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Abstract: This study aimed to evaluate how different methods of determining design rainfall levels
and land usage affect flood hydrographs in an urban catchment; specifically, the catchment in southern
Poland. The data included daily precipitation records from 1981 to 2020 and land cover information
from Corine Land Cover and Urban Atlas databases for 2006 and 2018. The analysis involved
examining precipitation data, determining design rainfall levels, analyzing land usage databases,
exploring the influence of design rainfall levels on hydrograph characteristics, and investigating the
database’s impact on these characteristics. No discernible trend in precipitation was found. The
highest design rainfall values followed the GEV distribution, while the lowest followed the Gumbel
distribution. Both land usage databases indicated an increasing human influence from 2006 to 2018.
This study conclusively showed that the method used for estimating design rainfall and the choice of
the land usage database significantly affected hydrograph characteristics. Multivariate analyses are
recommended for design rainfall assessments, while the Urban Atlas database is preferred for urban
catchment land usage determinations due to its detailed information.

Keywords: design rainfall; land use; land cover; flooding; urban catchment

1. Introduction

In recent decades, there has been an increase in the risk of flooding in urban catchments.
These areas are complex systems with varying development rates, depending on the region.
The ongoing process of urbanization disrupts the natural water cycle in urban watersheds.
Consequently, understanding and managing hydrology in these areas is highly challenging,
partly due to the use of technical infrastructure networks, such as stormwater drainage
systems [1]. These systems interfere with the natural hydrological patterns of rivers, which
serve as receptors for rainfall runoff. Numerous studies indicate that stormwater drainage
systems contribute to increased runoff and decreased groundwater levels, ultimately rais-
ing the vulnerability of urban watersheds to hydrometeorological extremes like droughts
and floods [2,3]. For instance, Zope et al. [4] stated that urbanization and the expansion of
impermeable surfaces result in higher volumes of stormwater runoff, exacerbating flood
risks in urban areas. Yang et al. [5] examined the role of urban spatial development on the
hydrologic response at both catchment and river basins. They demonstrated that flood
peaks arrive earlier with urbanization. Early flood peaks in urban areas pose significant
threats. They can lead to loss of life, infrastructure damage, financial losses, and envi-
ronmental contamination. Intense floods can also disrupt the economy through supply
interruptions and job losses. Therefore, it is necessary to develop flood risk management
strategies and invest in resilient urban infrastructure. Additionally, research conducted
by Minning et al. [6] indicated a strong correlation between groundwater recharge rates
and the extent of the urban area. They demonstrated that the transformation of natural
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landscapes into impervious areas leads to an increase in groundwater recharge rates due
to the reduction of evapotranspiration which more than compensates for the increase in
runoff. Furthermore, the study of O’Driscoll et al. [7] showed the relationships between
urbanization and the expansion of a catchment impervious area and catchment hydrology,
groundwater recharge, stream geomorphology, climate, biogeochemistry, and stream ecol-
ogy These findings underscore the critical need for sustainable stormwater management
practices to mitigate the adverse effects of urbanization on hydrological systems.

One particularly perilous type of flood in urbanized watersheds is known as urban
flooding. These events often occur without the involvement of traditional hydrographic
elements. The primary causes of urban flooding are sudden heavy rainfall and the ongoing
sealing of urban areas, which results in a greater proportion of impermeable surfaces within
cities. In extreme cases, the increase in peak flows caused by urbanization can be as much
as 15 to 20 times higher. Urban floods are characterized by a shortened time to reach the
peak flow and an increase in their volume compared to natural watersheds. The continuous
processes of catchment sealing and accompanying climate changes lead to a more frequent
occurrence of urban flooding. For many years, urban flooding has been considered a
serious threat and poses significant risks to many cities. Therefore, it is imperative to take
proactive flood protection measures [8–10].

The implementation of effective response measures is crucial for cities to address
the increasingly complex challenges of water management and storage while promoting
sustainable living spaces. Nature-based solutions, such as blue–green infrastructure, offer
promising options in this endeavor [11]. Enhancing city sustainability through the water
modeling of hydraulic structures involves leveraging advanced computational techniques
to optimize water management within urban areas. This ensures long-term ecological and
socio-economic well-being while mitigating risks such as floods and water pollution. This
urgency is further underscored by the growing unpredictability of rainfall attributed to
climate change [12]. With urban flooding projected to escalate due to climate changes,
innovative methods are becoming increasingly indispensable [13].

Current flood risk assessment methods often lack comprehensive coverage, focusing
narrowly on specific cities and overlooking broader risk perspectives. Additionally, analyz-
ing structural displacements, including those of concrete dams and water-damming weirs,
is crucial. Practical recommendations for altering city land use can significantly enhance
sustainable water management strategies in urban areas [14]. Within the European Union’s
sustainability initiative, the exploration of functional urban areas (FUA) offers insights into
the degree of soil sealing. A viable approach to data assessment involves harnessing the
Georeferenced Database of Topographic Objects from the Polish government database to
precisely identify impermeability levels [15].

In the case of flood protection, theoretical hydrographs, known as “design hydro-
graphs”, play a crucial role. These represent theoretical flood wave profiles that depict the
flow characteristics that can occur under specific conditions, at a chosen location, for a given
maximum flow rate [16]. Design hydrographs are vital in water management because, in
addition to conveying information about relevant flow rates, they provide additional details
about the flood wave, such as its duration, time to reach the peak, and total volume. With
this information, transformations of the flood into the watercourse or through a retention
reservoir can be implemented. The methods for determining the shape of theoretical hy-
drographs can be categorized as those applied in controlled and uncontrolled watersheds.
In controlled watersheds, they are typically determined based an average determined from
several observed hydrographs [17]. In the case of uncontrolled watersheds, design hydro-
graphs are usually established using rainfall-runoff models. Constructing such models
involves various steps, including determining the relevant rainfall magnitude, establishing
the rainfall hyetograph, determining effective rainfall, transforming rainfall into runoff,
and deriving the total runoff hydrograph.

