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1 INTRODUCTION

Land use and land cover (LULC) patterns play a significant role in shaping water quality across
various landscapes. The relationship between LULC and water quality is inherently complex,
governed by multiple interacting factors such as spatial and temporal variability, watershed
characteristics, landscape configuration, land use intensity, and seasonal hydrological dynamics
(Uriarte et al., 2011; Xiao et al., 2018). Understanding these interactions is essential for developing
effective watershed management strategies and land use planning practices aimed at protecting surface

water resources.

Among various LULC types, urban and agricultural areas are widely recognized as major contributors
to water quality degradation. These land uses often increase pollutant loading through stormwater
runoff, fertilizer and pesticide application, and soil erosion ( de Oliveira et al., 2017; de Mello et al.,
2018; Ferreira & Féres, 2020). The interactions between human activities, climate, soil, and vegetation
produce site-specific impacts that vary across regions and seasons, further complicating the

assessment of LULC effects on water quality.

Land use refers to the human utilization of the Earth’s surface for purposes such as agriculture, urban
development, forestry, and industry. Changes in land use — whether gradual or abrupt — can
significantly alter the physical, chemical, and biological characteristics of water bodies. These
alterations often manifest as increased sedimentation, nutrient enrichment, pollution, and disruption
of hydrological pathways such as infiltration, runoff, and evapotranspiration (Foley et al., 2005;
Chhabra et al., 2006; Metzger et al., 2006; Feng & Huang, 2008; Tang et al., 2008; Vorosmarty et al.,
2010; Burkhard et al., 2012; Zang et al., 2012; Kindu et al., 2016).

In recent decades, accelerating population growth, climate change, and rising water demand have led
to widespread land use transformations, especially in rapidly urbanizing areas. These pressures have
raised serious concerns about water availability and quality (Azevedo-Santos et al., 2023; Kundu et
al., 2017). Unplanned urban expansion, intensive agriculture, and deforestation continue to challenge
the resilience of aquatic ecosystems. LULC change can alter watershed hydrology by increasing
impervious surface coverage, reducing groundwater recharge, and increasing surface runoff — all of

which contribute to pollutant transport into rivers and streams (Shrestha & Acharya, 2021).
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Numerous studies have demonstrated that land use change impacts extend beyond immediate areas,
affecting downstream water users and ecosystems through interconnected watershed processes (Liu
et al., 2018). For example, conversion of forests to agricultural land increases erosion and sediment
loads in streams, which can degrade aquatic habitats and reduce water clarity (Cuo et al., 2013).
Sediments often carry contaminants such as nutrients, heavy metals, and pesticides, further impairing

water quality (Harris, 2007).

Nutrient enrichment, particularly from nitrogen and phosphorus, is another major consequence of land
use change. Excessive fertilizer use and poor waste management can lead to nutrient loading in rivers
and lakes, causing algal blooms, oxygen depletion, and long-term ecosystem degradation (Shrestha &
Acharya, 2021). Similarly, impervious surfaces in urban areas prevent infiltration and increase the
volume and velocity of stormwater runoff, which transports pollutants such as oil, metals, and organic

waste into nearby water bodies (Feng & Huang, 2008; Zang et al., 2012).

Although various policies and planning frameworks have been developed to regulate land use and
reduce its environmental impacts, accurately forecasting future LULC dynamics remains a challenge
due to uncertainties in socioeconomic development, climate variability, and policy implementation

(Gashaw et al., 2018; Lagakos, 2020; Liu et al., 2018).

As aresult, integrated watershed management approaches and adaptive planning tools are increasingly

important for ensuring sustainable water resources.

Given these challenges, this study investigates the impacts of LULC on water quality in the Rakos
stream catchment in Hungary. It aims to examine how different land use types and their spatial and
temporal characteristics influence water quality patterns. The findings from this research can support
evidence-based watershed management and inform future land use policies to enhance water resource

protection.

1.1 Background of the Rakos Catchment

Hungary has abundant freshwater resources, mainly sourced from surface water bodies and
groundwater systems. Approximately 95% of the country’s drinking water comes from riverbank
filtration and aquifers, including both shallow, pollution-prone sources and deeper, less contaminated

reserves. However, the distribution and availability of these resources vary across regions and seasons.



Nearly two-thirds of Hungary’s water resources are considered vulnerable to pollution. River water
quality is strongly influenced by transboundary inflows, which carry various contaminants through

interconnected watercourses. This has led to adverse impacts on surrounding ecosystems.

Most of Hungary's water bodies are located within small watershed areas, but there is a lack of well-
organized data to comprehensively describe their characteristics (Halasz et al., 2007). The Rékos
stream, the focus of this study, is one of the smallest streams situated in the central part of Hungary.
It originates in the G6do116 Hills and flows through the towns of Isaszeg and Pécel before joining the
Danube River north of Budapest. It also receives treated municipal effluents from nearby urban

settlements.

Due to its proximity to the capital, the Rakos stream is a popular location for recreational activities,
such as running, cycling, and walking. However, as it flows through diverse land use zones, including
residential, industrial, agricultural and forested areas, it is exposed to multiple pollution sources.
Consequently, this study evaluates the spatial and temporal distribution of pollutants across different
sampling locations and years, and determines the influence of surrounding land use on the water

quality of the Rakos Stream.

1.2 Scope of the Study
This study assesses how land use affects water quality in the Rdkos Stream catchment in Hungary. To
achieve this objective, two years of water quality data collected from November 2019 to November
2021 was analyzed. The measured water quality parameters included chemical, physical, and
biological characteristics, which helped identify the level of pollutants and their impact on the overall

water quality.

In addition to the water quality assessment, this study also examined land use and land cover (LULC)
in the Rakos catchment. The CORINE land cover dataset was used to identify LULC patterns and
trends in the area. This spatial analysis provided insights into how land use surrounding the Rékos

Stream influenced water quality during the study period.

By integrating field-based water quality data with spatial LULC analysis, this study provided a
comprehensive assessment of the effects of the surrounding LULC on the water quality of the Rékos

Stream.



1.3 Objectives
1.3.1 Main objective
The main objective of this study was to investigate the effects of surrounding land use on water quality
in the Rakos catchment and analyze the relationships between different land use types and water

quality parameters.

1.3.2 Specific Objectives

To achieve the main objective, the study had the following specific objectives:

e To monitor and assess the physical and chemical water quality parameters of the Rdkos Stream
through field sampling.

e To evaluate the spatial distribution and extent of land use and land cover (LULC) types in the
Rékos catchment using GIS-based analysis.

e To simulate the hydrodynamics and water quality processes of the Rakos Stream using the

QUAL2K model, incorporating both field data and land use-derived pollutant loads.



2 LITERATURE REVIEW
2.1 Overview of the Land Use—Water Quality Relationship

Surface water quality is widely regarded as a key indicator of the environmental condition of a
watershed because it reflects the combined influence of natural processes and anthropogenic activities.
Among the drivers of water quality degradation, land use and land cover (LULC) change is of
particular concern due to its direct impact on runoff generation, pollutant loading, and the ecological

integrity of streams (Locke, 2024a; Zhang et al., 2020).

Changes such as urban expansion, deforestation, and intensive agriculture alter fundamental
hydrological processes, including infiltration, evapotranspiration, and overland flow. These
modifications influence the mobilization and transport of pollutants to water bodies in ways that vary
across spatial and temporal scales. Urbanization typically increases impervious surface coverage,
leading to greater stormwater runoff volumes and velocities, which mobilize a wide range of
contaminants such as nutrients, heavy metals, hydrocarbons, and microbial pathogens. In agricultural
catchments, excessive fertilizer application and poor land management practices contribute to elevated
nitrogen and phosphorus levels, promoting eutrophication and oxygen depletion (Hughes & Quinn,
2019; Malmgqvist & Rundle, 2002). However, the relative dominance of agricultural versus urban
sources remains contested in the literature: some studies identify agriculture as the principal driver of
nutrient loading (Welde & Gebremariam, 2017), while others report that urban non-point and point
sources can dominate in peri-urban catchments (Haldsz et al., 2007). Such discrepancies often arise
from differences in study scale, land management intensity, climate, and the timing of sampling,

highlighting the need for site-specific assessments.

Peri-urban and mixed-use watersheds such as the Rakos Stream catchment in Hungary present
additional complexity due to the mosaic of interacting land use types. Numerous studies have
demonstrated that localized variables — including slope, soil type, vegetation cover, and riparian
buffer width — can strongly mediate the impact of LULC on water (Masood et al., 2022; Mello et al.,
2018b; Taniwaki et al., 2017; Woldesenbet et al., 2017). Land use within riparian buffer zones,
typically within 100-300 m of a stream, often exhibits stronger correlations with water quality than
land use patterns measured at the entire watershed scale (Zhang et al., 2020). Furthermore, recent
findings indicate that spatial configuration and fragmentation of land cover can be as influential as the

overall composition. For example, Zhang et al. (2020) in the Daning River Basin, China, found that
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metrics such as Shannon’s Diversity Index (SHDI) and Landscape Shape Index (LSI) significantly
affected nutrient concentrations. Similarly, Locke (2024b) emphasized that preserving unfragmented
natural vegetation across entire catchments — rather than focusing solely on riparian zones — is

critical for reducing diffuse pollution.

Advances in environmental modelling have made it possible to quantify and predict the impacts of
LULC change under various management scenarios. Process-based models such as QUAL2K, SWAT,
WASP, and HSPF are widely used to link terrestrial processes with in-stream water quality dynamics.
SWAT, for example, is well-suited for large, data-rich catchments to simulate long-term hydrology
and pollutant export, whereas WASP offers greater flexibility for multi-dimensional water quality
simulations in lakes and estuaries. HSPF provides integrated hydrological and water quality modelling
for mixed-use catchments. In contrast, QUAL2K is particularly appropriate for small to medium-sized
rivers where steady-flow conditions and detailed longitudinal water quality dynamics are the focus
(Chapraetal., 2013). In the present study, QUAL2K was selected due to its ability to simulate spatially
explicit pollutant transport along the Rékos Stream, the availability of required input data, and the
need to integrate field monitoring results with modelled scenarios. Moreover, Hungary-focused
studies strengthen the regional relevance of the present research. For example, Saeed et al. (2024)
applied GIS-supported geochemical modelling, multivariate statistics, and Monte Carlo simulation to
assess surface water quality in the Hungarian sector of the Danube Basin, providing valuable insight
into pollutant sources and variability under different environmental conditions. Similarly, Horvat et
al. (2024) conducted hydrological modelling of the Magyaregregy experimental catchment in
Hungary using HEC-HMS 4.3, highlighting challenges in model validation, particularly in estimating
initial conditions. Although neither study applied QUAL2K, both illustrate the breadth of modelling
approaches implemented in Hungarian watersheds and offer methodological and regional insights that

complement the present study’s application of QUAL2K in the Rékos Stream catchment.

This review therefore establishes the conceptual basis for the integrated assessment undertaken in this
research, with emphasis on the influence of agricultural, urban, and forested land covers, as well as
the spatial configuration of land use and its seasonal variability, in determining pollutant delivery to

the Rakos Stream.



2.2 Impacts of Land Use and Land Cover on Surface Water Quality
Different land use types exert distinct influences on water quality through their effects on runoff
volume, erosion, nutrient input, and pollutant generation. Agricultural land use is consistently
associated with elevated concentrations of nutrients, particularly nitrate (NOs"), ammonium (NHa4"),
and phosphate (PO4*), due to fertilizer use, manure application, and soil disturbance. These nutrient
inputs can trigger eutrophication, algal blooms, and oxygen depletion, especially during the rainy
season when runoff intensifies. The impact of land use on water quality also varies depending on land
management practices, the intensity of land use, and seasonal patterns. For example, studies have
reported higher pollutant loads during the wet season in agriculturally dominated catchments, linked
to increased surface runoff and fertilizer application (K. L. de Oliveira et al., 2021; S M et al., 2017).
For instance, studies in Brazil and Ethiopia have reported higher nutrient loads in catchments
dominated by agricultural activities, with seasonal variation corresponding to rainfall and fertilizer

cycles (Mello et al., 2018a; Welde & Gebremariam, 2017).

Urban areas contribute a diverse range of pollutants, including heavy metals, hydrocarbons, and
pathogens, primarily through stormwater runoff from impervious surfaces such as roads and rooftops
(Lietal., 2012; Zheng & Hu, 2018). Rapid runoff in these environments not only transports pollutants
but also reduces infiltration and natural filtering. Research in Hungary and elsewhere has shown that
urban streams often exhibit higher levels of nitrogen, phosphorus, and chemical oxygen demand
(COD), indicating the influence of both point and diffuse sources (Halasz et al., 2007; Zhang et al.,
2020). Despite extensive research, there is still debate over whether urban or agricultural land use
exerts a stronger influence on stream water quality, as findings vary by region and scale (Donohue et

al., 2006).

In contrast, forested and semi-natural areas generally act as buffers that enhance water quality by
promoting infiltration, reducing surface runoff, and facilitating nutrient uptake through vegetation and
soils. Numerous studies have found inverse relationships between forest cover and nutrient
concentrations in stream water (Hughes & Quinn, 2019; Locke, 2024a). In the Hungarian context,
forested headwaters of the Rakos Stream have been associated with improved water quality, consistent

with similar observations across European catchments (Angyal et al., 2016).

Spatial configuration also plays a critical role in shaping water quality outcomes. Land use patterns
within riparian buffer zones, typically within 100 to 300 meters of streams, have been shown to exert

stronger influences on pollutant transport than overall catchment-level statistics (Zhang et al., 2020).
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Consequently, land use analyses that focus on proximity to streams offer more accurate predictions of
water quality impacts. In the present study, this approach was adopted through the use of CORINE
2018 data and buffer-based extraction upstream of each sampling site, following recent

methodological advances (Locke, 2024b; Taniwaki et al., 2017).

The effects of land use are further modulated by seasonal variations in rainfall, temperature, and
streamflow. During wet periods, increased runoff amplifies pollutant transport from both agricultural
and urban landscapes. In contrast, dry seasons are characterized by reduced dilution and potential
accumulation of organic pollutants. Studies have shown that the timing of peak pollutant loads often
coincides with seasonal patterns in land management and precipitation (Mello et al., 2018b; Welde &
Gebremariam, 2017), reinforcing the importance of capturing temporal dynamics in LULC—water

quality analyses.
In summary, the literature strongly supports that:

e Agricultural lands are key sources of nutrient loading, particularly nitrogen and phosphorus

compounds.
o Urban areas contribute a wide array of pollutants through rapid stormwater runoff.

o Forested and natural areas provide a mitigating effect through physical and biogeochemical

processes.
o Spatial arrangement, especially in riparian zones, significantly influences pollutant pathways.
o Seasonal variations are essential for understanding land use—water quality interactions.

These insights provide a robust scientific foundation for the current study's focus on buffer-scale
LULC analysis, seasonal data collection, and the application of process-based modeling to assess

pollutant dynamics in the Rakos Stream watershed.

Understanding water quality and its determinants is essential for assessing the environmental impacts
of land use and planning effective monitoring strategies. Surface water quality is typically evaluated
based on physical, chemical, and biological parameters in relation to ecological thresholds (Obilonu
et al., 2013). Degradation of water quality can result from a combination of natural processes and
anthropogenic pressures, including runoff, wastewater discharge, and landscape modification (Plessis

etal., 2014).



In catchment-scale studies, a crucial conceptual distinction is made between point sources and non-
point sources of pollution. Point sources refer to localized and identifiable discharges such as
municipal and industrial effluents, which can be measured and regulated directly (Puri et al., 2011).
In contrast, non-point sources are diffuse and difficult to trace, arising from urban and agricultural

runoff, atmospheric deposition, and surface erosion (Amlor & Alidza, 2016; Liang et al., 2013).

The Rékos Stream catchment presents both types of pollution due to its mixed land use pattern, making

this distinction particularly relevant for interpreting water quality dynamics in the study area.

