predicted peak flows
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was particularly large, and these outliers were evident in the error analysis. These three events were closely
investigated to understand the unusual behavior. During these events, the peak flow at Moérichida ranged from
60 to 76 m3/s, while the tributary peak flows at Takacsi and Karaké were between 12 and 28 m3/s. The peaks
at the tributaries were significantly smaller than at Mérichida, whereas, in most cases, the differences are much
smaller. This discrepancy could be due to measurement errors or another hydraulic influence on the Marcal
River, such as a backwater effect caused by simultaneous flooding of the Danube. Since no clear explanation
for these outliers was found, these three events were removed from the dataset, and the regression coefficients
were recalculated.
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Figure 3: (a) Regression analysis results predicted and measured peak flow at Moérichida, (b) error statistics for
Models 1 and 2

Table 2 shows the calculated regression coefficients for the reduced Models R1 and R2. The adjusted R2
improved, and its value is close to 0.93; the differences between the two models are insignificant. The collinearity
and error statistics assumptions for both Models were acceptable. Figure 4 shows the measured and predicted
peak flows and the 95 % confidence intervals for Model R1.
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Figure 4: Measured and predicted peak flow at Moérichida for Model R1 with a 95% confidence interval

The figure shows little difference between the predicted and measured peaks at most events, and most predicted
events are within the 95 % confidence interval. The impact of rainfall and whether including rainfall measurement
increases prediction accuracy were investigated. There are six rainfall measuring stations on the Marcal
watershed, but only at two locations (within 6 km distance) where the combined measurements were available
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between 1960-2018. The added variable in the model did not change the adjusted R? value in either model. The
location of the rain gauge can explain the small impact of the rainfall addition in the models since it is close to
the Mérichida measuring gauge. Better rainfall measurement availability could have improved model prediction.

5. Conclusion

This study developed a second-order multiple regression model to predict flood peaks on the Marcal River at
Mdrichida-Rabaszentmiklés, using two to five predictor variables, including upstream peak flows and
simultaneous flows from other tributaries. Incorporating concurrent flows improved the accuracy of the flood
predictions. Two primary models were refined: Model 1, with four independent variables, and Model 2, with two.
Model 1 offered slightly higher accuracy, and both models demonstrated strong predictive capabilities supported
by high adjusted R2 values and acceptable error margins. These models are effective tools for forecasting peak
flows in the Marcal River basin, with future enhancements focusing on improving data accuracy and rainfall
measurements. The statistical approach offers a simplified and efficient alternative to traditional numerical
models, which are often resource-intensive. It is particularly suited for real-time forecasting, enabling quicker
decision-making during flood events. The method also supports data-driven decision-making by identifying the
most significant predictors using multi-level regression and backward elimination. The method ensures that the
forecasts are grounded in reliable statistical analysis, helping water management authorities make informed
decisions. The model's adaptability allows using various hydrological variables, making it applicable to different
river systems. Its scalability makes it an attractive option for regions where numerical models may not be feasible
due to limited resources or data availability. Overall, this approach provides an accessible, efficient, and scalable
method for flood forecasting, improving disaster preparedness and resource allocation.
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