In hydrological practice, various techniques supporting hydrological modeling are
used, in light of the sustainable development of urban areas. The fusion of deep learning
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techniques with gradient boosting in rainfall-runoff simulations presents a promising strat-
egy [18]. Utilizing data-driven techniques such as airborne laser scanning (ALS), a Digital
Surface Model (DSM), and a Digital Terrain Model (DTM) in urban areas [19], along with
defined mathematical equations for risk assessments, significantly contributes to ensuring
city sustainability. Numerical modeling, including two-dimensional (2-D) depth-averaged
shallow-water models, is essential for accurately predicting flash-flood propagation in ur-
ban areas following excessive rainfall events [20]. Addressing backwater effects and sudden
flow regime changes through detailed river models further emphasizes the importance of
employing 2-D models [21]. Integrating hydrological and flood models to estimate surface
and peak flow rates from precipitation storm events, especially in areas with high annual
precipitation levels, is indispensable. For instance, modeling water pollution emergencies
in urban rivers using methods like the autoregressive integrated moving average (ARIMA)
and the Coupled River Basin–Urban Hydrological Model (DRIVE-Urban) underscores the
importance of integrated hydrological and hydraulic modeling [22,23]. Models such as
the Catchment Modeling System and TuFlow, which combine a one-dimensional river
flow with two-dimensional surface flow models, are instrumental in effectively delineating
flood risks [24]. Furthermore, the deployment of hydrologic software such as a Hydrologic
Engineering Center–Hydrological Model System (HEC-HMS) and hydraulic software like
a Hydrologic Engineering Center–River Analysis System (HEC-RAS) is vital for effectively
managing man-made drainage systems prone to damage during intense rainfall [25].

The input signal for rainfall-runoff models is the so-called design rainfall. Design
rainfalls can be estimated using various theoretical probability distribution functions [26].
In many cases, statistical distributions for calculating design rainfall are chosen arbitrarily,
and the resulting rainfall depths can vary significantly, even for the same return period. This
is a significant practical problem when applying rainfall-runoff models because different
magnitudes of design rainfall can significantly affect the shape of the design hydrograph.

Apart from the magnitude of the design rainfall, another key piece of information
used in hydrological modeling is land cover and land use in the catchment. Such data
can be obtained from various information sources, and they differ primarily in terms of
resolution and processing methods. An essential aspect is accounting for the temporal
variability of land cover and the systematic updating of the database. Information from
high-resolution sources becomes outdated more quickly than data from lower-resolution
databases. Therefore, more frequent updates are necessary [27].

Currently, there are many methods available for determining design rainfall depths
and defining the land use structure of catchments. As a result, the shape of design hydro-
graphs can differ even within the same watersheds, depending on the chosen calculation
methodology. Therefore, the aim of this study was to determine the influence of selecting
methods for estimating design rainfall and defining land use on the shape of design hy-
drographs in a selected urban catchment. In the presented research, the question of how
design rainfall heights, obtained from various distributions, affect the characteristics of
design hydrographs was addressed. Additionally, the possibility of using the Urban Atlas
to determine the land use structure of the catchment was investigated. This database has
not been previously utilized in similar hydrological analyses, which constitutes a novelty
in the conducted research.

2. Materials and Methods

This study was conducted following these stages: determining design rainfall depths
using selected probability distributions, analyzing land use and land cover within the
catchment based on the Corine Land Cover and Urban Atlas databases, analyzing the
depth of effective rainfall calculated from design rainfall and land use/land cover data,
and analyzing the characteristics of design hydrographs concerning the method used
for estimating design rainfall and the databases employed for land use and land cover
delineation within the catchment.
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2.1. Study Area

The research was conducted within the Drwinka River catchment. This catchment is
located exclusively in the city of Kraków, Poland (Figure 1). The choice of the Driwnka
catchment is justified for significant reasons. Firstly, the Driwnka catchment is characterized
by high human pressure, mainly due to the intense urbanization of the area. This means that
this area is particularly vulnerable to changes in the circulation of surface and groundwater,
increasing the risk of urban floods. The strong sealing of the catchment leads to increased
surface runoff and the reduced infiltration of water into the ground. Therefore, a sharp
increase in flows is observed there after heavy rainfall events. Additionally, in recent years,
Driwnka has experienced many urban floods, making it an area of particular importance
for the analysis and understanding of mechanisms influencing this type of extreme events.
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Figure 1. Location of the Drwinka catchment area.

The catchment covers a total surface area of 13.57 km2. The primary stream within the
catchment extends for 5.97 km and has a gradient of 9‰. There is an elevation difference
of 115 m within the catchment, resulting in an overall gradient of 31‰. The Drwinka
River catchment is classified as urban, with nearly 90% of the area being urbanized. The
remaining portion consists of agricultural land and green areas. In the catchment, soils
belonging to the hydrological soil group C predominate. They are characterized by below-
average permeability, with infiltration coefficients ranging from 3.8 to 7.6 mm·h−1. These
are primarily stratified soils with poorly permeable layers, clayey silts, shallow sandy clays,
soils with low organic matter contents, and soils with high proportions of clay particles.
The average annual precipitation in the catchment is 835 mm, with an average annual
temperature of 9 ◦C.

2.2. Materials

The research was primarily based on time series data of maximum daily rainfall (Pmax)
spanning the years 1981–2020. These data were obtained from the Institute of Meteorology
and Water Management, National Research Institute in Warsaw. Spatial analyses were con-
ducted using Geographic Information System (GIS) techniques, relying on a hydrographic
division map of Poland. The soil substrate characteristics were determined based on a
hydrological soil classification map. Land use and land cover within the catchment were
defined using the Corine Land Cover (CLC) and Urban Atlas (UA) databases. The research
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was carried out in the following stages: determination of design rainfall levels, analysis of
land use changes, calculation of effective rainfall, and the estimation of design hydrographs.