2.3 Monitoring and Sampling Strategies
Effective assessment of land use impacts on water quality requires a robust monitoring framework
that captures spatial heterogeneity and seasonal dynamics (Chang et al., 2008; Halasz et al., 2007)
Poorly designed monitoring may fail to identify pollution sources or misrepresent the extent of land

use—water quality relationships.

2.3.1 Spatial Design

Monitoring stations should reflect the dominant upstream land use types and major hydrological
transitions. Several studies (Romano et al., 2018; Schauer et al., 2025) have emphasized placing
sampling points in zones representing agricultural, urban, and forested areas. In the Rakos and Galga
catchments, Halasz et al. (2007) implemented such a design to distinguish diffuse from point-source
pollution. Similarly, this study placed eight sampling sites along the Rakos Stream to ensure land use

variation was captured at relevant hydrological breaks.

2.3.2 Temporal Strategy

Seasonal variation in rainfall, temperature, and land use practices (e.g., fertilizer application)
necessitates regular sampling to capture pollutant fluctuations. Biweekly sampling, as adopted in this
study (2019-2021), has been recommended by studies such as Zhang et al. (2018) and Locke (2023),
allowing both baseflow and storm event responses to be observed. The dataset includes parameters
like NOs", NH4*, PO+*", DO, EC, pH, and temperature, which are all sensitive to land use-driven

changes.

2.3.3 Parameter Selection and Methodology
Nutrients (N, P), oxygen indicators (DO, BOD), and physical parameters (TSS, EC, pH) are widely

recognized as key indicators in LULC-WQ research (Faruq et al., 2025). While advanced sensors are
used in some contexts, manual grab sampling remains standard practice in long-term catchment

studies, particularly in small streams or data-limited contexts like this one.
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Surface water quality reflects a combination of physical, chemical, and biological characteristics
(Obilonu et al., 2013), and is influenced by both point and non-point pollution sources (Liang et al.,
2013; Puri et al., 2011). Major pollutants include nutrients, pathogens, and suspended solids,

originating from industrial discharge, agricultural runoff, and urban wastewater.

Effective monitoring is essential to detect spatial and temporal changes in water quality. Parameters
such as DO, pH, EC, temperature, and nutrients are often measured using field sensors or laboratory
analysis (Johnson et al., 2006). Both manual and automated techniques are employed, depending on

the study objectives and data availability.

In small streams such as Rakos, biweekly sampling ensures seasonal variability is captured.
Monitoring frequency, equipment, and site selection are all crucial for reliable assessments (Johnson

et al., 2006; Ribbe et al., 2008)

2.3.4 Regulatory Framework

The EU Water Framework Directive (WFD) mandates harmonized monitoring for achieving good
ecological status in surface waters (European Commission, 2000). Hungary has adopted this approach
by developing integrated monitoring plans, as noted by Halasz et al. (2007), with catchments like

Raékos and Galga serving as key case studies.

2.3.5 Data Integration

Combining water quality data with GIS-based land use information, hydrological measurements, and
meteorological variables enhances the interpretation of pollutant dynamics (Arslan, 2009; Masood et
al., 2022). In this study, stream discharge was calculated directly from field measurements of flow
velocity and channel width at each sampling station. Precipitation and temperature data were also
incorporated to capture seasonal variability and support dynamic modeling within the QUAL2K

framework.

2.4 GIS and Remote Sensing Applications in LULC—Water Quality Studies

The use of Geographic Information Systems (GIS) and remote sensing technologies has significantly
advanced research into the relationship between land use and surface water quality. These tools enable
spatially explicit analyses that are critical for understanding how various land cover types influence

pollutant generation, transport, and attenuation within catchments. Integrating geospatial datasets with
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field-based water quality measurements improves the interpretability of results and supports evidence-

based watershed management (Adami et al., 2012; Masood et al., 2022).

2.4.1 Buffer Analysis and Spatial Resolution

Recent studies emphasize the effectiveness of buffer-based land use analysis in identifying localized
pollutant sources. Rather than relying on whole-catchment averages, researchers often calculate land
use proportions within 100-500 meter buffers upstream of water quality sampling points (Mapili,

2005). This method enhances spatial specificity and improves correlation with stream water quality.

Following this approach, the current study delineated flow-relevant buffer zones based on stream
direction and topography. Land use proportions within each buffer were extracted using GIS tools and
linked with biweekly measurements of key water quality parameters. This enabled station-level

assessment of LULC impacts with greater precision than catchment-scale summaries.

2.4.2 Spatial Metrics and Landscape Structure

In addition to land use composition, GIS enables the derivation of spatial metrics that describe

landscape configuration and potential pollutant pathways. Commonly used indices include:
o Percentage of impervious surfaces, a key predictor of runoff volume and pollutant loads.
e Mean slope and elevation, which influence sediment transport potential.
o Distance from pollutant sources to the stream, affecting delivery efficiency.
o Land use fragmentation and connectivity metrics, which help assess cumulative impacts.

Incorporating such indicators, as done in Xu et al. (2021), improves the explanatory power of
statistical and modeling analyses and provides a more complete picture of land use—water quality

interactions.

2.4.3 Remote Sensing for Change Detection

Remote sensing supports the detection of land use change over time, which is particularly valuable in
urbanizing or agriculturally expanding regions. Time-series satellite imagery from platforms such as
Landsat or Sentinel-2 allows researchers to track deforestation, crop conversion, and urban sprawl and

relate them to changes in water quality trends.

While this study applied a static land cover dataset (CORINE Land Cover dataset), similar research

(Xu et al., 2021) demonstrates the utility of time-series analysis in explaining temporal shifts in
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pollutant levels. Future work could integrate multi-year land cover change detection to further explore

long-term impacts on stream quality.

2.4.4 Management and Policy Applications

Beyond scientific research, GIS-based outputs, such as land use maps, pollution hotspot identification,
and vulnerability mapping, are widely used by watershed managers and policymakers. These visual
tools help prioritize areas for intervention and support planning decisions such as riparian buffer
restoration or zoning restrictions. Scenario modeling using GIS is also increasingly used to predict the

outcomes of land use change or restoration projects on water quality.

In Hungary, the integration of GIS with water quality monitoring supports national compliance with
the EU Water Framework Directive. Haldsz et al. (2007) demonstrated how spatial land use analysis

contributed to the development of regional action plans and monitoring network optimization.
2.5 Statistical Approaches for Assessing LULC—Water Quality Relationships

Understanding the relationship between land use and land cover (LULC) and surface water quality
requires the application of appropriate statistical tools capable of handling multivariate, spatial, and
temporal data. Numerous statistical techniques have been employed in the literature to analyze the

strength and nature of LULC—WQ interactions (Arslan, 2009; Masood et al., 2022).

2.5.1 Pearson Correlation Analysis

Pearson correlation is often the first analytical step used to assess linear relationships between land
use percentages and individual water quality parameters. Its simplicity and interpretability make it a
popular choice for exploratory analysis. For example, Locke and Winter (2024) used Pearson
correlation to demonstrate a strong positive association between urban land cover and nitrate
concentrations in South African catchments. However, this method assumes linearity and is not

suitable for detecting non-linear interactions or accounting for multiple influencing factors.

2.5.2 Analysis of Variance (ANOVA)

ANOVA is frequently employed to test whether mean values of water quality indicators differ
significantly across land use types or seasons. Welde and Gebremariam (2017), for instance, used one-
way ANOVA to compare nutrient concentrations across agricultural, forested, and urban land covers
in Ethiopian watersheds. Their findings showed significant differences (p < 0.05), with higher nutrient

levels in agriculturally dominated areas. While widely used, ANOVA relies on assumptions of
12



normality and homogeneity of variance, and may not perform well when these assumptions are

violated.

2.5.3 Principal Component Analysis (PCA)

PCA is a multivariate technique used to reduce the dimensionality of large datasets by identifying
principal components that explain the greatest variance. This method is valuable for uncovering
patterns and grouping similar water quality parameters. In their study of the Three Gorges Reservoir
Basin, Zhang et al. (2020) applied PCA and found distinct clustering of nutrient-related parameters in
association with urban land use, revealing underlying gradients in water chemistry. However, because
PCA is an unconstrained technique, it does not explicitly incorporate external environmental variables

such as land use.

2.5.4 Redundancy Analysis (RDA)

Redundancy Analysis (RDA) is a constrained ordination technique frequently used in LULC—water
quality studies to assess how sets of environmental variables (e.g., land use composition, slope,
landscape metrics) explain variation in multiple water quality parameters (Mo et al., 2023; Ye et al.,
2009). In a study of the Daning River Basin in the Three Gorges Reservoir Region, Zhang, et al.
(2020) applied RDA to assess land use effects at multiple spatial scales. Their results showed that
watershed-scale land use had the strongest explanatory power in both wet and dry seasons, while
riparian land use within 200-500 m buffers was more influential during the wet season. Among the
predictors, water body percentage and Shannon’s Diversity Index (SHDI) were most closely
associated with nutrient levels, including TN, TDN, and TP. These findings highlight the utility of

RDA for capturing spatially and seasonally variable land use impacts on riverine water quality.

2.5.5 Regression Models

Multiple linear regression (MLR) and stepwise regression techniques are commonly employed to
predict water quality parameters based on land use metrics. These models enable researchers to
quantify the relative influence of different land use types (e.g., agriculture, urban, forest) while
accounting for potential interactions among variables. For example, Locke and Winter (2024b)
demonstrated how stepwise regression models could identify dominant land use predictors of nitrate

and phosphate concentrations in South African watersheds.
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While regression models offer flexibility and interpretability, they require careful assumption testing,
including normality, multicollinearity, and independence of residuals, and are typically more reliable
with large datasets. Moreover, when spatial metrics such as proximity to streams or slope are
incorporated, regression models become more robust in capturing the heterogeneity of landscape

influences.

Recent studies have increasingly combined regression with spatially explicit data extracted from GIS,
including percent impervious surface, buffer slope, and riparian land use composition. These
integrated approaches improve the ability to detect spatial patterns in pollutant concentrations and
inform land-use-based water quality management strategies (Aboelnour et al., 2021; Woldesenbet et

al., 2017).

Each statistical method contributes unique insights into the complex relationship between LULC and
surface water quality. Pearson correlation and ANOVA are effective for initial exploratory analysis
and hypothesis testing, whereas PCA and RDA offer deeper understanding of data structure and the
influence of multiple variables. Regression models, when appropriately designed, allow for robust
predictions and scenario evaluations. Combining these methods enhances analytical rigor and ensures

comprehensive interpretation of LULC-WQ interactions.

In this study, a combination of correlation analysis and ANOVA was employed to explore the linkages

between LULC and water quality parameters in the Rakos Stream catchment.

2.6 Water Quality Modeling Approaches: Focus on QUAL2K

Understanding land use impacts on surface water quality requires not only statistical correlation but
also process-based simulation of pollutant transport and transformation. QUAL2K, a one-
dimensional, steady-state water quality model developed by the U.S. Environmental Protection
Agency (Chapra, et al., 2013), provides a suitable framework for this purpose. It simulates flow,
temperature, dissolved oxygen (DO), nutrients (NHa*, NOs", PO+*), algal dynamics, BOD, sediment
oxygen demand (SOD), and pH, making it effective for streams with combined point and non-point

sources.

Several studies have applied the QUAL2K model to investigate how land use influences river water

quality under various environmental conditions. For instance, Santy et al. (2020) used QUAL2K to
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evaluate the combined effects of land use and climate change on water quality in the Ganges River
around the industrialized Kanpur region. Their findings underscored the model’s effectiveness in
capturing seasonal variations in nutrient concentrations and simulating pollutant transport in
urbanized river segments. Similarly, implemented the QUAL2K model to assess the spatial
distribution of pollutants in the Dez River, Iran, demonstrating how agricultural and urban inputs

impacted water quality parameters such as BOD and nutrient loads.

In Brazil, Bottino et al. (2010) calibrated the QUAL2K model in a micro-watershed to analyze the
influence of different land use types on stream water quality. Their study confirmed the model’s
capacity to simulate nutrient dynamics in response to varying landscape configurations. In Vietnam,
Nguyen et al. (2019) developed an integrated modeling approach by coupling SWAT and QUAL2K
to simulate both watershed hydrology and in-stream water quality. This integration proved valuable
in data-scarce regions by enhancing spatial resolution and accuracy of nutrient transport predictions.
Broader reviews by Yong and Chen (2002) and Hossain (2017) also support the use of QUAL2K as
a practical and widely adopted tool for linking land use patterns to water quality outcomes in stream

systems.

Overall, QUAL2K has demonstrated its suitability for modeling land use—driven water quality
changes in small to medium-sized streams, particularly due to its flexibility in simulating nutrient
cycles and dissolved oxygen dynamics. Its relatively simple structure, ease of calibration using
biweekly field measurements of discharge, temperature, and pollutant concentrations, and proven
success in both agricultural and urban settings have contributed to its widespread adoption (Bottino et
al., 2010; Samaneh Abdeveis et al., 2020; Santy et al., 2020). Moreover, the model’s compatibility
with low-data environments and regulatory requirements, such as those defined by the European
Union Water Framework Directive, makes it a practical choice for research and policy contexts. In
the present study, QUAL2K was applied to simulate water quality along the Rakos Stream based on
empirical measurements collected from eight monitoring stations. The model was calibrated and
validated using data from 2019 to 2021, showing strong agreement with observed values and enabling
spatial and seasonal interpretation of nutrient and dissolved oxygen patterns under varying land use

conditions.
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2.7 Knowledge Gaps and Research Contribution
Although numerous studies have explored the impact of land use and land cover (LULC) on surface
water quality, several methodological and spatial-temporal limitations persist, particularly in the
context of small peri-urban catchments in Central and Eastern Europe. Much of the existing research
tends to focus on large-scale basins or highly regulated systems, often overlooking the fine-scale
dynamics in smaller tributaries that may be more sensitive to land use pressures and local pollutant
inputs. One of the key gaps in the literature is the limited integration of spatial, statistical, and process-
based modeling approaches within a single framework. While many studies utilize remote sensing and
GIS to classify LULC, they often fail to directly couple these land use patterns with in-situ water
quality data or dynamic modeling. Conversely, modeling studies using tools such as QUAL2K
sometimes rely on default parameters or secondary input data without field-based calibration, thereby
limiting their ecological validity. Furthermore, the use of buffer-based LULC analysis, despite being
recognized as more representative of local influences, is still not widely adopted in European research,

where catchment-averaged metrics remain prevalent.

Another underexplored area is the incorporation of seasonal variability in assessing land use impacts.
Studies employing annual or seasonal averages may obscure the short-term fluctuations in pollutant
loads driven by rainfall events, agricultural practices, or changes in hydrological connectivity.
Consequently, the nuanced relationships between land use and water quality across seasons remain

poorly understood in many European catchments.

This study addresses these gaps by implementing a multi-method approach in the Rakos Stream
catchment, a small, mixed-use watershed in the urbanizing region of Pest County, Hungary. The
research integrates two years of biweekly field data with GIS-based analysis, statistical tools such as
Pearson correlation, ANOVA, and dynamic water quality modeling using QUAL2K. Unlike previous
studies, it places emphasis on localized LULC metrics, field-calibrated inputs, and seasonal water

quality dynamics across a complete hydrological cycle.

Understanding the complex relationship between land use dynamics and water resources is essential
for sustainable environmental management. This study contributes to the literature by assessing both
water quality and quantity aspects in a peri-urban basin with heterogeneous land use. Specifically, the
Rakos Stream catchment includes agricultural, forested, and urbanized areas, making it a

representative case for analyzing diverse LULC influences.
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The research integrates water quality modeling (QUAL2K), statistical analysis (correlation and
ANOVA), and GIS-based analysis, offering a comprehensive view of pollutant dynamics. Findings
from this study are expected to inform evidence-based land use planning and environmental policy,
supporting the goals of the EU Water Framework Directive. Additionally, the research methodology

can be adapted to similar data-limited regions undergoing urbanization.
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3 MATERIALS AND METHODOLOGIES
The primary aim of this research was to evaluate the influence of land use on water quality in the
Rékos Stream in Hungary and to investigate the relationship between selected water quality indicators

and the surrounding land use characteristics.

