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Abstract. Flood forecasting in Mediterranean rivers remains challenging due
to the highly intermittent nature of flow and the limited availability of real-
time hydrological observations. This study presents a low-cost system for wa-
ter level monitoring and short-term flood prediction using high-frequency sen-
sor measurements and meteorological data collected in Kefalonia, Greece. A
multi-stage preprocessing pipeline was applied to improve data quality, includ-
ing session-based filtering, outlier removal, and Savitzky—Golay smoothing. An
XGBoost regression model was then trained to predict the maximum water level
within a 24-hour horizon using hydrological lag features and lagged meteoro-
logical variables. The proposed model achieved strong predictive performance
(R%2 = 0.924, RMSE = 0.293 cm), demonstrating its ability to capture the tem-
poral dynamics of flood events. The results also confirm a strong relationship
between precipitation accumulation and river response.

1 Introduction

Flooding represent a major issue for many regions across the globe. Despite the advancement
in modern satellite technologies for rainfall forecasting and storm tracking, continuous real-
time monitoring of various hydrological parameters, including river flow, precipitation inten-
sity, and water level measurements, remains crucial for supporting timely decision-making
and implementing effective flood mitigation and risk management [1]. Studies conducted
in semiarid and arid environments emphasize the importance of well-designed monitoring
networks to improve the understanding of the processes responsible for runoff during storm
events and to support the implementation of effective emergency management strategies [2].

The successful implementation of flood monitoring and early warning systems is a com-
plex task, as it depends on both the reliability and continuous availability of relevant mea-
surements [3]. Different research efforts have investigated flooding using a wide range of
methods, such as wireless sensor network technologies, embedded systems supported by
middleware architectures, Internet-enabled real-time data collection, and hydrological flood
forecasting models [1]. Similar approaches have been developed in operational forecasting
systems in Greece, such as those of the Hellenic Centre for Marine Research (HCMR), where
coupled atmospheric and hydrological models are used for the simulation and prediction of
extreme weather and flood events [4].
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2 Motivation and Contribution

The increasing occurrence of extreme weather events highlights the urgent need to reinforce
civil protection and adopt more effective measures for mitigating and responding to flood haz-
ards, which are expected to intensify under climate change. Access to real-time hydrological
measurements allows decision-makers to take timely actions to mitigate flood risks [5]. Non-
structural approaches, including wireless sensor networks and web-based decision support
systems, play a crucial role in the monitoring, management, and assessment of flood-related
disasters [1]. However, conventional commercial sensors used for measuring water flow are
often costly, bulky, and require considerable installation effort. Low-cost sensor technolo-
gies, however, make it possible to monitor hydrological systems at much higher spatial and
temporal resolutions without prohibitive costs. This study addresses this need by deploying
a low-cost water level monitoring system in the main river in Kefalonia, Greece, based on
a low-cost sensor system. These low-cost systems allow for the development of a large net-
work, improving spatial coverage while keeping costs at minimal levels. The main objective
of this research is the development of a low-cost, energy autonomous system capable of reli-
ably monitoring water levels. This study also integrates real-time water level measurements
with weather data and by using machine learning algorithms focuses on predicting water
levels over short time.

3 Proposed Methodology
3.1 Data Acquisition

This study utilizes high-frequency hydrological measurements obtained from a water level
sensor installed on the main river in Lixouri, Kefalonia, Greece. The proposed low-cost sys-
tem, developed by the Computational Modeling Laboratory at Ionian University, is designed
as an energy-autonomous system for real-time monitoring. The system is built around a Rasp-
berry Pi Model B+, which acts as the central processing unit for acquiring and processing
sensor data from a JSN-SRO4T waterproof ultrasonic distance sensor. To enable continuous
operation in remote environments, the system is powered by a 12V battery supported by a
50W solar panel for energy harvesting and autonomous charging. For data communication,
a ZTE USB cellular modem is used to transmit measurements over a mobile network to a
central server, where the incoming data is stored and processed. This low-cost and modular
design makes it suitable for scalable deployment by local authorities in flood-prone regions.

The sensor collected measurements at one-minute intervals, creating a dataset of 230,746
records covering March 2024 to May 2026, with most measurements concentrated in the
period of 2025-2026. Meteorological data [6], including precipitation, temperature, atmo-
spheric pressure, and wind speed, were obtained from a nearby weather station and used to
improve the predictive framework.