2.3. Determination of Design Rainfall

The basis for determining design rainfall levels was a time series of the maximum
annual daily rainfall for the Drwinka catchment, covering the period from 1980 to 2020.
The data underwent an initial analysis, which included calculating descriptive statistics.
Subsequently, a trend verification was carried out using a modified Mann–Kendall test
(MMK). The analysis was conducted at a significance level of α = 0.05. The statistic S of the
MMK test is described by the following equation [28,29]:

S = ∑n−1
k=1 ∑n

j=k+1 sgn(xj − xk
)

(1)

sgn
(
xj − xk

)
=


1 for

(
xj − xk

)
> 0

0 for
(
xj − xk

)
= 0

−1 for
(
xj − xk

)
< 0

(2)

where:
n is the number of elements in the time series.
The normalized statistic Z was calculated according to the equation:

Z =
S − sgn(S)

Var(S)1/2 (3)

where:
Var(S) is the variance of S, determined from the equation:

Var(S) =
1

18
·(n·(n − 1)·(2·n + 5)) (4)

The main assumption of the MMK test being used is the absence of autocorrelation in
the data series. In the case of analyzing the maximum annual daily rainfall, such depen-
dencies can occur, leading to an underestimation of the variance value Var(S). Therefore, a
correction for variance, calculated only for data with significant partial autocorrelation, has
been taken into account:

Var × (S) = Var(S)· n
n∗

s
(5)

where:
n
n∗

s
is the effective number of observations, calculated as:

n
n∗

s
= 1+

2
n(n − 1)(n − 2)

·∑n−1
k=1 (n − k)(n − k − 1)(n − k − 2)ρk (6)

where k is lag and ρk is the value of the next significant autocorrelation coefficient.
After verifying the precipitation data, the design rainfall values (PT) were determined.

The following probability distributions were utilized for this purpose: Pearson Type III
(PIII), Weibull, logarithmic-normal, generalized extreme value (GEV), and Gumbel. The
rainfall depths were determined according to the following relationships [30]:

Pearson’s type III distribution:

PT = ε+
t(λ)
α

(7)

Weilbull’s distribution:

PT = ε+
1
α
·[−ln(1 − p)] 1/β (8)



Sustainability 2024, 16, 4805 6 of 21

Log-normal distribution:

PT = ε + exp(µ + σ·up) (9)

Generalized extreme value (GEV) distribution:

PT =

{
ξ+

(
α
κ

)
·[1 − (− ln(p))]κ whenκ ̸= 0

ξ− α·ln[− ln(p)] whenκ = 0
(10)

Gumbel’s distribution:
PT = µ− 1

α
· ln(ln

1
1 − p

) (11)

where:
ε—lower limit of the series;
κ, λ, β—shape parameters;
α—scale parameter;
ξ—location parameter;
µ, σ—parameters of log-normal and Gumbel’s distribution;
p—probability of exceedance;
up—quantile of p order.
The distribution parameters were estimated by means of the maximum likelihood

method. The consistency of the theoretical distribution with the empirical distribution was
verified with the Kolmogorov–Smirnov test [31]. For further analysis, design rainfall with
a return period of 100 years was adopted. The assessment of the best-fitting distribution
was conducted using the root mean square error (RMSE) criterion. The design rainfall
distribution over time (rainfall hyetograph) was determined using the beta method. The
procedure for calculating the design rainfall hyetograph using this method was described
by Młyński [32].

2.4. Exploring Changes in Catchment Land Use

The data were collected for the years 2006 and 2018, and sourced from both the Corine
Land Cover (CLC) and the Urban Atlas (UA) dataset. Urban Atlas focuses on urban areas
with populations exceeding 100,000 residents across all European Union countries, and it
was developed as part of the Copernicus program. The land cover classification in the CLC
database encompasses all types of land cover present on the European continent. It serves
as the sole periodically updated database that displays the entire country and adheres
to standardized principles. Vector layers were converted to match the boundaries of the
Drwinka River catchment, followed by land area computations and visualizations using
QGIS-“Firenze” software version 3.21.

2.5. Determining the Amount of Effective Precipitation

Effective rainfall (Pnet) was determined using the SCS-CN method. In this method,
the rainfall depth is dependent on the infiltration capacity of the soil substrate, land use
within the catchment, and the moisture conditions in the catchment. The infiltration
capacity of soils is determined based on the hydrological soil classification, assigning them
to groups A, B, C, or D. The moisture conditions in the catchment are described using
the AMC parameter and can assume three states: dry (AMC I), moderate (AMC II), and
wet (AMC III). The depth of effective rainfall is determined according to the following
relationships [32,33]:

Pnet =

{
(P−0.2S)2

P+0.8S when P ≥ 0.2S
0 when P < 0.2S

(12)

where:
Pnet—effective rainfall depth (mm);



Sustainability 2024, 16, 4805 7 of 21

P—total rainfall depth [mm];
S—maximum potential retention of the catchment (mm).
The maximum potential retention of the catchment, S, is directly related to the CN

parameter. The value of retention S is determined according to the following relationship:

S = 25.4(
1000
CN

− 10) (13)

The depth of effective rainfall was calculated for rainfall events with return periods
of 1000, 100, 50, 20, and 10 years. The key parameter for determining the effective rainfall
depth is the CN (Curve Number) parameter, which describes the retention capabilities of
watersheds. This parameter depends on several factors such as initial soil moisture, soil
type, and land use in the catchment. CN parameter values range from 0 to 100, where higher
values indicate limited retention capabilities of the catchment and favorable conditions for
surface runoff formation. The unit values of the CN parameter were determined based on
Maidment’s work [34]. Since the analyzed catchment exhibits diverse land use, the CN
parameter value for this catchment was determined as a weighted average, as described in
Tailor and Shrimali’s work [35].

CNw =
∑ CNi·Ai

A
(14)

where:
CNw—weighted curve number (-);
CNi—curve number for particular land use (-);
Ai—area with curve number CNi (km2);
A—catchment area (km2).