This chapter presents the methodological framework used in the study, including an overview of the

study area, sampling design, analytical methods, and modeling techniques.

3.1 Description of the Study Area
The Rakos Stream is a small watercourse located in central Hungary, extending approximately 44.3
kilometers in length and averaging 1 to 3 meters in width. It has a drainage area of approximately 185
km? and originates from the G6dollé Hills, flowing into the Danube River north of Budapest, the
largest river in Hungary. The streambed exhibits a mix of natural and artificial characteristics: the
lower 22 kilometers, extending from the mouth to the edge of Budapest, are lined with concrete,
pebbly, and rocky bed. The banks of the natural bed section are occupied by various plant species.
Due to its proximity to the capital, the Rdkos Stream flows through a range of land use zones, including
residential neighborhoods, industrial facilities, agricultural lands, and forested areas. Agricultural
activities are found around the source, and numerous fishponds that contribute wastewater are situated
between Pécel and G6dollé. Additionally, a milk factory at the boundary of Budapest and G6dollo

discharges wastewater into the stream (Figure 3-1).
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Figure 3-1 Study area location and sampling sites in the Rikos Catchment, Hungary
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3.2 Conceptual Model

The conceptual framework of this study provides an overview of the integrated approach used to
evaluate the influence of land use and land cover (LULC) on water quality in the Rakos Stream

catchment.

As illustrated in Figure 3-2, the framework combines spatial datasets, field measurements, and

analytical methods within a unified structure.

LULC classifications, derived from the CORINE database, were used to generate land use maps and
delineate the watershed and river network. Field-based water quality monitoring campaigns provided
data on both physical parameters (e.g., water temperature, dissolved oxygen) and chemical parameters
(e.g., nitrate, ammonium, phosphate). Streamflow records were also compiled to support

hydrodynamic and water quality modelling.

These datasets were integrated and analyzed using statistical methods—both univariate and
multivariate—to identify patterns in water quality and their relationships with surrounding LULC. In
parallel, the process-based QUAL2K model was applied to simulate present-day conditions in the

stream and quantify the influence of land use on selected water quality indicators.

Overall, the conceptual model served as a methodological roadmap, linking data sources with
analytical and modelling components, and guiding the systematic evaluation of LULC impacts on

water quality in the study area.
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Figure 3-2 The conceptual model within the theoretical framework of the study

3.3 Sampling Design
A well-structured sampling design was developed prior to field data collection to ensure
methodological consistency and spatial coverage. The subsequent subsections detail the main
components of the design, including site selection, sampling frequency and duration, and the measured

water quality parameters.

3.3.1 Sampling Site Selection

Eight sampling locations were strategically selected along the Rékos Stream to represent the spatial
variation in water quality conditions. Site selection was informed by the dominant land use patterns
and proximity to known or suspected pollution sources within the catchment. Table 3-1 summarizes

the key characteristics of each sampling point.
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Table 3-1 Characteristics of the Rakos stream sampling points

Sampling Location Land Use Key Features

Point

Point-01 Downstream, Residential, artificially Slightly sloping, little turbulence
Budapest paved

Point-02 Régi akadémiatelep  Urban, artificially paved Road bridge, downstream of

bridge

Point-03 Pécel Agricultural, weir Wastewater treatment plant, odor

Point-04 Pécel Forested Steep, rocky bed, high turbulence

Point-05 Isaszeg Forested, agricultural Coarse sand bed, retaining wall

Point-07 G6dollo Urban, artificially paved Footbridge

Point-08 Upstream Pond, vegetation Flat, shallow conditions

The geographic coordinates of each sampling point were recorded using a global positioning system

(GPS) to ensure the consistent sampling locations throughout the study period.

3.3.2 Sampling Frequency and Duration

Sampling was conducted over a two-year period from November 2019 to October 2021, with samples
collected every two weeks at eight fixed sampling sites. To ensure consistency, all samples were taken

in the morning at approximately 8:15 AM.

3.3.3 Water Quality Parameters

At each sampling location, the following water quality parameters were assessed to provide a

comprehensive profile of stream health:

Physical parameters: Temperature, electrical conductivity, EC, pH, and dissolved oxygen
Chemical parameters: Ammonium, phosphate, nitrate, and nitrite

Biological parameters: Chlorophyll-a

All physical and chemical parameters were measured in situ using portable field instruments to ensure

data accuracy and consistency.

3.3.4 Sampling Procedures

The sampling protocol followed a standardized sequence of field operations to ensure consistency and

data integrity:

e Flow conditions, site characteristics, and sampling time were recorded at each location.
e Collection of water samples in a clean, rinsed bucket, after rinsing the bucket with the

sampled water.
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¢ In-situ measurement of temperature, pH, electrical conductivity, and dissolved oxygen using
portable field instruments.

e Measurement of chlorophyll-a using a portable algae torch instrument.

e Measurement of ammonium, nitrate, nitrite, and chloride concentrations using a compact

photometer.

To ensure the accuracy and consistency of the measurements, various quality control measures were
taken, such as washing the sampling equipment with distilled water between measurements and
following the specific protocols and standard operating procedures for each water quality parameter.
Table 3-2 summarizes the instruments and standardized analytical methods employed for each water

quality parameter.

Table 3-2 Instruments and Standardized Analytical Methods Used for Water Quality Measurements

Parameter Measuring Instrument Standard Method Unit
Number
Temperature Adwa, pH, conductivity, TDS and temperature =~ AD14 PH/ORP °C
meter
Dissolved oxygen DO meter AD 630 %
Electric Electric conductivity sensor DiST 3 (HI 98303) us
Conductivity
Ammonia Compact photometer PF-12Plus mg/l
Nitrate Compact photometer PF-12Plus mg/l
Nitrite Compact photometer PF-12Plus mg/l
Chloride Compact photometer PF-12Plus mg/l
pH Adwa, pH, conductivity, TDS and temperature =~ AD14 PH/ORP
meter
Chlorophyl —a Algae Torch (bbe) AT01009-156 mg/l

3.4 GIS-based Water Quality Assessment
QGIS version 2.18.15 was used for data input, spatial analysis, and mapping tasks throughout the
study. Sampling locations were identified using Google Earth. A geodatabase was developed to store
water quality parameters and the river network. Spatial analyses, interpolations, and map
visualizations were performed using QGIS plugins. Sub-catchments were delineated for each

sampling point, and the surrounding LULC was correlated with site-specific water quality data.

3.4.1 GIS Mapping Procedure
The Inverse Distance Weighted (IDW) interpolation method, available in QGIS, was used to

interpolate water quality data. Field-sampled water quality data from eight locations were compiled

in Excel and exported as a shapefile. The mean values of each parameter at the sampling points were
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used to interpolate the raster cells, with the river network serving as a spatial mask. Raster cells within
the Rékos watershed were interpolated based on these inputs, producing a spatial representation of
water quality. Water quality classes were determined from the spatial distribution of pollutants and

displayed in map legends corresponding to each parameter's value range.

3.4.2 GIS Interpolation

Spatial interpolation was performed using the Inverse Distance Weighting (IDW) method available in
QGIS. IDW is a deterministic technique widely applied in environmental and geospatial studies for
modelling continuous spatial data. It assumes that nearby points exert greater influence on an unknown
location than those farther away, and estimates unknown values based on the proximity-weighted
average of known samples (Jones et al., 2003). Estimation of unknown values is based on the
proximity-weighted average of known sample points. The formula for IDW interpolation is presented

in (Equation 1):

Equation 1: 2(Xo) = X1z (x;).dij—p/ Xy dij—p

where, Z is the interpolated value of a grid node, Zi are the neighboring data points, and dij are the

distances between the grid node and data points.

The IDW method was selected due to the spatial configuration of the monitoring network, consisting
of eight sampling sites arranged linearly along the Rdkos Stream, with biweekly sampling conducted
over two years. Geostatistical techniques such as kriging typically requires a denser and more spatially
dispersed network to ensure stable variogram modelling and reliable predictions. Spline doesn’t need
a variogram, but with few and linearly arranged points, it can over-smooth the results or produce
unrealistic values. In contrast, IDW does not rely on variogram modelling, making it more suitable

for datasets with limited, transect-aligned sampling points.

3.4.3 Accuracy Assessment

The accuracy of interpolation was evaluated using cross-validation methods. A leave-one-out
approach (also known as jackknifing) excluded each data point in turn and estimated its value using
the remaining data. The predicted values were then compared to the actual observations, and the
discrepancies were assessed using cross-validation metrics (Wilk, 2006). This process was repeated
for all data points, where n represents the total number of samples. The resulting metrics served as
diagnostic tools to determine the reliability and appropriateness of the interpolation technique for map

generation (Tanjung et al., 2022). Cross-validation outputs were generated using the Geostatistical
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Analyst Toolbar in ArcGIS 10.3, providing diagnostic metrics and exploratory analysis (Wu et al.,
2021).

Two cross-validation metrics were used to quantify the accuracy of interpolation: Mean Error (ME)
and Root Mean Square Error (RMSE) (Shen et al., 2015). ME represents the average difference
between predicted and actual values, while RMSE provides a measure of overall prediction accuracy,
accounting for both variability and extreme values (Njeban, 2018). These metrics were computed

using the following formulas (Equation 2 and 3):

Equation 2: RMSE= \/% YN ((xi)-z(xi))?

Equation 3: ME = %2?’:1(2 (x;) — z(x;))

3.5 Statistical Analysis
3.5.1 Data Preparation and Quality Control
Water quality data from the Rékos Stream were collected at eight sampling sites, representing varying
upstream land use types. For statistical analysis, the biweekly data were averaged to obtain monthly
values. The dataset included temperature (°C), dissolved oxygen (DO, mg/L), nitrite (NO2, mg/L),
nitrate (NOs, mg/L), chloride (CI-, mg/L), ammonium (NH4*, mg/L), pH, orthophosphate (PO+*",
mg/L), and electrical conductivity (EC, uS/cm). Prior to statistical analysis, the dataset was screened
for data quality. Missing values were handled using listwise deletion to ensure consistency across
analyses. Outliers were identified using both boxplot inspection and standardized Z-scores (|z| > 3)

and were excluded from the final dataset.

3.5.2 Normality and Transformation

The distribution of each variable was examined using the one-sample Kolmogorov—Smirnov (K-S)
test, with both test statistics (D) and p-values reported. Where the assumption of normality was
violated (p < 0.05), data were logio-transformed in accordance with Kim et al. (2014) to approximate
a normal distribution. The normality of transformed variables was reassessed using the K-S test prior

to further analysis.
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3.5.3 Homogeneity of Variance

For all parametric tests, the assumption of homogeneity of variances was evaluated using Levene’s
test (o = 0.05). Variables violating this assumption were analyzed using Welch’s ANOVA, which does

not require equal variances.

3.5.4 Correlation Analysis

Relationships between land use proportions and individual water quality parameters were evaluated
using Pearson’s correlation coefficient (1), with significance determined at a = 0.05 (two-tailed). When
data did not meet the assumptions of Pearson’s test even after transformation, Spearman’s rank

correlation (p) was applied.

3.5.5 Analysis of Variance (ANOVA)

Spatial differences in water quality among the seven sites were tested using one-way ANOVA for
variables meeting both normality and homogeneity assumptions. Welch’s ANOVA was applied for
variables with unequal variances. Significance was set at a = 0.05. When significant differences were
detected, post-hoc comparisons were conducted using Tukey’s Honestly Significant Difference (HSD)
test for equal variances and Duncan’s Multiple Range Test for unequal variances, following the

procedures outlined in Simedo et al. (2018) and Li and Wu (2019).

3.5.6 Temporal Aggregation

All analyses were conducted separately on monthly and seasonal averages to capture intra-annual
variation in water quality. Seasonal averages were computed according to climatological definitions:

winter, spring, summer, and autumn.

3.6 Assessing the Impact of Land-Use Types on Nutrient and Flow Dynamics
Using QUAL2K Model

3.6.1 Model Description
The QUAL2K model was applied to simulate water quality conditions along the Rékos Stream in

Hungary. QUAL2K is a one-dimensional, steady-state model developed by the U.S. Environmental
Protection Agency for stream water quality simulation. It divides the stream into segments and
calculates changes in water quality based on mass balance equations and reaction kinetics. The model
simulates key processes such as reaeration, nutrient cycling, nitrification, and sediment oxygen

demand.
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This study configured the model to simulate core parameters such as streamflow, dissolved oxygen

(DO), ammonium (NH4"), and phosphate (PO4+*).

3.6.2 Model Inputs
3.6.2.1 River Geometry

The modeled reach of the Rakos Stream extends for 30.73 km, from the headwaters near G6dollo6 (222
m elevation) to the outlet (122 m elevation). The river was divided into seven computational segments
to account for inflows, tributaries, and abstraction points. Geometric and topographic information was

derived from digital elevation models (DEM) and topographic maps.

Seven key nodes were established along the mainstem to represent hydrology and pollutant dynamics

(Figure 3-3):

e Go6dollé (km 32.50) — headwater entry, no lateral inflow or abstraction (0.000 m?/s lateral,
0.030 m?/s baseflow).

e Isaszeg (km 30.00) — mainstem headwater, zero lateral inflow, 0.040 m?/s baseflow

contribution.
e Pécel (km 23.00) — mid-reach node, zero lateral inflow, 0.015 m?/s baseflow.
e Tributary2 (km 19) — a modeled reach with zero lateral inflow, 0.250 m?/s baseflow.
e Tributaryl (km 1.50) — small tributary inlet supplying 0.300 m?3/s, no baseflow abstraction.
e Abstraction Point (km 23) — regulated withdrawal of 0.050 m?*/s, no lateral inflow.
e Tributary3 (km 19.5) — downstream reach, zero lateral inflow, 0.030 m?/s baseflow.

These nodes captured both lateral inflows and human withdrawals, forming the structure of the
distributed hydrological and water quality model. This detailed spatial setup—from agricultural
headwaters to urban areas—enabled accurate calibration with field data and supported thorough

analysis of how land use affects flow and pollutant movement.

In addition to inflows, outflows, and abstraction points, key hydraulic structures (e.g., weirs,
sedimentation basins, and step-pools) were identified along the Rédkos Stream and incorporated into
the QUAL2K setup. Their locations were geo-referenced using kilometer stationing, ensuring that the

model representation captured the influence of these structures on flow regulation, mixing processes,
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and residence time.
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Figure 3-3 QUAL2K Reach Network for Réakos Stream

3.6.2.2 Hydrological Data

Observed streamflow data were used to characterize baseflow conditions and provide upstream

boundary values. These measurements also supported calibration and validation of the model.

3.6.2.3 Meteorological Data

Daily air temperature and precipitation data were obtained from the Hungarian Meteorological
Service, Meteorological Data Archive (https://odp.met.hu/). Air temperature data were used to
estimate water temperature and simulate processes such as reaeration and decay, while precipitation
records provided inputs for estimating non-point source runoff and lateral inflows. Two representative
months were selected: July 2021 (the wettest month) for calibration and June 2021 (the driest month)

for validation, thereby covering contrasting hydrological regimes.

3.6.2.4 Land Use Data
Land use and land cover maps of the study area, obtained from the CORINE Land Cover dataset, were
reclassified into three primary categories: agricultural, artificial, and forest/semi-natural area. These

reclassified datasets were then used to calculate non-point source runoff and pollutant contributions.
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Each group encompassed specific CLC codes that denote particular land cover characteristics. The
total area for each group was quantified in both square meters and hectares, and its proportional share
was calculated relative to the study area’s total size (190,060,656.6 m?) (Error! Reference source

not found.). This classification provides a foundational understanding of the spatial distribution of
Main Category CLC _CODEC(s) Included Area (m?) Area (ha) % of Total

211 (Non-irrigated arable land)

221 (Vineyards)

222 (Fruit trees)

231 (Pastures)

242 (Complex cultivation)

243 (Agro-natural mix)

112 (Urban fabric)

121 (Industrial units)

122 (Transport)

132 (Dump sites)

141 (Green urban)

142 (Leisure)

311 (Broad-leaved forest)

312 (Coniferous)

Forest & semi-natural 313 (Mixed) 47,032,856  4,703.29 24.74%
321 (Grasslands)
324 (Woodland-shrub)

Agricultural areas 52,972,918 5,297.29 27.88%

Artificial surfaces 90,286,036  9,028.60 47.48%

land cover, which is essential for hydrological analysis and runoff estimation.