3.2 Data Preprocessing

The raw dataset was processed through a multi-step quality assurance procedure to elimi-
nate errors and reduce noise prior to analysis. Initially, values below -3.0 cm, identified as
sensor malfunctions, were removed from the dataset. Negative values within a physically
plausible range were converted to absolute values due to sensor drift effects. The dataset is
first segmented into independent “sessions’ by splitting the time series whenever there is a
gap exceeding one hour between consecutive measurements, with each session representing
a single continuous hydrological event. This separation is important because all subsequent
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quality-control procedures are applied independently within each session, ensuring that ob-
servations from different rainfall or flow events are not compared with one another.

Within each session, outliers are then removed using the interquartile range (IQR)
method, where Q1 and Q3 are computed and the IQR is defined as Q3 - QI; any value
exceeding Q3 + 1.5 X IQR is discarded according to the Tukey fence criterion, allowing the
threshold to adapt to the typical magnitude of each individual event. Finally, a neighbour-
based spike filter is applied to eliminate isolated anomalies by comparing each value to the
average of its immediate predecessor and successor; if a reading is more than twice this local
mean, it is classified as a spike and removed (e.g., in [4, 30, 4], the value 30 is removed),
while the first and last values in each session are retained since they lack two neighbouring
points for comparison. Finally, a Savitzky—Golay filter [7] (window = 8,801, polynomial
order = 2) was applied , which reduces noise while keeping the overall shape and timing of
events.

3.3 Predictive Modelling

The main goal of this study was defined as predicting the maximum water level within a 24-
hour horizon based on current hydrological and meteorological conditions. This formulation
is operationally meaningful as it directly supports early warning applications.

Lag features of water level (1 to 30 minutes) were used to represent short-term memory
within each flow session, without crossing session boundaries to avoid data leakage. Rolling
mean and standard deviation over 5, 30, and 60 observations were computed to capture local
trends and variability. Rate-of-change features based on differences at lags 1, 5, and 10 were
added to represent rapid increases or decreases in water level. Time-related variables (hour,
day of week, and month) were included to account for temporal structure. Meteorological
inputs such as precipitation, temperature, and pressure were incorporated with time lags of
up to 3 days, along with 3-day and 7-day cumulative rainfall totals to reflect delayed runoff
response. The prediction target was the maximum water level occurring in the 24-hour period
following each timestamp. An XGBoost regression model [8] was trained using a chrono-
logical split of 80% training and 20% testing on the 2025-2026 dataset. Model performance
was compared to a persistence baseline and evaluated using MAE, RMSE, and R2.

4 Results

The XGBoost model was trained to estimate the maximum water level over a 24-hour forecast
horizon using high-resolution hydrological data combined with lagged meteorological inputs
at daily scale. Performance was assessed on a chronologically separated test set of 33,502
observations (approximately 20% of the dataset), covering the period from April to May 2026
(Figure 1).

Figure 1. Predicted Peak Water Level in Next 24h

The model achieved a Mean Absolute Error (MAE) of 0.238 cm, a Root Mean Squared
Error (RMSE) of 0.293 cm, and R? of 0.924. The persistence baseline, which assumes that
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future peak levels remain equal to the current observation, achieved an MAE of 0.172 cm,
RMSE of 0.295 cm, and R? of 0.923. While the baseline performed slightly better in MAE,
the XGBoost model reduced larger errors more effectively, as reflected in its lower RMSE.
The near-equivalent R? values indicate that both approaches capture the dominant variance
structure of the system, although the machine learning model provides better stability in more
extreme conditions.

Evaluation (Figure 1) confirms that the predicted values from the XGBoost model closely
follow the water level measurements during the evaluation period. The corresponding scat-
ter plot highlights a strong linear relationship between predictions and measurements, with
tighter clustering around the identity line compared to the baseline, particularly in the inter-
mediate flow range (4-6 cm), indicating improved consistency in model outputs.

5 Conclusions

This study developed and evaluated a low-cost, data-driven framework for hydrological mon-
itoring and 24-hour flood forecasting in a Mediterranean river. By combining high-frequency
water level measurements with meteorological data and an XGBoost model, the proposed
study captured the temporal dynamics of flow events and provided reliable short-term predic-
tions for peak water levels.

Results show strong predictive performance (R? = 0.924), with the model closely match-
ing flood peaks and outperforming the persistence baseline in terms of RMSE, indicating
improved robustness to larger errors. The findings also confirm a strong dependency between
precipitation patterns and river level response.

Overall, the study demonstrates the potential of low-cost sensing combined with machine
learning for effective flood monitoring and early warning in data-scarce environments. How-
ever, limitations related to sparse meteorological resolution and limited dry-period observa-
tions suggest directions for future improvement, including higher-frequency weather data and
extended multi-year monitoring.
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