2.6. Determining the Course of Design Hydrographs

The design hydrographs were determined using the Nash model. In the Nash model,
the catchment is conceptualized as a cascade of N linear reservoirs, each with its retention
parameter, k. The Nash model relies on the concept of the instantaneous unit hydrograph
(IUH), which represents the catchment’s response to the instantaneous net rainfall. The
IUH is characterized by a two-parameter gamma function, as described by [36]:

u(t) =
1

k·Γ(N)
·( t

k
)N−1exp(− t

k
) (15)

where:
u(t)—ordinates of IUH (h−1);
t—time from the beginning of coordinate system (h);
N—number of linear reservoirs (-);
k—retention parameter of each reservoir (h);
Γ(N)—gamma function (-).
The characteristic values of an IUH hydrograph are the peak (up), time to peak (tp),

and lag-time (LAG). The characteristics are connected with model parameters N and k as:

tp = (N − 1)·k (16)

LAG = (N − 1)·k (17)

up =
1

k·Γ(N)
· (N − 1)
exp(N − 1)

N−1
(18)

where:

N is the number of linear reservoirs (–);
k is the retention parameter of each reservoir (h).
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In this study, design hydrographs were determined based on the specified theoretical
probability distributions for design rainfall. Effective rainfall depths were calculated
using the design rainfall data and land use information from CLC and UA databases.
After obtaining the design hydrographs, their characteristics were determined, including
maximum flows, volumes, and time to peak. Subsequently, a comparison was made
between these characteristics, considering the method of estimating design rainfall and the
database used to define land use within the catchment.

3. Results and Discussion
3.1. Design Rainfall Analysis

Design rainfall was determined based on a time series of the maximum annual daily
rainfall for the period 1981–2020. Descriptive statistics were computed for the analyzed
data series, and its verification was conducted using the Mann–Kendall test (MMK). The
results of this analysis are presented in Figure 2. The Pmax is the annual daily maximum
precipitation, Cv is the coefficient of variation, and Z MMK is the statistic of the modified
Mann–Kendall test.
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Figure 2. Pmax rainfall pattern for the Drwinka catchment.

Based on the values presented in Figure 3, it was observed that the lowest Pmax rainfall
occurred in 2012, while the highest was in 2010. The maximum value was almost five times
higher than the minimum. The average Pmax rainfall for the period 1981–2020 was just
under 45 mm. Research conducted by Jarosińska and Bodziony [37] indicated that the
average annual rainfall for the city of Krakow, determined based on a time series from
the period 1951–2018, was 684 mm. Therefore, the Pmax rainfall values represented 3%
to 17% of the annual rainfall, with the average Pmax value corresponding to 7% of the
annual rainfall in Krakow. These results may indicate a rapid onset of the analyzed events.
This is due to the location of the catchment, which is situated in the southern region of
Poland characterized by complex physiographic and meteorological conditions. Mountain
ranges in the area intensify rainfall. Additionally, the region frequently experiences the
convergence of different types of atmospheric precipitation, leading to extremely intense
and high-impact episodes resulting in catastrophic floods and landslides [38].



Sustainability 2024, 16, 4805 9 of 21

Sustainability 2024, 16, x FOR PEER REVIEW 9 of 21 
 

of the annual rainfall, with the average Pmax value corresponding to 7% of the annual rain-
fall in Krakow. These results may indicate a rapid onset of the analyzed events. This is 
due to the location of the catchment, which is situated in the southern region of Poland 
characterized by complex physiographic and meteorological conditions. Mountain ranges 
in the area intensify rainfall. Additionally, the region frequently experiences the conver-
gence of different types of atmospheric precipitation, leading to extremely intense and 
high-impact episodes resulting in catastrophic floods and landslides [38]. 

Analyzing the coefficient of variation (Cv), it was noted that its value was less than 
40%. This indicates moderate variability in the Pmax rainfall values during the study period. 
The Z-statistic from the Mann–Kendall test was lower than the critical value, which is 1.96 
for a significance level of α = 0.05. Therefore, it was concluded that there was no significant 
trend in the analyzed time series. In general, the verification of the rainfall trend plays a 
significant role in hydrograph modeling. The trend in rainfall data can influence the hy-
drological characteristics of watersheds. If the trend is not accounted for, modeling results 
may be biased. Additionally, the rainfall trend can affect flood risk. Increasing the rainfall 
intensity can lead to a higher frequency and intensity of floods. This is confirmed by re-
search findings conducted by Wasko and Nathan [39], who demonstrated that such a re-
lationship, especially in the case of flash floods, is characteristic of urbanized areas. The 
verification of the rainfall trend allows for a be�er understanding of changes in flood risk. 
Moreover, hydrological forecasts are used in the design of water infrastructure. The trend 
in rainfall significantly impacts the required capacities and performances of these struc-
tures. The verification of the rainfall trend enables the proper scaling of water infrastruc-
ture, thereby minimizing flood risk The obtained coefficient of variation values and the 
lack of a significant trend align with the research conducted by Młyński et al. [40]. Their 
analysis showed that the southern region of Poland exhibits moderate variability in max-
imum rainfall. Moreover, long-term trends in maximum rainfall are typically not observed 
here, only localized fluctuations driven by local meteorological conditions. Based on the 
Pmax rainfall data series, design rainfall values (PT) were determined using the following 
probability distributions: Pearson Type III, GEV, Weibull, Gumbel, and log-normal. The 
results of this analysis are presented in Figure 3. 

 
Figure 3. Theoretical design rainfall distribution curves. 

The analyzed probability distributions find widespread application in estimating de-
sign rainfall values. Through the calculations, significant discrepancies were evident in 
the design rainfall values for a return period of 100 years. Specifically, these values were 
110.9, 93.2, 93.1, 89.4, and 109.4, corresponding to the GEV, PIII, Weibull, Gumbel, and 
log-normal distributions, respectively. This resulted in a 15% difference between the low-
est value (Gumbel) and the highest value (GEV). To determine the best-fi�ing theoretical 

Figure 3. Theoretical design rainfall distribution curves.