Table 3-3 Land use classification and area distribution

3.6.2.5 Non-point Source Runoff Estimation Across Land use Categories
Surface runoff from different land use types was estimated as non-point sources contributing to
hydrological flows. Unlike point sources, these inputs originate from diffuse areas and are controlled

mainly by land cover, rainfall, and surface characteristics.

Land use maps obtained from the CORINE Land Cover dataset were reclassified into three categories:

agricultural, artificial, and forest/semi-natural.
Runoff volumes were calculated using the standard equation (Equation 4):

Equation4:  Runoff Volume (m?) = Area (m?) x Rainfall (m) x Runoft Coefficient

In this equation, 'Area' denotes the land surface covered by each land use type. 'Rainfall' refers to the
precipitation depth over the period, given in meters. 'Runoff Coefticient' is a unitless value between 0
and 1 that reflects land surface properties like vegetation, infiltration capacity, and slope, influencing

how much rainfall becomes runoff. To convert runoff volume into discharge, the following formula is
28



used:

Runof f Volume (m?)

Time (s)

Equation 5: () (m3 /S) =

To reflect differences in land surface properties, runoff coefficients were assigned based on each land
use category. In natural and agricultural areas, coefticients ranged from 0.10 to 0.20, indicating high
infiltration and minimal surface sealing. Conversely, in urban and semi-urban zones characterized by
impermeable surfaces like roads and buildings, coefficients ranged from 0.30 to 0.60, depending on

development intensity (Error! Reference source not found.).

Table 3-4 Estimated Runoff and Manning’s Roughness Coefficients by Land Use Type

Parameter Area Type Value

Runoff coefficient Natural / Agricultural areas 0.10—0.20
Runoff coefficient Urban / Semi-urban areas 0.30-0.60
Manning’s roughness coefficient (n) Natural areas 0.03—-0.05

For hydraulic modelling and flow resistance calculations, Manning’s roughness coefficient (n) was
also applied where necessary. In natural channels or vegetated areas, a Manning’s n value between
0.03 and 0.05 was assumed, accounting for vegetation density, irregular banks, and natural
obstructions (Table 3-4). The selection of these values was guided by the literature review. These
parameters provide the necessary basis for estimating both the volume and velocity of runoff,

particularly in flood-prone or hydrologically sensitive regions.

The composition of land use categories, their associated hydrological parameters, and the estimated
runoff volumes for July 2021 (the wettest month, with a total precipitation of 34.7 mm) are

summarized in Table 3-5.

Table 3-5 Estimated Runoff Volume by Land Use Type Using Rainfall and Runoff Coefficients

Runoff Precipitation m3/s
2 3
Land Use Area (m?) Coefficient (m) Runoff Volume (m?)
. 52,972,918 x 0.0347 x 0.103
Agricultural areas 52,972,918 0.15 0.0347 0.15 = 275.642.4
e 90,286,036 x 0.0347 x 0.527
Artificial surfaces 90,286,036 0.45 0.0347 0.45 = 1,410,741.6
Forest & semi-natural 47,032,856 0.15 0.0347 47,032,856 x 0.0347 > 0.0914

0.15=245,073.3
The estimated discharges from each land use category were incorporated into the QUAL2K model as

lateral inflows, representing non-point source contributions along the modeled reaches.
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3.6.2.6 Estimation of Point Source Runoff Based on Population
Municipal wastewater discharges from G6doll6, Isaszeg, and Pécel were represented in the model as
point sources. Wastewater generation was estimated using population data and a standard per capita
wastewater production rate of 160 L/person/day (WHO, 2006), as summarized in (Table 3-6).
Pollutant loads were then calculated using the QUAL2K default pollutant concentrations (Table 3-7)

and the following equation:

Equation 6 Pollutant loading (ng/s) = Concentration (ug/L) % Discharge (m3/s) x 1,000

Table 3-6 Point Source Wastewater Estimation Using Population Data and Per Capita Generation Rate

City Population = Wastewater Production (m*/day) Wastewater per Capita (L/day)
Isaszeg 11,640 1,862.4 160

Pécel 17,377 2,780.3 160
Godollo 32,524 5,203.8 160

Table 3-7 Default Mean Concentrations of Wastewater Pollutants Used in QUAL2K Model Inputs

Parameter Mean Value Unit (QUAL2K)
Inorganic Suspended Solids 50,000 ug/L
Dissolved Oxygen (DO) 500 ug/L
Organic Nitrogen 25,000 pug N/L
Ammonia Nitrogen (NH+—N) 35,000 ug N/L
Nitrate + Nitrite Nitrogen 500 pug N/L
Organic Phosphorus 4,000 ug P/L
Inorganic Phosphorus (PO+—P) 6,000 ug P/L
Detritus 150,000 ug/L
Pathogen Indicator Bacteria 1.0 x 10° CFU/L
Alkalinity (as CaCOs) 150,000 ug/L
Total Nitrogen (TN) 60,000 ug N/L
Total Phosphorus (TP) 10,000 ug P/L
Total Suspended Solids (TSS) 200,000 ug/L
pH 7.2 s.u.

This approach enabled the quantification of pollutant contributions from municipal point sources,

which were incorporated into the overall model framework together with non-point source inputs.

3.6.2.7 [Initial Conditions
Initial concentrations of key water quality parameters were defined using observed or estimated field

data collected at the start of the simulation period:

e Dissolved Oxygen (DO): Assigned to represent natural background concentrations in the

upstream section.
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e Ammonium (NH4") and Phosphate (PO+*"): Estimated using baseflow conditions with minimal

upstream anthropogenic influence.

3.6.2.8 Boundary condition

The QUAL2K model incorporated both upstream and downstream boundary conditions to define the

hydraulic and water quality characteristics of the stream segment.

Upstream Boundary (Headwater):
At the upstream boundary near G6dollo, the model was initialized with flow rate and water quality
concentrations for key parameters such as dissolved oxygen (DO), ammonium (NH4"), and phosphate

(PO+*), based on observed field data.

Downstream Boundary:
The downstream boundary was treated as a free outflow condition. No backwater effects or hydraulic
constraints were assumed at the outlet, allowing water and pollutant transport to exit the modeled

domain freely.

3.6.2.9 Lateral information

To realistically represent the pollutant dynamics along the Rakos stream, several lateral inflows and
point sources were integrated into the QUAL2K model.

e Point Sources: Municipal wastewater discharges from the towns of G6dol16, Isaszeg, and Pécel
were modeled as point sources. These inflows contributed nutrients and organic matter to the
stream, influencing concentrations of biochemical oxygen demand (BOD), ammonium,

phosphate, and other parameters.

e Lateral Inflows: Three smaller tributaries were modeled as lateral inflows entering the main
stream at different locations. Each tributary was represented with specific flow rates and associated
pollutant concentrations. These lateral sources provided additional water and pollutant loads,
affecting the water quality in localized sections of the stream. Each source was spatially and
hydrologically positioned along the modeled reaches and calibrated to reflect field observations

of flow and pollutant levels.
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3.6.3 Model Calibration

The model was manually calibrated by adjusting pollutant loads and rate coefficients to align with
observed water quality data along the stream. The calibration was done using data from July 2021,
which was the wettest month with high flows and strong influence of runoff from both urban and

agricultural areas.

During the calibration process, key model parameters related to pollutant decay and reaeration were
adjusted to achieve the best fit between simulated and observed values. Table 3-8 presents the final
calibrated values for ammonium decay rate (k_NHa (1/day), phosphate decay rate (k POa (1/day), and
reaeration coefficients (1/day) for each reach. Initial values were set based on literature and QUAL2K
default parameters, then iteratively modified within realistic ranges to minimize the NRMSE for

dissolved oxygen, ammonium, and phosphate at all sampling points.

These values represent the final configuration of the model used for both calibration and validation

runs.

Table 3-8 Calibrated Parameter Values for QUAL2K Model in the Rakos Stream

Reach k NH, (1/day) k PO, (1/day) Reaeration Coef. (1/day)
1 0.35 0.25 1.8
2 0.32 0.22 1.7
3 0.30 0.20 1.6
4 0.28 0.18 1.5
5 0.27 0.16 1.4
6 0.26 0.15 1.3
7 0.25 0.14 1.2

3.6.4 Model Validation

The validation was conducted using data from June 2021, representing the driest month with low
flows and minimal runoff influence, to test the model under contrasting hydrological conditions. No
parameter adjustments were made after calibration; the calibrated parameters were applied unchanged
to the validation dataset to ensure an independent assessment. Model performance was evaluated using
the NRMSE for dissolved oxygen, ammonium, and phosphate across all sampling points. This
approach allowed for a robust assessment of the model’s predictive capability under different seasonal

conditions.
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3.6.5 Model Evaluation Using NRMSE

To assess the performance of the calibrated QUAL2K model, the Normalized Root Mean Square Error
(NRMSE) was used as the primary evaluation metric. Unlike RMSE, which is influenced by the scale
and units of the observed data, NRMSE standardizes the error by dividing it by the mean of the
observed values. This produces a dimensionless value, allowing for meaningful comparisons across

different variables and units.

The NRMSE was calculated using the following formula:

RMSE
Mean of Observed Data

Equation 7: NRMSE =

This approach allowed for consistent evaluation of how well the model predicted concentrations of
water quality parameters such as DO, ammonium, and phosphate across all sampling locations. A

lower NRMSE value indicates a better model fit and greater predictive accuracy.

3.6.6 Load Contribution Analysis in the Rakos Stream

To quantify the contribution of different land use categories to pollutant loads in the Rakos Stream,
GIS-based land use data were integrated with the calibrated QUAL2K model. Each land use type was
assigned pollutant input values according to its area and typical nutrient characteristics. The QUAL2K
model was then used to simulate the transport and transformation of these inputs along the stream
network, accounting for flow conditions, mixing processes, and in-stream transformations. Model
outputs were subsequently analyzed to determine the total pollutant load attributable to each land use

type, which was expressed as a percentage of the overall catchment load.

This chapter presented the integrated methodological approach adopted in this study to investigate the
relationship between land use and water quality in the Rakos Stream catchment. A multi-step
framework was developed that included field-based water quality monitoring, GIS-based land use
analysis, statistical evaluation, and hydrodynamic—water quality modeling using QUAL2K.

Water quality data were collected over a two-year period at eight sampling points selected to represent
various land use conditions and pollution sources. These data included physical, chemical, and
biological parameters. CORINE land cover datasets were used to assess land use change from 1990
to 2018, while GIS tools were applied to delineate sub-catchments, visualize spatial patterns, and

estimate non-point source runoff contributions.
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Statistical techniques such as Pearson’s correlation and ANOVA were used to analyze spatial and
seasonal variations, and to explore the relationships between land use/land cover and key water quality
parameters. Finally, the QUAL2K model was applied to simulate the hydrodynamic and water quality

behavior of the stream, integrating point and non-point source pollutant loads.

This combined approach provided a comprehensive understanding of the spatial and temporal effects
of land use on stream water quality, forming the foundation for the subsequent analysis and discussion

of results in the following chapter.
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4 RESULTS AND DISCUSSION
This chapter presents the results of spatiotemporal variations in water quality across the Rakos Stream
catchment over a two-year monitoring period (2019-2021). It integrates field-based measurements
with spatial interpolation (Inverse Distance Weighting — IDW)), statistical analyses, and process-based
modeling using QUAL2K to examine how land use and hydrological dynamics influence pollutant

behavior in the catchment.

First, spatial and seasonal variations in water quality parameters—such as ammonium, nitrate,
phosphate, dissolved oxygen, total dissolved solids, and chlorophyll-a—are analyzed across eight
sampling sites using GIS-based mapping and descriptive statistics. IDW interpolation is applied to

visualize the spatial patterns of water quality across the catchment.

Second, land use and land cover (LULC) dynamics from 1990 to 2018 are evaluated to reveal trends
in urbanization, agricultural expansion, and forest loss. The impact of these changes on water quality
is then assessed through correlation analysis (Pearson and ANOVA) to quantify relationships between

specific land use types and pollutant concentrations.

Finally, the QUAL2K model is employed to simulate hydrodynamics and water quality processes
under current land use conditions. The model is calibrated and validated using observed field data,
and applied to estimate pollutant loads from different land use types, assess in-stream attenuation

zones, and evaluate the role of hydraulic structures in pollutant reduction.

Together, these analyses provide a comprehensive understanding of the factors shaping water quality
in the Rakos Stream. The results offer evidence-based insights to support watershed planning, land

use management, and future water quality monitoring efforts in similar peri-urban catchments.

4.1 Spatiotemporal patterns of water quality parameters
This section describes the spatial and temporal variability of key water quality parameters including
pH, dissolved oxygen (DO), electrical conductivity (EC), and nutrient concentrations across the eight

sampling locations from November 2019 to October 2021.

The results show clear seasonal and spatial differences in water quality conditions. Some parameters
exhibit recurring seasonal trends (e.g., higher nutrient levels during warmer months), while others

reflect spatial heterogeneity based on land use types surrounding each site. For example, urban and

35



agricultural areas are generally associated with higher nutrient and EC levels, whereas forested and

natural areas tend to exhibit more stable and favorable water quality conditions.

Temporal variations across the sampling period indicate the influence of seasonal runoff, agricultural
cycles, and possibly wastewater discharge patterns. Meanwhile, spatial differences suggest that land

use and local pollution sources are key drivers of water quality dynamics.

Understanding these spatiotemporal patterns is essential for identifying hotspots of pollution,
evaluating the influence of land use, and developing site-specific management strategies to improve

water quality.

4.1.1 Analysis of NHs"Concentrations

Figure 4-1 presents the spatiotemporal distribution of ammonium (NH4") concentrations across eight
sampling locations along the Rakos Stream during the monitoring period from November 2019 to
October 2021. Overall, the dataset reveals substantial temporal fluctuations and spatial variability in
NH4" levels, with concentrations ranging from near-background values to peaks exceeding 3.5 mg/L.
The timing and magnitude of these peaks differ notably among sampling points, reflecting localized

pollution sources and environmental conditions.

The highest concentrations were consistently observed at Point-3 and Point-8, particularly during the
summer of 2020 (e.g., June—August), when values surpassed 2 mg/L. These elevated levels likely
result from increased runoff, urban wastewater inputs, and intensified microbial activity under warmer
conditions. However, in contrast to this pattern, the summer of 2021 showed generally lower NHa*

concentrations across most sites, indicating potential changes in hydrological or land use dynamics.

Sampling points located in forested or less disturbed areas, such as Point-4 and Point-5, generally
exhibited lower NH4" concentrations throughout the study period. Nevertheless, occasional moderate
increases were also observed at these sites, suggesting that even relatively undisturbed locations may

experience short-term nutrient influxes under certain conditions.

These findings highlight both seasonal influences and land use effects on ammonium variability in the
catchment. The spatial distribution suggests that monitoring and management efforts should prioritize
areas with higher anthropogenic pressures, particularly during summer months when biological

activity and runoff potential are elevated.
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Figure 4-1 Spatiotemporal variations of Ammonium (NH4") concentrations in the Riakos Stream

4.1.2 Analysis of NOs- Concentrations

Figure 4-2 presents the spatiotemporal variations in nitrate (NOs’) concentrations across eight
sampling points in the Rékos Stream from November 2019 to October 2021. The results reveal
significant fluctuations over time and between locations, with some sites consistently exhibiting

higher concentrations.