Analyzing the coefficient of variation (Cv), it was noted that its value was less than
40%. This indicates moderate variability in the Pmax rainfall values during the study period.
The Z-statistic from the Mann–Kendall test was lower than the critical value, which is 1.96
for a significance level of α = 0.05. Therefore, it was concluded that there was no significant
trend in the analyzed time series. In general, the verification of the rainfall trend plays
a significant role in hydrograph modeling. The trend in rainfall data can influence the
hydrological characteristics of watersheds. If the trend is not accounted for, modeling
results may be biased. Additionally, the rainfall trend can affect flood risk. Increasing the
rainfall intensity can lead to a higher frequency and intensity of floods. This is confirmed
by research findings conducted by Wasko and Nathan [39], who demonstrated that such a
relationship, especially in the case of flash floods, is characteristic of urbanized areas. The
verification of the rainfall trend allows for a better understanding of changes in flood risk.
Moreover, hydrological forecasts are used in the design of water infrastructure. The trend in
rainfall significantly impacts the required capacities and performances of these structures.
The verification of the rainfall trend enables the proper scaling of water infrastructure,
thereby minimizing flood risk The obtained coefficient of variation values and the lack of a
significant trend align with the research conducted by Młyński et al. [40]. Their analysis
showed that the southern region of Poland exhibits moderate variability in maximum
rainfall. Moreover, long-term trends in maximum rainfall are typically not observed
here, only localized fluctuations driven by local meteorological conditions. Based on the
Pmax rainfall data series, design rainfall values (PT) were determined using the following
probability distributions: Pearson Type III, GEV, Weibull, Gumbel, and log-normal. The
results of this analysis are presented in Figure 3.

The analyzed probability distributions find widespread application in estimating
design rainfall values. Through the calculations, significant discrepancies were evident in
the design rainfall values for a return period of 100 years. Specifically, these values were
110.9, 93.2, 93.1, 89.4, and 109.4, corresponding to the GEV, PIII, Weibull, Gumbel, and
log-normal distributions, respectively. This resulted in a 15% difference between the lowest
value (Gumbel) and the highest value (GEV). To determine the best-fitting theoretical
distribution to the empirical distribution of random variables, the RMSE criterion was
employed. The results are presented in Table 1.
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Table 1. Values of the RMSE criterion for the analyzed probability distributions.

Distribution RMSE

GEV 4.7
PIII 6.1

Weibull 6.1
Gumbel 6.7

log-normal 4.6

Upon analyzing the RMSE criterion values, it was determined that the log-normal
distribution is the best-fitting distribution for calculating design rainfall. Conversely, the
Gumbel distribution exhibits the weakest fit. Consequently, the log-normal distribution,
as the best-fitting one, was employed for further analyses aimed at assessing the impact
of the land use database selection on the determination of design hydrograph shapes. In
the modeling of rainfall-runoff processes, it is common to assume that the return period
for rainfall matches that for the peak runoff. The critical challenge lies in defining the
best distributions for calculating design rainfall (PT), as meteorological data often support
hypotheses that their empirical distributions align with one theoretical distribution rather
than multiple. This presents a significant issue for designers, as these rainfall inputs serve
as the foundational signal for rainfall-runoff models. Utilizing rainfall from different
distributions can lead to varying values of design hydrograph characteristics, even within
the same catchment. Studies on the multi-distribution nature of design rainfall have been
conducted, including research by Moccia et al. [41]. These studies have demonstrated
that typically, the best-fitting distributions for estimating characteristics are right-skewed,
heavy-tailed distributions, such as GEV or log-normal.

3.2. Analysis of the Catchment’s Land Use

In the subsequent phase of the study, a comparison was made between the land use
structures within the catchment as represented by two databases: Corine Land Cover
(CLC) and Urban Atlas (UA). The analysis was conducted using information gathered
from the years 2006 and 2018. Figure 4 illustrates the spatial differentiation of various
land use categories. Tables 2 and 3 provide an overview of land use within the catchment
for the years 2006 and 2018, based on the CLC and UA databases, respectively. Upon
examining the values presented in Tables 2 and 3, it is evident that the UA database
provides significantly more detailed information regarding land use forms within the
catchment. According to the UA database, the dominant land use category in the catchment
is “Discontinuous dense urban fabric” (S.L.: 50–80%), which currently covers just under
22% of the total catchment area. Analyzing the changes in the land use structure between
2006 and 2018 revealed a reduction in the areas of land use categories such as agricultural
land, semi-natural areas, wetlands, green urban areas, land without current use, and sports
and leisure facilities. Conversely, an increase in the land area was observed for categories
including continuous urban fabric (S.L.: >80%), discontinuous dense urban fabric (S.L.:
50–80%), discontinuous medium-density urban fabric (S.L.: 30–50%), discontinuous very-
low-density urban fabric (S.L.: <10%), industrial, commercial, public, military, and private
units, mineral extraction and dump sites, other roads and associated land, and pastures.
The S.L. is the sealing layer [42]. The most substantial reduction in land area occurred in
the categories of agricultural land, semi-natural areas, and wetlands, which accounted
for 12% of the total catchment area in 2006, but dropped to just under 3% in 2018. The
transformation of land use in the catchment area from 2006 to 2018 has revealed some
remarkable trends, with pastures emerging as the most noteworthy addition. In 2006,
pastures were entirely absent from the landscape, but by 2018, they had burgeoned to
occupy a substantial 8% of the entire catchment area. This significant shift in land use is just
one of the intriguing findings unearthed through a comprehensive analysis of the Corine
Land Cover (CLC) database.
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Table 2. Use of the Drwinka catchment in 2006 and 2018 according to the CLC database.

Level 1 Level 2 Level 3
Area [km2]

2006 2018

Artificial surfaces

Urban fabric Continuous urban fabric 8.286 8.526

Industrial, commercial, and
transport units

Industrial or commercial units 1.077 1.001

Road and rail networks and associated land 1.413 1.413

Artificial, non-agricultural
vegetated areas

Green urban areas 0.911 1.231

Sport and leisure facilities 0.448 0.559

Agricultural areas

Arable land Non-irrigated arable land 0.662 0.000

Pastures Pastures 0.772 0.848

Heterogeneous
agricultural areas Complex cultivation patterns 0.009 0.000

At the broadest level of land use categorization, as defined by CLC’s level 1 classi-
fication, we encounter two prominent categories: “artificial surfaces” and “agricultural
areas”. What sets CLC apart from other databases, such as the Urban Atlas (UA), is its
omission of a separate category for forests. Instead, it consolidates forested regions under
various other land use designations, making the assessment of forested areas more intricate.
Intriguingly, according to CLC’s data, the predominant form of land use in the region is
categorized as “continuous urban fabric”. This label encompasses just under 63% of the
entire catchment area. This finding underscores the pervasive and extensive urbanization
that has taken place over the years, highlighting the transformation of the landscape into a
seamless fabric of urban development. In summary, the expansion of pastures, the unique
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categorization approach of CLC, and the dominance of “continuous urban fabric” as the
prevailing land use highlight the dynamic shifts and complexities in the land use patterns
within the catchment area over the analyzed timeframe. When we delve into the changes
in the land use patterns, a decrease in the land area has been noted in categories such as
“industrial or commercial units”, “non-irrigated arable land”, and “complex cultivation
patterns”. Conversely, there has been an expansion in land area for “continuous urban
fabric”, “green urban areas”, “sports and leisure facilities”, and “pastures”. However, it
is crucial to recognize that these disparities exhibit the same dynamism as observed in
the UA database. According to the CLC database, the most notable decline has taken
place in the category of “non-irrigated arable land”, which accounted for nearly 5% of the
catchment area in 2006, but is no longer discernible in the 2018 dataset. Conversely, the
most substantial expansion has occurred in “green urban areas”, with a land area increase
of nearly 3% in 2018 compared to 2006.

Table 3. Use of the Drwinka catchment in 2006 and 2018 according to the UA database.

Land Use
Area [km2]

2006 2018

Agricultural, semi-natural areas, wetlands 1.629 0.381
Construction sites 0.009 0.019
Continuous urban fabric (S.L.: >80%) 1.989 2.073
Discontinuous dense urban fabric (S.L.: 50–80%) 2.878 2.960
Discontinuous low-density urban fabric (S.L.: 10–30%) 0.000 0.005
Discontinuous medium-density urban fabric (S.L.: 30–50%) 0.037 0.072
Discontinuous very-low-density urban fabric (S.L.: <10%) 0.000 0.016
Forests 0.038 0.038
Green urban areas 1.954 1.710
Industrial, commercial, public, military, and private units 2.140 2.369
Isolated structures 0.000 0.003
Land without current use 0.334 0.286
Mineral extraction and dump sites 0.000 0.009
Other roads and associated land 0.942 0.947
Pastures 0.000 1.089
Railways and associated land 1.266 1.264
Sports and leisure facilities 0.335 0.310
Water 0.027 0.027

As the catchment contains only soils with above-average permeability, categorized as
group B according to the hydrological soil classification, the only differentiating factor for
the CN parameter in calculating the effective rainfall depth is the area covered by various
land uses. Table 4 presents the average CN parameter values determined for the years 2006
and 2018 based on the analyzed land use databases within the catchment.

Table 4. The value of the CN parameter for the research catchment.

Database 2006 2018

CLC 85.0 85.0
UA 79.1 79.4

The examination of the CN parameter values, as outlined in Table 4, reveals a note-
worthy contrast when computed based on the CLC database versus the UA database. It
is essential to highlight that the CN value is significantly higher when derived from the
UA database for the year 2018. In contrast, the CN parameter exhibits consistency when
calculated using the CLC database. This variation can be attributed to the diminished
precision of the CLC database relative to the UA database, which manifests in the extent of
alterations observed across diverse land use categories within the Drwinka catchment. In a
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broader contextual perspective, an overarching trend emerges when scrutinizing shifts in
land utilization within the catchment between the years 2006 and 2018. This overarching
trend underscores the escalating urbanization of the catchment alongside a concurrent
reduction in agricultural land. These findings validate the outcomes of investigations
conducted by Cegielska et al. [43], who identified a pronounced and statistically significant
trend prevailing in the southern regions of Poland characterized by the gradual contraction
of agricultural territories in favor of burgeoning urbanized zones. This trend is chiefly
propelled by socio-economic transformations and novel economic paradigms ushered in
by the political metamorphosis that took place in Poland post-1989. Additionally, the
expansive development of transportation networks, exemplified by the proliferation of
high-speed road infrastructure, has played a pivotal role in catalyzing urbanization. It is
noteworthy that the number of such high-speed roads in Poland doubled between 2011
and 2016, resulting in the concomitant disappearance of extensive swathes of agricultural
and forested landscapes [44].

It is imperative to underscore that the burgeoning urbanized areas exert a substantial
influence on the sphere of water resources and water management [45]. Extensive research
conducted by Wojkowski et al. [46] serves to underscore that the trajectory of urbanization
continues its inexorable ascent in the southern regions of Poland, even as agricultural
expanses dwindle. These transformative changes have a direct bearing on the creation of
what is termed the “hydrological potential” of these watersheds. However, it is pivotal to
note that such changes occur at a gradual pace and do not necessarily herald alterations
to the hydrological regimes of rivers. Conversely, empirical investigations conducted by
Lepeška et al. [29] cogently illustrate that the ongoing process of urbanization invariably
leads to the outflow of water at diverse levels within watersheds. While some of these
effluxes may be comparatively minor, others can exert a pronounced and far-reaching
impact on the overall catchment, including precipitating episodes of soil drought, primarily
as a result of the erosion of the infiltration capacity.

3.3. The Impact of the Selected Method for Estimating Design Rainfall on the Course of
Design Hydrographs

Subsequently, this study has delved into analyzing the impact of selecting different
methods for estimating design rainfall on the configuration of design hydrograph char-
acteristics. The effective rainfall depth was computed using the SCS-CN method, with
the CN parameter values derived from the detailed land use representation provided by
the UA 2018 dataset. The design hydrograph profiles were established utilizing the Nash
model. Figure 5 visually depicts the design hydrograph profiles, offering insights into their
temporal dynamics. Table 5 provides a comprehensive compilation of key characteristics
associated with these design hydrographs, facilitating a quantitative assessment of their
properties. Figure 5 further elucidates the intricate interplay between the magnitude of
design rainfall and the ensuing characteristics of flood waves. This graphical representa-
tion underscores the correlation between the design rainfall depth and the corresponding
attributes of flood hydrographs, offering valuable insights into the hydrological response
of the Drwinka catchment under varying precipitation scenarios.