Sampling Points 1 and 3 recorded the highest nitrate concentrations, reaching peaks of approximately
105 mg/L and 85 mg/L, respectively. These sites are located in urban or agricultural zones, likely

influenced by fertilizer use, stormwater runoff, and wastewater discharges.

In contrast, Point-4 generally showed lower nitrate concentrations, typically below 60 mg/L, although

some variability was still observed.

The temporal trends also varied among sampling points, indicating that both land use and local

hydrological conditions influence nitrate dynamics. For instance, the timing and intensity of rainfall
37



events, agricultural activity, and groundwater interactions may play roles in nitrate delivery and

transport.

Overall, the nitrate data highlight a clear pattern of elevated concentrations in more developed areas,
supporting the hypothesis that urbanization and intensive land use contribute significantly to nutrient
enrichment in the stream. These findings underscore the importance of land use planning and pollution

control measures in mitigating nitrate loading in surface waters.
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Figure 4-2 Spatiotemporal dynamics of Nitrate (NOs-) concentrations in the Rikos Stream

4.1.3 Analysis of NO:- Concentrations

Figure 4-3 illustrates the spatiotemporal variations in nitrite (NO2") concentrations across eight
sampling locations in the Rékos Stream during the monitoring period from November 2019 to October

2021. The results reveal distinct temporal patterns and pronounced spatial differences across the sites.

The highest NO:~ level occurred at Point-3, reaching nearly 1.9 mg/L in January 2020. A noticeable

increase was also observed at Point-1 in November 2019 (about 1.0 mg/L), and at Point-8 in October
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2020 (~0.65 mg/L). These elevated levels are likely influenced by human activities such as urban
runoff, agricultural practices, and potentially incomplete nitrification or denitrification processes near
urban areas. Conversely, sampling points located in forested or less disturbed areas, such as Points 4,

5, and 7, generally maintained lower concentrations, often below 0.5 mg/L.

Nitrite concentrations are known to be sensitive to both pollution inputs and in-stream biochemical
processes. The observed fluctuations across the monitoring stations suggest a combination of external
inputs (e.g., wastewater discharge or fertilizer use) and internal dynamics (e.g., microbial

transformations of nitrogen species) that vary with land use type and environmental conditions.

These findings demonstrate the relevance of both land-based pollution sources and in-stream nitrogen
cycling in shaping NO: dynamics. They emphasize the importance of monitoring intermediate
nitrogen compounds like nitrite, which can serve as early indicators of disruptions in nitrogen

transformation pathways and potential environmental stress in aquatic systems.
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Figure 4-3 Spatiotemporal dynamics of Nitrite (NO:) concentrations in the Rikos Stream

4.1.4 Analysis of Dissolved Oxygen Saturation

Figure 4-4 illustrates the spatiotemporal variability of dissolved oxygen (DO) saturation across eight

sampling sites along the Rakos Stream from November 2019 to October 2021. Overall, DO saturation
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ranged from values below 20% to peaks approaching 70%, with notable differences observed between

sites and seasons.

Sampling Points 1 and 2, located in urbanized areas, generally recorded higher DO saturation during
the early study period, although their advantage diminished over time. In contrast, Points 3 and 8
consistently exhibited lower saturation levels, accompanied by more pronounced fluctuations,

potentially due to local pollution or hydrological disturbances.

DO saturation dynamics are influenced by various factors such as aeration, temperature, microbial
activity, and organic matter decomposition. The observed temporal variability, especially the sharp
declines at certain sites, may reflect the effects of increased biological oxygen demand (BOD) and

urban runoff.

Meanwhile, less developed sites such as Point 4 demonstrated relatively stable DO levels, suggesting
improved ecological conditions and limited anthropogenic impact. These results emphasize the crucial

role of land use patterns in shaping oxygen availability and overall stream health.
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Figure 4-4 Spatiotemporal variations in Dissolved Oxygen (DO) Saturation levels in the Rakos Stream
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4.1.5 Analysis of Chl-a Concentrations

Figure 4-5 illustrates the spatiotemporal variability of chlorophyll-a (Chl-a) concentrations across
eight sampling locations in the Rékos Stream between November 2019 and October 2021. Chl-a
serves as a key indicator of phytoplankton biomass and nutrient enrichment, thereby reflecting

potential eutrophication in aquatic ecosystems.

The data reveal marked variability in both time and space. A pronounced peak was observed at Point
7 in December 2019 (~650 ng/L), followed by elevated levels at Point 1 in early 2020 (~300 pug/L)
and at Point 2 in late 2021 (~400 pug/L). These values suggest localized algal blooms, likely driven by

nutrient enrichment from adjacent land uses.

In contrast, Points 3, 4, 5, and 8 generally recorded lower concentrations, mostly below 200 pg/L,

though short-term fluctuations were still evident.

Temporal variations in Chl-a concentration likely reflect shifts in nutrient loading, water temperature,
solar radiation, and streamflow dynamics. The patterns observed highlight the role of anthropogenic
inputs, particularly from urban and agricultural sources, in stimulating algal productivity. Meanwhile,
relatively stable and low concentrations at less disturbed or forested sites imply limited nutrient input

and better ecological conditions.
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Figure 4-5 Spatiotemporal patterns of Chlorophyll-a (Chl-a) concentrations in the Rakos Stream

4.1.6 Analysis of pH Variations
Figure 4-6 presents the spatiotemporal variations in pH values across eight sampling locations along
the Rakos Stream from November 2019 to October 2021. pH serves as a critical parameter reflecting
the chemical balance of surface water, influenced by natural processes (e.g., mineral weathering,

biological activity) and anthropogenic discharges.

The results reveal both spatial and temporal fluctuations in pH. The most pronounced variability was
observed at Point 3 (Pécel), where pH values exceeded 8.5 at times, suggesting the influence of urban
runoff, fertilizers, or wastewater discharge. A sharp peak at Point 8 in mid-2020 (~10.5) also indicates

a potential episodic event affecting water chemistry.

In contrast, Points 4 and 5 exhibited more stable and slightly lower pH values, typically between 7.2

and 8.0, suggesting buffered conditions with limited human impact.
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These spatial differences highlight the influence of land use on acid—base dynamics in the stream.
Continuous monitoring of pH is essential, as deviations from neutral values can disrupt aquatic

ecosystems and modify the behavior of other pollutants, such as metals and nutrients.
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Figure 4-6 Spatiotemporal variations in pH in the Rakos Stream

4.1.7 Analysis of PO+*- Concentrations

Figure 4-7 shows the spatiotemporal distribution of phosphate (PO4*") concentrations across the eight
sampling locations in the Rakos Stream during the monitoring period from November 2019 to October
2021. Phosphate is a key nutrient in aquatic systems and often originates from both natural sources

and human activities such as fertilizer runoff, wastewater discharge, and detergent use.

The results reveal pronounced spatial and temporal variability in PO+* concentrations. Elevated
phosphate levels were recorded at several urban and agricultural locations especially Points 8 and 3
(Pécel) indicating the likely influence of anthropogenic inputs from nearby residential and farming
areas.
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Interestingly, some forested or less developed areas such as Points 4 and 7 also exhibited occasional
spikes in phosphate concentrations. These anomalies could be attributed to natural processes like

internal loading from sediments, decaying organic matter, or transient hydrological conditions.

The temporal patterns show that phosphate concentrations often peaked during warmer months,
possibly due to enhanced biological activity, surface runoff, or increased wastewater discharge during
this period. The spatial differences highlight how land use types, local hydrology, and nutrient

transport processes collectively shape phosphorus dynamics in the stream.

Understanding phosphate fluctuations is essential, as excessive PO4* levels can lead to eutrophication,
resulting in algal blooms and oxygen depletion. The findings underscore the importance of regulating

both point and non-point phosphorus sources to maintain ecological balance in the Rakos catchment.
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Figure 4-7 Spatiotemporal Dynamics of Phosphate (PO+*-) Concentrations in the Rikos Stream

4.1.8 Analysis of Electrical Conductivity (EC)

Error! Reference source not found. presents the spatiotemporal variations of electrical conductivity
(EC) across eight sampling sites in the Rakos Stream from November 2019 to October 2021. EC
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reflects the water’s ability to conduct electrical current, which is primarily determined by the
concentration of dissolved ionic substances such as salts, minerals, and other charged particles. It

serves as a general indicator of water quality and salinity.

The results demonstrate considerable spatial and temporal variability in EC values across the
catchment. Urban and agricultural areas, particularly Points 8 and 3 (Pécel) exhibited consistently
higher EC levels. This pattern suggests the influence of urban runoff, wastewater discharge, and
fertilizer application in these zones, which may contribute significant amounts of dissolved ions to the

stream.

In contrast, forested and less developed sites, such as Points 4 (Pécel), 5, and 7, generally showed
lower and more stable EC values. These areas are likely less exposed to anthropogenic pollution
sources, and the surrounding vegetation and soils may promote better filtration and retention of

dissolved constituents.

Temporal trends in EC varied across the sampling sites, with some locations showing seasonal peaks.
These fluctuations could be influenced by precipitation events, surface runoff intensity,

evapotranspiration rates, and changes in streamflow or baseflow contributions.

Elevated EC values may indicate increased salinity or pollution loads and can affect aquatic life,
particularly species sensitive to ionic strength or osmotic stress. The findings emphasize the
importance of monitoring EC as a surrogate for dissolved pollutant input and highlight the need to

manage urban and agricultural sources to protect water quality in the Rakos Stream.
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Figure 4-8 Spatiotemporal variations in electrical conductivity (EC) in the Rakos Stream

In summary, the spatiotemporal analysis of water quality parameters in the Rékos Stream revealed
clear patterns associated with both seasonal variation and surrounding land use types. Urban and
agricultural sites, particularly Points 8 and 3, consistently exhibited higher concentrations of nutrients
(NH4*, NOs7, NOz", PO+*), elevated EC, and fluctuating DO and pH levels, suggesting substantial
anthropogenic influence from urban runoff, wastewater discharges, and farming practices. In contrast,
forested and natural areas such as Points 4 and 5 maintained relatively lower and more stable values
across most parameters, reflecting more pristine environmental conditions. These observations
emphasize the critical role of land use in shaping water quality dynamics and highlight the spatial
complexity of pollutant distribution within the catchment. The next section further explores the
statistical correlations between land use categories and water quality indicators to better understand

the underlying relationships and dominant pollution sources.

4.2 The relationship between different water quality parameters
This section explores the interrelationships among water quality parameters based on a two-stage

analysis: descriptive statistics and inferential correlation. The descriptive statistics (Table 4-1) provide
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essential context for understanding spatial and temporal trends in measured indicators, while

correlation and ANOVA tests reveal statistically significant associations between variables.

After performing ANOVA analysis, Duncan and Tukey statistics were used to compare the means.

The results of these tests are presented in the appendices.

Table 4-1 Descriptive Statistics of Key Water Quality Parameters in Rakos Catchment

95% Confidence

N Mean Std'. . Std. Interval for Mean Minimum Maximum
Deviation Error Lower Bound Upper
Bound
1 21 13.60 7.34 1.60 10.26 16.94 3.25 25.25
2 21 13.27 7.21 1.57 9.99 16.55 3.15 24.50
3 21 14.80 7.55 1.65 11.37 18.24 4.00 26.10
Temperature 4 21 13.03 7.38 1.61 9.68 16.39 2.60 24.35
5 21 12.91 6.95 1.52 9.75 16.07 3.35 24.35
7 21 12.94 6.50 1.42 9.99 15.90 5.40 24.50
8 21 14.37 7.74 1.69 10.84 17.89 3.25 27.00
Total 147 13.56 7.13 0.59 12.40 14.72 2.60 27.00
1 21 48.54 10.53 2.30 43.75 53.34 30.30 64.90
2 21 50.79 8.93 1.95 46.72 54.85 31.70 64.05
3 21 35.15 7.42 1.62 31.77 38.53 17.00 46.70
4 21 45.50 13.92 3.04 39.16 51.83 20.00 66.93
o 5 21 43.72 12.07 2.63 38.23 49.21 15.00 57.60
7 21 50.07 946  2.07 45.76 54.37 30.90 63.80
8 21 36.76 986  2.15 32.27 41.25 7.30 45.80
Total 147 44 .36 11.82 0.97 42.43 46.29 7.30 66.93
1 21 0.19 0.20 0.04 0.10 0.28 0.03 1.00
2 21 0.16 0.10 0.02 0.11 0.20 0.04 0.55
3 21 0.38 0.39  0.09 0.20 0.56 0.10 1.94
) 4 21 0.15 0.06  0.01 0.12 0.18 0.03 0.28
NO: 5 21 0.15 0.06  0.01 0.12 0.17 0.02 0.28
7 21 0.13 0.06  0.01 0.10 0.15 0.01 0.25
8 21 0.21 0.16  0.03 0.14 0.28 0.01 0.65
Total 147 0.19 020  0.02 0.16 0.23 0.01 1.94
1 21 33.61 22.07 4.82 23.57 43.66 0.04 104.61
2 21 29.74 11.40  2.49 24.55 34.93 10.88 54.25
NOs 3 21 50.10 14.52 3.17 43.49 56.71 22.21 80.60
4 21 30.09 11.54 252 24.84 35.35 12.90 47.05
5 21 30.11 10.62  2.32 25.28 34.95 13.11 48.90
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7 21 34.72 10.86 2.37 29.78 39.67 8.44 51.76

8 21 37.80 17.92 3.91 29.64 45.96 0.44 59.63

Total 147 35.17 15.88 1.31 32.58 37.76 0.04 104.61

1 21 40.30 59.08 12.89 13.40 67.19 3.75 278.45

2 21 44.15 80.86  17.65 7.34 80.96 0.90 386.00

3 21 66.92 57.74  12.60 40.64 93.20 3.90 217.47

4 21 33.46 28.18 6.15 20.63 46.28 4.65 118.35

cra 5 21 39.59 5197 11.34 15.94 63.25 4.85 251.00
7 21 51.83 13523 29.51 -9.72 113.39 4.60 639.50

8 21 45.61 35.88 7.83 29.28 61.95 0.00 160.37

Total 147 45.98 71.36 5.89 34.35 57.61 0.00 639.50

1 21 0.31 0.21 0.04 0.22 0.40 0.01 0.83

2 21 0.53 0.40 0.09 0.35 0.71 0.13 1.50

3 21 1.33 0.76 0.17 0.98 1.68 0.10 3.05

. 4 21 0.50 0.30 0.07 0.36 0.63 0.10 1.25
N 5 21 0.60 0.51 0.11 0.37 0.84 0.10 1.75
7 21 0.53 0.43 0.09 0.33 0.73 0.10 1.65

8 21 1.06 0.95 0.21 0.62 1.49 0.13 3.60

Total 147 0.69 0.65 0.05 0.59 0.80 0.01 3.60

1 21 7.71 0.28 0.06 7.58 7.84 7.05 8.30

2 21 7.83 0.28 0.06 7.70 7.95 7.15 8.35

3 21 7.96 0.57 0.12 7.70 8.22 6.50 8.57

4 21 7.56 0.20 0.04 7.47 7.65 7.15 7.87

rh 5 21 7.66 0.32 0.07 7.51 7.80 7.05 8.50
7 21 7.76 0.41 0.09 7.57 7.95 7.20 9.30

8 21 8.19 0.57 0.12 7.93 8.45 7.40 10.30

Total 147 7.81 0.44 0.04 7.74 7.88 6.50 10.30

1 21 14.66 14.77 3.22 7.94 21.38 0.20 38.67

2 21 15.11 15.35 3.35 8.12 22.10 0.20 42.25

3 21 20.35 17.30 3.78 12.47 28.22 0.20 49.70

PO 4 21 16.48 15.58 3.40 9.39 23.57 0.60 40.23
5 21 15.26 14.26 3.11 8.77 21.76 0.40 39.20

7 21 15.94 15.30 3.34 8.98 2291 0.20 39.50

8 21 18.90 15.62 3.41 11.79 26.01 0.30 42.20

Total 147 16.67 15.29 1.26 14.18 19.16 0.20 49.70

1 16 1,182.12 162.28  40.57 1,095.64 1,268.59 1,006 1,548

2 16 1,151.20 112.85 28.21 1,091.06 1,211.33 985 1,313

EC 3 16 1,454.68 91.74 22.94 1,405.79 1,503.56 1,251 1,561
4 16 1,094.34 13734 34.34 1,021.16 1,167.53 919 1,407

5 16 1,110.02 105.71 26.43 1,053.69 1,166.35 841 1,257
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7 16 1,051.59 113.45 28.36 991.14 1,112.04 756 1,201
8 16 1,400.54 93.28 23.32 1,350.84 1,450.25 1,158 1,502
Total 112 1,206.36 186.65 17.64 1,171.41 1,241.30 756 1,561

The descriptive statistics revealed notable variability in water quality across the sampling sites.
Temperature ranged from 2.6°C to 27.0°C, with a mean of 13.56°C, indicating seasonal and spatial
fluctuations. Dissolved oxygen (DO) levels varied widely, from 7.3 mg/L to 66.93 mg/L, averaging
44.36 mg/L, reflecting dynamic biological and chemical processes in the stream. Nitrate (NOs")
concentrations showed considerable spatial differences, with an average of 35.17 mg/L and peaks
exceeding 100 mg/L in agricultural and urban areas. Nitrite (NO-") and ammonium (NH4") averaged
0.19 mg/L and 0.69 mg/L, respectively, with occasional high values pointing to localized pollution
events. Phosphate (PO.s*) levels averaged 16.67 mg/L, with maxima approaching 50 mg/L, while
chlorophyll-a (Chl-a) exhibited sharp fluctuations, reaching up to 639.5 pg/L likely associated with
episodic algal blooms. Electrical conductivity (EC) averaged 1206.36 uS/cm, with a high standard
deviation (186.65), highlighting significant differences in ionic strength across the catchment. The pH

ranged from 6.5 to 10.3, indicating generally neutral to slightly alkaline conditions.