Sustainability 2024, 16, 4805 14 of 21

Sustainability 2024, 16, x FOR PEER REVIEW 14 of 21 
 

Specifically, the difference between the flood volumes and peak flows computed using the 
GEV and Gumbel distributions amounted to 237,268 m3 and 7745 m3·s⁻¹, respectively. 
These results underscore the impact of a 1 mm increase in design rainfall, leading to a 
0.363 m3·s⁻¹ rise in the peak flow and an increment of over 11,000 m3 in the flood volume. 
This highlights that the choice of the design rainfall distribution can significantly influence 
the characteristics of design hydrographs generated by the Nash model in urbanized wa-
tersheds. It is crucial to emphasize that the selection of a suitable model for computing 
design hydrographs is a pertinent issue for engineering applications. Models used in ur-
banized watersheds should ideally require minimal input data and parameters, contin-
gent upon data availability. The Nash model fulfills this criterion, making it a suitable 
choice for ungauged watersheds as well. The studies conducted by Barszcz [47] have in-
dicated an average relative error of approximately −10% for flow predictions made by the 
Nash model in small urbanized watersheds, further endorsing its applicability in un-
gauged watersheds. 

 
Figure 5. Design hydrograph courses for design rainfall determined using the analyzed probability 
distributions. 

Table 5. Values of hydrograph characteristics for the specified design rainfall depths. 

Distribution P [mm] Pnet [mm] V [m3] Qmax [m3·s−1] 

GEV 110.9 58.4 791,978 26.385 
PIII 93.2 43.9 595,478 19.923 
Weibull 93.1 43.8 594,398 19.887 
Gumbel 89.4 40.9 554,710 18.640 
log-normal 109.4 57.1 774,956 25.834 
P—design rainfall; Pnet—effective rainfall; V—flood volume; Qmax—maximum flow during a flood. 

Statistical methods are commonly employed tools for estimating design rainfall. 
These methods, above all, consider the intricate and variable nature of rainfall pa�erns in 
a given region, making it possible to account for precipitation pa�erns that occur in vari-
ous regions or seasons. This has been substantiated by the analyses conducted by Yonus 
et al. [48] and Lavanya et al. [49]. Furthermore, these methods incorporate the local cli-
matic conditions and physiographic characteristics of the areas for which design rainfall 
is calculated. An example of such consideration can be found in the analyses by Villarini 
et al. [50], which demonstrated significant relationships between the parameters of the 
investigated rainfall distributions and the elevation of meteorological stations, which 
serve as data sources. Moreover, many hydroengineering standards and guidelines are 
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Table 5. Values of hydrograph characteristics for the specified design rainfall depths.

Distribution P [mm] Pnet [mm] V [m3] Qmax [m3·s−1]

GEV 110.9 58.4 791,978 26.385
PIII 93.2 43.9 595,478 19.923
Weibull 93.1 43.8 594,398 19.887
Gumbel 89.4 40.9 554,710 18.640
log-normal 109.4 57.1 774,956 25.834

P—design rainfall; Pnet—effective rainfall; V—flood volume; Qmax—maximum flow during a flood.

The presented results reveal the lowest values of flood volumes (V) and peak flows
(Qmax) when employing the Gumbel distribution for the design rainfall estimation, while
the highest values are obtained with the Generalized Extreme Value (GEV) distribution.
These findings correspond to the design rainfall depth (P) selected for each distribution.
Specifically, the difference between the flood volumes and peak flows computed using
the GEV and Gumbel distributions amounted to 237,268 m3 and 7745 m3·s−1, respectively.
These results underscore the impact of a 1 mm increase in design rainfall, leading to a
0.363 m3·s−1 rise in the peak flow and an increment of over 11,000 m3 in the flood volume.
This highlights that the choice of the design rainfall distribution can significantly influence
the characteristics of design hydrographs generated by the Nash model in urbanized water-
sheds. It is crucial to emphasize that the selection of a suitable model for computing design
hydrographs is a pertinent issue for engineering applications. Models used in urbanized
watersheds should ideally require minimal input data and parameters, contingent upon
data availability. The Nash model fulfills this criterion, making it a suitable choice for
ungauged watersheds as well. The studies conducted by Barszcz [47] have indicated an
average relative error of approximately −10% for flow predictions made by the Nash model
in small urbanized watersheds, further endorsing its applicability in ungauged watersheds.

Statistical methods are commonly employed tools for estimating design rainfall. These
methods, above all, consider the intricate and variable nature of rainfall patterns in a
given region, making it possible to account for precipitation patterns that occur in various
regions or seasons. This has been substantiated by the analyses conducted by Yonus
et al. [48] and Lavanya et al. [49]. Furthermore, these methods incorporate the local
climatic conditions and physiographic characteristics of the areas for which design rainfall
is calculated. An example of such consideration can be found in the analyses by Villarini
et al. [50], which demonstrated significant relationships between the parameters of the
investigated rainfall distributions and the elevation of meteorological stations, which serve
as data sources. Moreover, many hydroengineering standards and guidelines are based on
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statistical distributions. This is particularly crucial in the context of urbanized watersheds,
where the sizing of various engineering solutions relies on these methods. Differences
stemming from the selection of a specific method for estimating design rainfall can be
substantial, ranging from 10% for a 10-year return period to as much as 50% for longer
return periods [51]. Thus, the choice of the method for determining design rainfall plays a
pivotal role in engineering hydrology.

3.4. The Impact of Land Use Database Selection on Design Hydrographs

In the subsequent phase of the research, an analysis was conducted to examine the
impact of selecting the land use database on the shaping of runoff hydrographs. The
design rainfall depth was assumed to follow a log-normal distribution, which was the
best fit according to the RMSE criterion. Figure 6 illustrates the distribution of effective
rainfall depths determined using the SCS-CN method, contingent upon the chosen land
use database.
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land use databases.