The Pearson correlation analysis (Table 4-2) showed several significant relationships among the water

quality parameters, providing insights into nutrient dynamics and pollution processes.

o Temperature was positively correlated with NOs™, PO+*", pH, and EC, suggesting that warmer

conditions may enhance nutrient level and electrical conductivity.

o Dissolved oxygen (DO) showed negative correlations with NO., Chl-a, EC, and pH,

indicating that higher nutrient and algal activity is associated with lower oxygen levels.

o Nitrite (NO2) was positively correlated with NOs, NH4", and EC, but negatively with DO,

reflecting co-occurrence of nitrogen forms under oxygen-depleted conditions.

e Nitrate (NOs) had strong positive correlations with PO+*", NH4*, and EC, highlighting the

simultaneous accumulation of multiple nutrients in impacted areas.

o Chlorophyll-a correlated positively with EC and negatively with DO, emphasizing the role of

algal growth in altering water chemistry.

e Ammonium (NHs") showed positive correlations with NOs, NO2", and EC, suggesting

overlapping sources or transformation pathways.
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pH was positively related to temperature and EC, and negatively with DO, indicating increased

alkalinity under low-oxygen, high-solute conditions.

Phosphate (PO+*) correlated positively with NOs~, temperature, and EC, supporting the

notion of nutrient co-mobilization.

EC showed positive correlations with most parameters (except DO), confirming its integrative

role in reflecting the overall water quality status.

50



Table 4-2 Pearson's correlation between different water quality parameters, in the Rakos River basin

Temperature DO NO," NO3z~ CLA NH," PH PO, EC
Temperature | Pearson Correlation | 1 -0.136 -0.010 S127 0.109 0.152 163" 535" 239"
Sig. (2-tailed) 0.101 0.906 0.000 0.190 0.066 0.048 0.000 0.011
N 147 147 147 147 147 147 147 147 112
DO Pearson Correlation | -0.136 1 -.163" -0.073 -3477  -0.096 -243"  -0.078  -.641"
Sig. (2-tailed) 0.101 0.049 0.380 0.000 0.248 0.003 0.345 0.000
N 147 147 147 147 147 147 147 147 112
NO;- Pearson Correlation | -0.010 -.163" 1 246" 0.030 428" -0.080 -0.016 599
Sig. (2-tailed) 0.906 0.049 0.003 0.722 0.000 0.334 0.849 0.000
N 147 147 147 147 147 147 147 147 112
NO;~ Pearson Correlation | .512" -0.073 246" 1 0.088 4817 0.100 3617 659"
Sig. (2-tailed) 0.000 0.380 0.003 0.292 0.000 0.230 0.000 0.000
N 147 147 147 147 147 147 147 147 112
CLA Pearson Correlation | 0.109 =347 0.030 0.088 1 0.096 -0.034 -0.038 290"
Sig. (2-tailed) 0.190 0.000 0.722 0.292 0.249 0.679 0.650 0.002
N 147 147 147 147 147 147 147 147 112
NH,* Pearson Correlation | 0.152 -0.096 428" 4817 0.096 1 0.155 -0.147 439"
Sig. (2-tailed) 0.066 0.248 0.000 0.000 0.249 0.061 0.076 0.000
N 147 147 147 147 147 147 147 147 112
PH Pearson Correlation | .163" -.243™ -0.080 0.100 -0.034 0.155 1 0.127 .584™
Sig. (2-tailed) 0.048 0.003 0.334 0.230 0.679 0.061 0.126 0.000
N 147 147 147 147 147 147 147 147 112
PO, Pearson Correlation | .535™ -0.078 -0.016 3617 -0.038 -0.147 0.127 1 324"
Sig. (2-tailed) 0.000 0.345 0.849 0.000 0.650 0.076 0.126 0.000
N 147 147 147 147 147 147 147 147 112
EC Pearson Correlation | .239" -.641" 599" 659" 290" 439" 584" 324" 1
Sig. (2-tailed) 0.011 0.000 0.000 0.000 0.002 0.000 0.000 0.000
N 112 112 112 112 112 112 112 112 112

**, Correlation is significant at the 0.01 level (2-tailed).

*, Correlation is significant at the 0.05 level (2-tailed).
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The ANOVA results (Table 4-3) confirmed statistically significant spatial variability for several
parameters. Dissolved oxygen (DO), nitrate (NOs’), ammonium (NH4"), nitrite (NO2), pH, and
electrical conductivity (EC) all exhibited significant differences across the sampling sites (p < 0.001).
In contrast, temperature, chlorophyll-a (Chl-a), and phosphate (PO.+*") did not show significant spatial
variation, likely due to uniform distributions or buffering mechanisms. The particularly high F-value
for EC (F = 28.03) highlights its utility as a sensitive indicator of spatial variation in ionic content and

pollution gradients across the catchment.

Table 4-3 ANOVA Results for Spatial Differences in Water Quality Parameters Across Sampling Sites

Sum of Mean .
Squares df Square ¥ Sig.

Between Groups  70.76 6 11.79 0.22 0.97
Temperature Within Groups 7352.60 140 52.52

Total 7423.35 146

Between Groups  4950.57 6 825.09 7.48 0.00
DO Within Groups 15439.86 140 110.28

Total 20390.43 146

Between Groups 0.91 6 0.15 4.45 0.00
NO: Within Groups 4.79 140 0.03

Total 5.71 146

Between Groups  6578.39 6 1096.40 5.07 0.00
NOs Within Groups 30254.69 140 216.11

Total 36833.08 146

Between Groups ~ 14828.40 6 2471.40 0.48 0.83
CLA Within Groups 728643.68 140 5204.60

Total 743472.08 146

Between Groups  16.37 6 2.73 8.57 0.00
NH4* Within Groups 44.56 140 0.32

Total 60.94 146

Between Groups ~ 5.50 6 0.92 5.71 0.00
PH Within Groups 22.44 140 0.16

Total 27.94 146

Between Groups  577.84 6 96.31 0.40 0.88
PO Within Groups 33544.92 140 239.61

Total 34122.76 146

Between Groups ~ 2380485.46 6 396747.58 28.03 0.00
EC Within Groups 1486460.08 105 14156.76

Total 3866945.55 111

Overall, the statistical analyses, including descriptive summaries, Pearson correlation, and ANOVA,
demonstrated clear interactions among water quality parameters and significant spatial variability

across the Rakos Stream catchment. Parameters such as DO, NOs’, NH4*, NO:, and EC were
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especially sensitive to changes in land use and site conditions. These findings underscore the need for
targeted monitoring and management strategies focusing on areas with elevated nutrient and solute
levels. The following section further explores how different land use types influence water quality

patterns in the catchment.

4.3 LULC composition
The distribution of land use and land cover (LULC) types varied noticeably across the sub-catchments
of the Rakos Stream (Table 4-4, Figure 4-9). Site S1 was dominated by artificial surfaces, comprising
65.51% of its area, substantially higher than at any other site. In contrast, Site S4 exhibited the lowest

proportion of artificial surfaces (0.88%) and had the highest coverage of forest and semi-natural areas

at 64.40%.

Agricultural land was most extensive at Site S3 (49.09%), followed by Site S2 (42.28%). By
comparison, Site SI1 had a much smaller agricultural footprint (20.49%). Sites S5 and S6—7 had

moderate shares of agricultural areas at 28.22% and 37.45%, respectively.

Forested and semi-natural areas were concentrated primarily at Site S4, while Site S2 had the least

forest cover, with only 0.14%. Site S3 also had a notable forest proportion (20.09%).

Wetlands and water bodies were generally scarce across the study area. Site S5 was the only location
with both wetland (0.74%) and surface water (2.30%), whereas no such features were recorded at the

other sites.

In summary, the analysis highlights distinct land use patterns within the Rékos catchment. Site S1
represents a highly urbanized area, while Site S4 is characterized by its natural landscape. The
agricultural zones were primarily concentrated in Sites S2 and S3, reflecting the spatial heterogeneity

in land use across the catchment.

Table 4-4 Land use/land cover (%) in the eight sub catchments, in the Rikos Stream basin

Site  Artificial Agricultural Forest and semi natural  Wetland Water
surfaces areas areas bodies

S1 65.51 20.49 14

S2 57.59 42.28 0.14

S3 30.81 49.09 20.09

S4 0.88 34.72 64.40

Ss 28.85 28.22 39.88 0.74 2.30

S6,7 49.55 37.45 12.99

S8 48.52 36.72 14.75
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Figure 4-9 Sub-catchments of the Rakos Stream with corresponding sampling and LULC classes

4.4 Impacts of LULC on water quality
Before performing correlation and ANOVA statistical analyses, the preconditions for these analyses,
including data normality and homogeneity of variances, were performed through Kolmogorov-
Smirnov and Levene Statistic, the results of which are presented in the appendices. The Pearson
correlation analysis provided insights into the statistical relationships between land use and land cover
(LULC) types and water quality parameters in the Réakos Stream. These correlations indicate
associations but do not imply direct causation. The analysis was conducted using monthly average
water quality data, and the strength and significance levels of the correlations are reported to ensure

transparent interpretation (Table 4-5).

The proportion of heterogeneous agricultural areas showed statistically significant positive

correlations with nitrite (NO2~, r = 0.230, p < 0.01), ammonium (NH4*, r = 0.286, p < 0.001), and

electrical conductivity (EC, r=0.381, p <0.001), and a significant negative correlation with dissolved

oxygen (DO, r = —-0.203, p < 0.05). These patterns are consistent with established findings that
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heterogeneous agricultural land can contribute to nutrient enrichment and ionic concentration in

streams, likely due to fertilizer runoff, soil erosion, and nutrient leaching.

Pasture areas displayed negative correlations with nitrate (NOs~, r =—0.176, p <0.05) and ammonium
(NH«*, r = —-0.243, p < 0.01), both statistically significant. Weak negative correlations were also
observed with pH (r = —0.089, p > 0.05) and EC (r = —-0.102, p > 0.05), though these were not

statistically significant.

EC exhibited significant negative correlations with Industrial/Commercial areas (r =—0.229, p <0.01),
Urban Fabric (r = —0.217, p < 0.01), and Arable Land (r = —0.352, p < 0.001), and a weak, non-
significant negative correlation with Pasture. In contrast, EC had significant positive correlations with
Heterogeneous Agricultural areas (r = 0.381, p < 0.001), Dumpsites (r = 0.217, p < 0.01), and
Transitional Woodland (r=0.341, p <0.001), as well as with Forest (r = 0.341, p <0.001), indicating

potential ionic enrichment in areas with both disturbed and certain vegetated land covers.

A positive and significant correlation was observed between green urban areas and DO (r = 0.260, p
< 0.01), suggesting that vegetated urban spaces may help sustain or improve oxygen availability in

stream ecosystems.

These results highlight that while some land use types, particularly heterogeneous agricultural areas
and dumpsites, are associated with elevated nutrient concentrations and increased EC, others, such as
green urban areas and certain pasturelands, may have a more neutral or potentially beneficial influence

on water quality.
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Table 4-5 Pearson's correlation between land use/land cover (LULC) and water quality parameters (Monthly), in Rakos River basin

Industrial Urban forest Transitional Green Arable Pasture Permanent Heterogeneous Dumpsites
Commercial Fabric Woodland Urban land Crops

Temperature Pearson -0.039 -0.037 -0.037 0.036 -0.005 -0.028  -0.043 0.002 0.040 0.037

Correlation

Sig. (2-tailed) 0.641 0.653 0.653  0.668 0.950  0.738 0.606 0.980 0.628 0.656

N 147 147 147 147 147 147 147 147 147 147
DO Pearson -0.016 -0.022  -0.022 -0.151 260" -0.094  0.043 0.145 -203" -0.031

Correlation

Sig. (2-tailed) 0.851 0.790  0.790  0.068 0.001  0.256 0.608 0.080 0.014 0.713

N 147 147 147 147 147 147 147 147 147 147
NO: Pearson -0.104 -0.099 -0.099 -0.013 -0.008 -0.060 -0.106 -0.016 230™ 218

Correlation

Sig. (2-tailed) 0.212 0.235 0.235 0.872 0.924  0.470 0.202 0.850 0.005 0.008

N 147 147 147 147 147 147 147 147 147 147
NOs Pearson -0.131 -0.130  -0.130 -0.006 0.019 -0.081 -.176" -0.040 0.145 0.158

Correlation

Sig. (2-tailed) 0.113 0.115  0.115 0.943 0.823  0.327 0.033 0.630 0.079 0.057

N 147 147 147 147 147 147 147 147 147 147
CLA Pearson -0.036 -0.037 -0.037 -0.027 0.052  -0.060 -0.086 -0.033 0.050 0.048

Correlation

Sig. (2-tailed) 0.667 0.659  0.659 0.744 0.533 0473 0.298 0.695 0.548 0.564

N 147 147 147 147 147 147 147 147 147 147
NH4" Pearson -0.062 -0.058 -0.058 0.072 -0.119  -0.035 -177" -.243™ .286™ 0.036

Correlation

Sig. (2-tailed) 0.458 0.486 0.486  0.383 0.149  0.673 0.032 0.003 0.000 0.669

N 147 147 147 147 147 147 147 147 147 147
pH Pearson -0.143 -0.141  -0.141 .289™ 0.034  -231" -325"  -0.089 0.094 -0.014

Correlation

Sig. (2-tailed) 0.084 0.089  0.089  0.000 0.687  0.005 0.000 0.282 0.259 0.870

N 147 147 147 147 147 147 147 147 147 147
PO Pearson -0.039 -0.038 -0.038 0.015 -0.042  0.008 -0.031 -0.054 0.057 -0.003

Correlation

Sig. (2-tailed) 0.643 0.650 0.650 0.853 0.610  0.927 0.705 0.516 0.495 0.974

N 147 147 147 147 147 147 147 147 147 147
EC Pearson -.229™ -2177 22177 3417 -0.115  -201"  -352"  -0.102 .381% 2177

Correlation

Sig. (2-tailed) 0.005 0.008  0.008  0.000 0.166  0.015 0.000 0.219 0.000 0.008

N 147 147 147 147 147 147 147 147 147 147
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The seasonal Pearson correlation analysis offers additional insight into how land use and land cover
(LULC) types influence water quality in the Rakos Stream (Table 4-6). Among the notable findings,
heterogeneous agricultural areas and dumpsites showed significant positive correlations with nitrite
(NO27;r=0.436 and r = 0.438, p < 0.05, respectively) and ammonium (NH4*; r = 0.595, p < 0.01 for
heterogeneous agriculture). EC was also positively correlated with heterogeneous agriculture (r =
0.462, p < 0.05), suggesting that these land uses are associated with higher nutrient and dissolved

solids levels, potentially due to runoff and leaching.

Permanent crops exhibited a significant negative correlation with NH4* (r = —0.385, p < 0.05), while
pasture areas were strongly negatively correlated with pH (r =—-0.504, p < 0.01), indicating that these

land uses may help moderate nutrient enrichment and stabilize stream water chemistry.

Dissolved oxygen (DO) showed a positive, borderline significant relationship with green urban areas
(r=0.371, p = 0.057), but a negative correlation with permanent crops (r =—0.380, p = 0.050), which

may reflect oxygen depletion in more intensively cultivated areas.

It is important to note that these results indicate statistical associations rather than direct causal effects.
Seasonal variability in hydrological conditions, rainfall patterns, and possible point-source discharges
could also contribute to the observed correlations. Further analyses integrating hydrological

connectivity and potential pollution sources would be needed to establish causal pathways.

Overall, the seasonal analysis is consistent with the monthly results, highlighting that heterogeneous
agricultural areas and dumpsites are persistently linked with degraded water quality, while some land

uses, such as pasture and permanent crops, may play a mitigating role in nutrient loading.
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Table 4-6 Pearson's correlation between land use/land cover (LULC) and water quality parameters (Seasonal), in Rakos River basin

Industrial  Urban Forest Transitional Green Arable Pasture Permanent Heterogeneous Dumpsites
Commercial  Fabric Woodland Urban land Crops
Temperature  Pearson Correlation o057 0017 -0.017 0.03 004 -0.004 0008  0.026 0.123 0.1
Sig. (2-tailed) 0913 0.932  0.932 0.882 0.845  0.983 0.969 0.898 0.541 0.585
N 27 27 27 27 27 27 27 27 27 27
DO Pearson Correlation -0.055 -0.064  -0.064 -0.044 0.371 -0.19 0.021 0.222 -0.38 -0.163
Sig. (2-tailed) 0.784 0.752  0.752 0.827 0.057  0.342 0.915 0.266 0.05 0.417
N 27 27 27 27 27 27 27 27 27 27
NO;~ Pearson Correlation -0.176 -0.169  -0.169 -0.123 0.023  -0.093 -0.161 -0.018 436* 438*
Sig. (2-tailed) 0.379 0.4 0.4 0.543 0.908  0.643 0.423 0.928 0.023 0.022
N 27 27 27 27 27 27 27 27 27 27
NO3” Pearson Correlation -0.164 -0.16 -0.16 -0.075 0.02 -0.086  -0.191 -0.032 0.29 0.315
Sig. (2-tailed) 0.415 0425 0425 0.709 0919  0.669 0.339 0.873 0.143 0.11
N 27 27 27 27 27 27 27 27 27 27
CLA Pearson Correlation -0.056 -0.06  -0.06 -0.21 0.18  -0.115  -0.143 -0.05 0.134 0.179
Sig. (2-tailed) 0.78 0.767  0.767 0.294 0.37 0.567 0.478 0.804 0.506 0.372
N 27 27 27 27 27 27 27 27 27 27
NH,* Pearson Correlation -0.081 -0.077  -0.077 -0.177 -0.096  -0.027 -0.217 -.385* 595%* 0.234
Sig. (2-tailed) 0.686 0.704  0.704 0.378 0.633  0.892 0.276 0.047 0.001 0.239
N 27 27 27 27 27 27 27 27 27 27
pH Pearson Correlation -0.222 -0.218  -0.218 0.358 0.094 -0.368  -.504** -0.137 0.223 0.066
Sig. (2-tailed) 0.266 0.274 0.274 0.067 0.64 0.059 0.007 0.497 0.264 0.742
N 27 27 27 27 27 27 27 27 27 27
PO,* Pearson Correlation -0.046 -0.046  -0.046 -0.005 -0.049  0.013  -0.045 -0.073 0.082 0.013
Sig. (2-tailed) 0.818 0.821  0.821 0.981 0.808 0.95 0.825 0.718 0.683 0.949
N 27 27 27 27 27 27 27 27 27 27
EC Pearson Correlation -0.224 -0.214  -0.214 0.201 -0.053  -0.21 -0.363 -0.106 462* 0.328
Sig. (2-tailed) 0.261 0.284 0.284 0.314 0.793  0.293 0.063 0.597 0.015 0.095
N 27 27 27 27 27 27 27 27 27 27
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In summary, both the monthly and seasonal correlation analyses revealed consistent and statistically
meaningful relationships between specific land use types and water quality indicators in the Rékos
Stream. Agricultural areas, particularly heterogeneous agricultural land, and dumpsites emerged as
key contributors to elevated nutrient levels and increased total dissolved solids, indicating persistent
anthropogenic pressures throughout the year. In contrast, land uses such as pastures, permanent crops,
forests, and green urban areas demonstrated associations with improved water quality conditions.
These findings emphasize the importance of incorporating land use planning and environmental
management strategies to mitigate pollution sources and enhance the ecological integrity of the

stream.
4.5 GIS Interpolation, IDW

The spatial distribution of water quality parameters was analyzed using Inverse Distance Weighting
(IDW) interpolation within a GIS environment (Figure 4-10). The resulting maps effectively visualize
the spatial variation of physico-chemical pollutants across the Rékos stream catchment and are
consistent with the trends identified in the statistical analyses. The color gradients in the IDW maps
highlight zones of varying water quality, with red representing higher pollutant concentrations and
green indicating relatively clean areas. The maps show clear spatial trends, where parameters such as
ammonium (NHa4"), nitrite (NO2"), nitrate (NOs"), phosphate (PO+*"), electrical conductivity (EC), and
chlorophyll-a (Chl-a) are elevated in areas like Point 03 and Point 08. These locations correspond to
regions influenced by heterogeneous agricultural land and dumpsites, as previously revealed through
the Pearson correlation analysis. In contrast, the lowest concentrations for many parameters are
observed in upstream and midstream regions, where pasture and natural land cover types are more
dominant. This spatial distribution aligns with the earlier statistical findings, suggesting that land use

types significantly influence water quality conditions across the catchment.

Overall, the spatial interpolation confirms that pollutant concentrations vary progressively along the
stream, supporting the conclusion that land use management and pollution control measures should
be spatially targeted to areas with the highest contamination levels. The accuracy assessment in this
study demonstrated that IDW achieved satisfactory predictive performance for all assessed
parameters, confirming its suitability for mapping spatial variations in water quality within the Rékos

Stream catchment.
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Figure 4-10 Spatial distribution of water quality parameter in the Rakos catchment, Hungary
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4.6 Accuracy assessment and cross validation
Accuracy assessment is essential for evaluating the reliability of spatial interpolation methods. A more
accurate interpolation approach produces predicted values that closely reflect the observed data,
minimizing smoothing effects and preserving spatial variability (Sekuli¢ et al., 2020). In this study,
the accuracy of the Inverse Distance Weighting (IDW) interpolation method, applied to assess the
surface water quality in the Rakos Stream, was evaluated using two widely accepted statistical

indicators: Mean Error (ME) and Root Mean Square Error (RMSE) (Table 4-7).

Table 4-7 General results of cross validation analysis for IDW interpolation method used to assess
Rékos Stream surface water quality

Criteria ME RMSE
NOs 1.83 11.83
NO2~ -0.012 0.108
NH4* 0.031 0.45
PO+ 0.27 2.8
DO -0.009 8.53
EC -9.68 239.70
PH 0.002 0.28
Chl-a -0.55 32.27

The performance of the IDW method was assessed based on how closely ME values approached zero
and how small the RMSE values were, as recommended by Njeban (2018). The results demonstrate
satisfactory predictive accuracy across all assessed parameters, indicating that the IDW interpolation
reasonably captured the spatial variation in water quality within the catchment.

The ME values, which are near zero for most parameters, suggest that the model estimates generally
align well with observed values, reflecting a good spatial fit. However, as emphasized by Ishtiaque et
al., (2017) ME may underrepresent true error magnitudes since positive and negative deviations can
cancel each other out. Therefore, RMSE, being more sensitive to outliers (Yavuz & Erdogan, 2012),
is often considered a more robust indicator of overall predictive error.

The relatively low RMSE values across most parameters (with the exception of EC and Chl-a, which
are naturally more variable) indicate limited occurrence of extreme deviations, suggesting that the
IDW method performs well in reproducing spatial patterns of physicochemical parameters in the

Rakos Stream.
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4.7 Water Quality and Hydrodynamic Modelling
4.7.1 QUAL2K Model Calibration and Validation

Calibration and validation are essential steps in water quality modelling to ensure that the simulated
outputs reliably represent observed conditions. In this study, the QUAL2K model was calibrated using
data from July 2021, which represented the wettest month, characterized by high flows and strong
runoff contributions from both urban and agricultural areas. The validation was subsequently carried
out with data from June 2021, the driest month, to capture low-flow conditions with minimal runoff
influence. This approach allowed the model performance to be evaluated under contrasting

hydrological conditions, thereby ensuring the robustness of the simulations.

The results are presented in two main sections: (i) the modelled discharge (Q) profile and pollutant
concentrations, which include the simulated longitudinal distribution of discharge and key
pollutants—phosphate (PO+*"), ammonium (NH4"), and dissolved oxygen (DO)—along the stream
during the calibration and validation period; and (ii) the land use contribution analysis, which
highlights the percentage contributions of urban, agricultural, and natural land covers to pollutant

loads, demonstrating the influence of land use on water quality.

4.7.2 Spatial Analysis of Discharge Variations in the Rakos Stream: A Model-

Observation Comparison

Figure 4-11 illustrates the comparison between simulated discharge (green line) and observed flow
data (black dots) along the 33.8 km stretch of the Rékos Stream, from the upstream section (km ~34)
to its confluence with the Danube (km 0). The results reflect both natural inflows and anthropogenic

influences shaping the stream’s hydrology.

In the upstream section (km ~34 to km 30), the discharge gradually increases from around 0.22 m?/s
to 0.29 m?¥/s, likely due to contributions from baseflow and small tributaries draining nearby
agricultural areas (approx. 47.53—47.55°N, 19.07-19.10°E). Model outputs closely match observed

data in this reach, validating the calibration process.

Between km 30 and km 23, a decline in discharge from 0.30 m?*/s to 0.24 m?/'s is observed. This
reduction is associated with hydraulic structures (e.g., stilling basins, weirs) that slow flow, enhance

sedimentation, and attenuate pollutant transport.
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Downstream of km 23, a sharp increase in flow up to 0.53 m?*/s occurs after the confluence with a
major tributary near urbanized areas such as G6doll6 and Pécel. From km 20 to km 5, the flow remains

relatively stable (0.53—0.55 m?/s), suggesting no major inflows or abstractions.

Finally, in the lower reach (km 5 to km 0), the discharge decreases again to ~0.24 m?®/s as the stream
approaches the Danube. This is attributed to flow diversion at the Rakos overflow weir into adjacent

wetlands and floodplains, which play a role in regulating downstream peaks.
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Figure 4-11 Discharge (Q) profile in the Rikos Stream

4.7.3 Dissolved Oxygen (DO) Dynamics and Spatial Variation Along the Rakos Stream

The dissolved oxygen (DO) profile along the Rakos Stream on 15 July 2021 (Figure 4-12) shows how
various physical and biological processes interact to shape oxygen availability throughout the system.
DO levels in the upstream section (km 35-32) were relatively low, ranging between 3.2 and 3.5 mg

O2/L, which is significantly below the theoretical saturation level of around 8 mg O./L. This oxygen
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deficit is likely caused by high biological oxygen demand due to organic matter inputs from nearby

agricultural areas near Isaszeg (=<47.54 N, 19.06 E).

A distinct drop in DO is observed at km 31, where concentrations fall to approximately 2.8 mg O-/L.
This coincides with a slow-moving section just downstream of a small diversion weir (47.53 N, 19.08
E). In this area, reduced flow velocity and turbulence appear to limit re-aeration, while promoting

microbial respiration and oxygen consumption.

Between km 30 and km 25, DO levels increase sharply to about 3.8 mg O/L. This improvement is
likely due to enhanced mixing and air—water exchange caused by engineered structures such as riffles
and step-pools near G6dol1l6 (=47.58 N, 19.11 E). In the following section (km 25-20), the DO profile
stabilizes around 3.5 mg O>/L, as the stream passes through a series of settling ponds (=<47.52 N, 19.15

E) that provide moderate but sustained re-aeration.

Further downstream (km 20-10), DO concentrations gradually increase to around 4.0 mg O»/L. This
rise suggests the influence of additional oxygen inputs from smaller riffles and vegetated bank areas,
which likely serve as localized re-aeration zones. Near the end of the reach, a final weir at km 5 diverts
part of the flow toward floodplain wetlands, contributing further to DO recovery through contact with

oxygen-rich vegetation zones.

Overall, the observed DO concentrations (black squares) remained within the modeled uncertainty
range, indicating good agreement between measured and simulated values. These results highlight the
important role of hydraulic structures—such as riffles, step-pools, and floodplain wetlands—in
supporting re-aeration and reducing the impact of oxygen demand in the stream. Maintaining and
enhancing these features, particularly in the upstream reaches, can be beneficial for improving water

quality and reducing the risk of oxygen stress in aquatic habitats.
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Figure 4-12 DO profile in the Rikos Stream, Calibration period (July 2021)

The validation results (June 2021) reproduced the general longitudinal pattern of DO concentrations
along the Rakos Stream (Figure 4-13). Observed and simulated values showed close agreement in
both the upstream and downstream sections, while a noticeable deviation occurred in the midstream
reach (around km 30), where the measured DO dropped more sharply than the model predictions.
Despite this local difference, most observed values fell within the model’s uncertainty bounds,
supporting the robustness of the calibration and confirming that the model can reliably represent DO

dynamics under independent conditions.
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Figure 4-13 DO profile in the Rakos Stream, Validation period (June 2021)

4.7.4 Spatial Variation Ammonium (NH.") Concentrations in the Rakos Stream
Figure 4-14 displays the longitudinal profile of ammonium (NH4") concentrations along the Réakos
Stream on 15 July 2021. The x-axis represents the river transect (from km 40 at the headwaters to km
0 at the confluence), while the y-axis shows NHa4* concentrations in pgN/L. The black line indicates
modelled concentrations, red dashed lines show model uncertainty bounds, and black squares denote

observed data points used for calibration and validation.
- Upstream Increase and Peak Concentration

Between km 35 and km 29, NH4* concentrations increase sharply from approximately 220 ugN/L to
over 550 ugN/L. This elevated level is likely linked to external loading from agricultural runoff and

adjacent artificial surfaces. The spike may have been exacerbated by a recent rainfall event or localized

point-source discharges.
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- Sharp Decline and Sedimentation Zone

A pronounced decline in NH4* concentration occurs between km 29 and km 23, where levels drop to
below 150 ugN/L. This section includes multiple hydraulic structures such as weirs, settling basins,
and engineered impoundments. These features reduce flow velocity, enhance retention time, and
promote the deposition of both particulate and dissolved ammonium, effectively functioning as a

buffer zone that limits downstream transport of nitrogenous pollutants.
- Moderate Rebound and Stabilization

Downstream of km 23, concentrations slightly rebound to around 200 pgN/L and then stabilize
through the lower reaches (km 20 to km 0). This suggests that ammonium input and removal processes
(e.g., nitrification, sedimentation) reach an approximate balance, leading to a steady-state condition.
Minor fluctuations are likely due to low-level contributions from forested areas or diffuse urban

runoff.
- Geospatial Context

The segment with the greatest decrease in NH4" (km 29 to km 23) corresponds to the midstream region
of the watershed, encompassing municipalities such as G6dollé and Isaszeg. Located between
latitudes 47.5800—47.6000 and longitudes 19.3600-19.4000, this zone includes several channel
modifications and wider stream sections that support pollutant attenuation and enhance ecological

resilience before the stream enters its more urbanized downstream corridor.
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Figure 4-14 NH4' concentration profile in the Rakos Stream, Calibration period (July 2021)

The validation run (June 2021) reproduced the general spatial pattern of ammonium concentrations in
the Rakos Stream (Figure 4-15). The model successfully captured the upstream increase and the
subsequent downstream decline, although the observed peak at km ~30 (=900 pgN/L) was
underestimated by the simulation. In the mid- and lower reaches, simulated concentrations closely
followed the decreasing trend of the measurements, with most values remaining within the model’s
uncertainty bounds. Despite some underestimation at the downstream outlet, the overall agreement
indicates that the model provides a reliable representation of NH4* dynamics under validation

conditions.
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Figure 4-15 NH4+" concentration profile in the Rakos Stream, Validation period (June 2021)

4.7.5 Spatial Variation of Phosphate (PO+*) Concentrations in the Rakos Stream
Figure 4-16 illustrates the spatial distribution of phosphate (PO4*") concentrations along the Rakos

Stream on 15 July 2021. The x-axis represents the river transect from km 40 (headwaters) to km 0
(confluence), and the y-axis shows PO+*~ concentrations in ugP/L. The black line denotes simulated
values, the dashed red lines indicate model uncertainty bounds, and black squares represent observed

measurements used for calibration and validation.
- Upstream Concentration Increase

In the upstream segment (km 35-32), PO+* concentrations gradually increase from approximately
12,500 pgP/L to around 13,000 pgP/L. This trend likely reflects diffuse nutrient input from
agricultural runoff and minor urban discharges near Isaszeg (<47.54 N, 19.06 E). However, natural

attenuation by tributaries and riparian vegetation appears to partly buffer these effects.
- Phosphate Peak near G6dollo Confluence

A sharp peak occurs between km 32 and km 30, where concentrations rise to approximately 14,600

ugP/L. This hotspot corresponds to the confluence with the G6dollo tributary (=47.59 N, 19.11 E),
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which likely carries nutrient-rich inflows from stormwater outlets and urban maintenance zones.
Modelled and observed data both indicate this location as a critical point of elevated phosphate

loading.
- Mid-Reach Decline and Retention Effects

Further downstream (km 30-20), PO4*" levels decline to about 12,000 pugP/L. This section includes
hydraulic features such as retention basins, low-flow channels, and sedimentation ponds (=47.52 N,
19.15 E). These structures slow water movement, enhancing sedimentation and biological uptake by
aquatic flora, particularly during periods of reduced flow velocity (< 0.3 m/s). Observed values
generally fall within model uncertainty bounds, indicating effective representation of retention

processes.
- Stabilization in Lower Reaches

Between km 20 and the river mouth (km 0), phosphate concentrations remain relatively stable between
12,000 and 12,500 ugP/L. This plateau likely reflects a balance between low-level nutrient inputs
from forested and semi-natural landscapes and in-stream biogeochemical processes such as microbial

immobilization and uptake by phytoplankton.
- Implications for Watershed Management

o Targeted nutrient reduction at the G6dolld confluence is necessary to mitigate high

phosphate loads.

e Preservation and expansion of mid-reach retention structures can enhance nutrient removal

efficiency.

e Strengthening downstream riparian buffers may help maintain phosphate equilibrium and

prevent resuspension during storm events.

These measures are essential to sustain water quality in the Rédkos Stream and minimize nutrient export

to the Danube River.
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Figure 4-16 Phosphate concentration profile in the Réakos Stream, Calibration period (July 2021)

The validation results (June 2021) confirmed that the model reproduced the overall longitudinal
pattern of phosphate concentrations in the Rakos Stream (Figure 4-17). The observed upstream
increase and midstream peak (~14,500 ugP/L) were well represented, although the simulated values
slightly underestimated the magnitude of this spike. Downstream of km 25, both observed and
simulated concentrations declined to ~12,000 pgP/L, showing close agreement throughout the mid-
reach. At the outlet, measured phosphate levels rose again, whereas the model predicted lower
concentrations. Despite this underestimation, most observed data points remained within the model’s
uncertainty bounds, supporting the reliability of the model in simulating phosphate dynamics under

independent validation conditions.
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Figure 4-17 Phosphate concentration profile in the Rdkos Stream, Validation period (June 2021)

Overall, both calibration and validation results demonstrated that the QUAL2K model is capable of
reproducing the spatial patterns of key water quality parameters in the Rakos Stream with acceptable
accuracy. During calibration, the model showed strong agreement with observed values for
ammonium, phosphate, and dissolved oxygen, confirming the effectiveness of the parameter
adjustment process. Validation against an independent dataset further corroborated these findings,
with most observed values falling within the model’s uncertainty bounds. Although some
discrepancies were noted—such as the underestimation of ammonium and phosphate peaks—the
general consistency across both phases provides confidence in the model’s robustness and predictive

reliability under varying hydrological conditions.

4.7.6 Analysis Load Contribution in Rdkos Stream

Figure 4-18 presents the proportional contribution of various land use types to the total ammonium
(NH4") load within the Rékos Stream catchment. The results indicate that agricultural areas are the

dominant contributor, accounting for approximately 60% of the total NHa4" load. This substantial
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contribution is primarily attributed to surface runoft from croplands, which likely contain residual
nitrogen from fertilizers, manure, and other nutrient-rich sources commonly used in farming practices.
Forest and semi-natural areas contribute around 35% of the NH4* load. While these areas are typically
associated with lower pollution risk, the notable contribution observed here may result from natural
processes such as nitrogen mineralization, soil leaching, and subsurface flow. In addition, hydrological
pathways from upstream semi-natural zones may transport background nitrogen levels into the stream
network.

Artificial surfaces, including urban areas with impervious cover, represent the remaining 5% of the
NH4* load. Although this share is comparatively small, it may reflect contributions from urban
stormwater runoff, particularly in areas where combined sewer overflows or inadequate stormwater
infrastructure exist.

From a modeling standpoint, these findings emphasize the need to focus nutrient management efforts
on agricultural landscapes. Measures such as vegetated buffer strips, optimized fertilizer application,
and improved manure storage can substantially reduce ammonium inputs to surface waters.
Simultaneously, maintaining the ecological integrity of semi-natural areas and implementing urban
runoff mitigation strategies remain important components of a comprehensive watershed management
plan.

The load estimations were derived using a calibrated QUAL2K model integrated with high-resolution
land use data. The model accounted for key hydrological features within the catchment, including
tributary inflows, weirs, and regulated withdrawals. Calibration against field observations ensured that
simulated NH4* concentrations closely matched measured values, thereby strengthening confidence
in the model’s source attribution results.

In summary, the predominance of agricultural land use in contributing to NH4" pollution highlights
the critical importance of targeted nutrient control strategies in these areas. Effective mitigation across
all land use types is essential to protect the ecological status of the Rékos Stream and reduce

downstream nutrient export to the Danube River.
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Figure 4-18 Analysis of NHs" Load Contribution in Rakos Stream

The pie chart (Figure 4-19) provides insight into the relative contribution of different land use types
to phosphate (PO+*") pollution in the Rakos stream watershed. According to the data, agricultural areas
remain the leading source of phosphorus, accounting for 46% of the total PO load. This is consistent
with well-established findings that agricultural lands, due to fertilizer application and soil erosion, are
major contributors to phosphate runoff.

Notably, artificial surfaces contribute a significant 30% of the phosphate load. This elevated share
reflects the impact of urban runoff, which often contains detergents, leaking sewage, and other
phosphorus-rich contaminants from residential and industrial zones. The impermeable nature of
artificial surfaces also amplifies direct runoff during rainfall events, leading to higher pollutant
discharge.

Forest and semi-natural areas are responsible for the remaining 24%. While generally lower in
pollution, these areas may still contribute phosphorus through natural processes like organic matter
decomposition or via transport from upstream soils and sediments.

From a modeling perspective, this phosphate distribution illustrates the dual importance of rural and
urban land uses in shaping nutrient loads. While agricultural management remains a priority, these
results also highlight the need for urban stormwater control measures, such as green infrastructure,
retention ponds, and separation of stormwater and wastewater networks.

The model that generated these insights was carefully constructed with detailed hydrological
features—including stream geometry, flow direction, barriers, and intakes—and calibrated using
observed data at key sampling points. This ensured reliable representation of PO.* behavior under

current land use conditions.
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In conclusion, the phosphate load distribution in Rakos stream suggests that both agricultural practices
and urban runoff management must be addressed in future water quality strategies to reduce

eutrophication risk and protect downstream water bodies, including the Danube River.
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Figure 4-19: Analysis of PO+* Load Contribution in Rikos Stream

4.7.7 NRMSE Results

The model performance was evaluated using the Normalized Root Mean Square Error (NRMSE) for
both calibration and validation periods. During calibration (Table 4-8), the model demonstrated high
accuracy in simulating ammonium (NH4"; NRMSE = 0.06) and dissolved oxygen (DO; NRMSE =
0.10), while phosphate (PO+*"; NRMSE = 0.11) was also reproduced with good reliability. Streamflow
showed a relatively higher error (NRMSE = 0.38), which remains within an acceptable range given

the uncertainties in hydrological inputs and boundary conditions typical of small urban catchments.

Table 4-8 Calibration errors (NRMSE) between observed and simulated values

Parameter NRMSE
Flow 0.38
DO 0.10
NH,* 0.06
PO, 0.11

For the validation period (Table 4-9), the model maintained acceptable predictive performance.
Phosphate was captured with the highest accuracy (NRMSE = 0.08), followed by DO (NRMSE =
0.12). Ammonium showed a higher deviation (NRMSE = 0.27) compared to the calibration phase,

reflecting the influence of temporal variability and unmodeled processes during independent testing.
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Despite this, the overall consistency between calibration and validation results demonstrates that the

model is robust and reliable for simulating key water quality parameters in the Rakos Stream.

Table 4-9 Validation errors (NRMSE) between observed and simulated values

Parameter NRMSE
DO 0.12
NH,* 0.27
PO4* 0.08
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5 CONCLUSION AND RECOMMENDATIONS

This study demonstrates a clear relationship between land use and water quality in the Rakos Stream.
Urban and agricultural sites, particularly Points 8 and 3, consistently exhibited elevated nutrient
concentrations, higher electrical conductivity, and increased chlorophyll-a, accompanied by reduced
dissolved oxygen levels. In contrast, forested and less disturbed reaches, such as Points 4 and 5,
showed more stable nutrient dynamics, lower conductivity, and balanced dissolved oxygen and pH
values, highlighting the buffering capacity of natural landscapes. These stabilizing effects can be
attributed to natural processes such as sedimentation, nutrient uptake, and microbial activity, which

contribute to pollutant attenuation.

Seasonal patterns were also evident, with higher nutrient concentrations, chlorophyll-a, and pH
typically observed during the summer months. These seasonal peaks were closely linked to warmer
temperatures, enhanced biological activity, and greater runoff contributions from urban and

agricultural areas.

The QUAL2K model performed well in simulating pollutant concentrations under both high-flow and
low-flow conditions, confirming its robustness across contrasting hydrological regimes. Normalized
Root Mean Square Error (NRMSE) values indicated strong agreement between observed and
simulated data, particularly for ammonium (NH4") and dissolved oxygen (DO), confirming the
model’s reliability in representing spatial and temporal water quality dynamics. Importantly, the
multiple methodological approaches employed—including monitoring, spatial interpolation,
statistical analysis, and process-based modelling—produced consistent and mutually reinforcing

results. This convergence of evidence strengthens confidence in the study’s conclusions.

Based on these outcomes, targeted management actions are recommended. Nutrient reduction
measures should be prioritized in high-pressure areas, particularly Points 8 and 3, with special
attention to the summer season when pollutant loads are highest. The conservation and enhancement
of forested and semi-natural sections should be a management priority, given their demonstrated role
in maintaining ecological balance. In addition, the ecological and hydraulic functions of existing
structures should be explicitly considered in future planning, as they contribute to both aeration and

pollutant attenuation.
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For future research, the application of spatially explicit or coupled hydraulic—water quality models,
such as HEC-RAS integrated with QUAL2K, could provide a more detailed evaluation of restoration
options under varying flow and land use scenarios. Furthermore, the establishment of long-term,
continuous monitoring programs for both water quality and meteorological conditions is essential.
Such measures would generate valuable data to inform adaptive management and support ongoing

restoration efforts in the Rakos Stream and similar mixed-use catchments.

6 NEW SCIENTIFIC RESULTS

1. Quantified, for the first time, the contribution of specific land use types to pollutant loads in the
Rékos Stream catchment using a calibrated QUAL2K model, providing a scientifically grounded
basis for targeted and evidence-based watershed management.

2. Identified a key in-stream attenuation reach (km 29-23), where hydraulic structures (weirs,
sedimentation basins, step-pools, and vegetated banks) coincided with lower ammonium and
phosphate levels and higher dissolved oxygen concentrations. Field data combined with model
simulations confirm that hydraulic regulation and channel morphology can mitigate nutrient loads
and enhance re-aeration under local stream conditions.

3. Developed an integrated methodological framework that combines in-situ water quality
monitoring, GIS-based land use classification, and process-based QUAL2K modeling, offering a
transferable approach for similar catchments in temperate urbanizing regions.

4. Quantified seasonal variations in nutrient concentrations and dissolved oxygen (2019-2021) and
demonstrated statistically significant land use—driven shifts (e.g., heterogeneous agriculture with
NH4* and NO2").

5. Confirmed that EC and nutrient levels are reliable metrics for identifying pollution hotspots and

guiding targeted management.
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7 SUMMARY

This study investigated the impacts of land use and land cover (LULC) on surface water quality in the
Rékos Stream catchment, Hungary—an urbanizing watershed increasingly affected by anthropogenic
pressures. The research specifically examined how different land use types influence pollutant

generation, transport, and attenuation across spatial and temporal scales.

A multi-method approach was employed, combining biweekly water quality monitoring (2019-2021)
at eight sampling stations with spatial analysis using CORINE land cover data and dynamic simulation
with the QUAL2K water quality model. Key parameters monitored included ammonium (NH4"),
nitrate (NOs"), phosphate (PO+*"), dissolved oxygen (DO), electrical conductivity (EC), and
chlorophyll-a (Chl-a). GIS tools were applied to characterize land use distribution, while statistical
analyses (e.g., Pearson correlation and ANOVA) were used to explore linkages between land cover

patterns and stream water quality.

The QUAL2K model was successfully calibrated and validated using field observations and
demonstrated strong agreement between observed and simulated values. Modelling results revealed
that agricultural areas contributed disproportionately to ammonium and phosphate loads, while urban
surfaces were more closely associated with elevated nitrate, nitrite, and EC concentrations. By
contrast, forested and semi-natural areas exhibited a clear buffering capacity, supporting dilution and

nutrient retention through natural processes.

A central stretch of the stream (km 29-23), containing sedimentation ponds, weirs, and
impoundments, was identified as a critical attenuation zone where pollutant concentrations declined
markedly. These findings underscore the complementary roles of both natural features and engineered

structures in improving stream health.

Seasonal analyses further indicated that pollutant concentrations were generally higher during wetter
months, highlighting the influence of runoff-driven inputs and land use practices. This seasonal

behavior reinforces the need for temporally adaptive management strategies.

Overall, the study demonstrates the importance of integrated catchment management that accounts for
spatial heterogeneity, hydrological behavior, and land use dynamics. The combined use of field

monitoring, GIS-based assessment, and process-based modelling provides a transferable framework
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for peri-urban and mixed-use catchments, supporting long-term ecological resilience and alignment

with European water quality directives.
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