Analyzing the results presented in Figure 6, it is evident that the UA database exhibits
significantly greater variability in the distribution of effective rainfall within the catchment.
This variability is attributed to the higher level of detail in representing land use. In contrast,
the CLC database shows a more aggregated pattern of effective rainfall depths. The depths
range from just under 31 mm for green urban areas to nearly 82 mm for industrial or
commercial units. The weighted average effective rainfall depth for the years 2006 and
2018 in the CLC dataset was almost 70 mm. Conversely, the UA dataset displays a greater
range of effective rainfall depths, ranging from 23 mm for forests to almost 110 mm for
water. Given the small difference in CN values between UA and CLC (0.3), the weighted
average effective rainfall depth remains at a similar level for both datasets, approximately
54 mm for the analyzed years. These findings highlight that the average effective rainfall
depth for CLC is 30% lower than that for UA. These differences stem from the spatial
data generalization performed by CLC. The studies conducted by Wałęga and Salata [52]
emphasized the need for caution when using the CLC database to estimate the effective
rainfall depth, as utilizing this database carries the risk of excessive data generalization. As
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the research area decreases in size, differences may become more pronounced. Therefore,
researchers, planners, and decision makers should exercise caution when using this source,
particularly for local-scale considerations. Figure 7 presents the hydrograph profiles for
individual years alongside the determined effective rainfall depths, while Table 6 compiles
the characteristics of the design hydrographs.
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Table 6. Values of hydrograph characteristics for individual land use databases.

Land Use Base V [m3] Qmax [m3·s−1]

CLC 2006 942,345 30.638
CLC 2018 942,345 30.684
UA 2006 765,808 25.437
UA 2018 775,992 25.864

The results presented in Figure 7 and Table 6 clearly indicate differences in the charac-
teristics of the design hydrographs depending on the chosen land use databases. Moreover,
differences can also be observed between the years 2006 and 2018 within the same land
use databases. When analyzing the CLC data, it is evident that despite having the same
effective rainfall depths for 2006 and 2018, there is a difference in Qmax of 0.046 m3·s−1.
This discrepancy arises from one of the Nash model parameters for modeling runoff from
urbanized watersheds: the catchment’s degree of sealing. For the CLC database, this
parameter was determined to be 79% and 81% for the years 2006 and 2018, respectively. The
degree of sealing influences the shape of the hydrograph’s peak. Since the flood volume
is determined by the effective rainfall depth, which remained the same for 2006 and 2018
according to the CLC data, the flood volume does not change. Analyzing the characteristics
for the UA database reveals more significant differences. For the peak flow (Qmax), it was
0.427 m3·s−1, and for the flood volume (V), it was 10,184 m3. These differences are due
to variations in the degree of the sealing of the catchment, which were 59% and 63% for
2006 and 2018, respectively, as well as differences in the effective rainfall depth. These
results highlight a general trend of an increased peak flow and design hydrograph volume
attributed to catchment sealing. Urbanization leads to a higher proportion of impermeable
surfaces, significantly shortening the catchment’s response time to rainfall and thereby
increasing the flood risk. The studies conducted by Feng et al. [25] have clearly demon-
strated that increasing human pressure results in a higher surface runoff intensity and
shortened time to peak flow attainment. Additionally, it was emphasized that, apart from
the percentage of urbanized areas within the catchment, the spatial distribution of urban
areas also significantly affects flood characteristics. One limitation of the CLC database is
that it provides information solely on land use types, but does not include details on the
distribution of built-up areas [53]. Research by Zimmermann et al. [54] has shown that
future flood risk may increase by up to fourfold, depending on the assumed scenarios of
human pressure. Therefore, it is essential to incorporate elements of green infrastructure,
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such as green roofs, parks, and urban greenery, into future urban planning. Examining
the differences between the land use databases, it is clear that significant disparities exist
for peak flows (Qmax) and hydrograph volumes (V) for the years 2006 and 2018. The
characteristics’ values are notably higher for CLC than for UA. In the case of 2006, the
peak flows (Qmax) and volumes (V) for CLC were 20% and 23% higher, respectively, than
the values for UA. For the year 2018, these disparities were 21% and 19% for Qmax and V,
respectively. These results emphasize that the choice of land use database can significantly
impact the quality of the results obtained from rainfall-runoff models. The reason for these
disparities lies in the level of detail in representing land use within the catchment. In
the case of the UA database, it was represented with great detail, including land cover
forms such as forests, which were not accounted for in CLC. This study has unequivocally
demonstrated that both the method used to estimate design rainfall depths and the choice
of land use databases have substantial effects on the characteristics of design hydrographs.
The determination of these hydrograph profiles is a critical step in the design of urban
hydraulic infrastructure, such as urban drainage, channels, retention basins, and flood
protection structures. The safety and functionality of these elements are directly linked to
accurately defining the shape of design hydrographs [55].

The use of hydrological models itself presents certain limitations, such as model
specification and parameter identification issues. Sikorska and Banasik [56] demonstrated
that choosing different methods to estimate Nash model parameters affects the quality
of the results. Problems also arise when calibrating models in ungauged watersheds
and in cases requiring numerous parameters [57]. Models should be designed to be as
straightforward as possible for practical use. Thus, new approaches for urban watersheds
are continuously being developed. The challenges related to the determination of design
hydrographs also extend to the ongoing urbanization and climate change. These factors
disrupt the stationary assumptions of hydrometeorological events. If design hydrographs
based on stationary assumptions are used for engineering purposes, it may increase the
risk of damage or the failure of the designed structure. Therefore, an increasing emphasis
is placed on adjusting models for climate change and the growing human pressure on
watersheds [58].

In summary, the analyses conducted unequivocally indicate that the selection of
the design rainfall estimation method is a significant factor influencing the reliability
of projected hydrographs, which are key outcomes of hydrological modeling. Research
conducted by Ghazavi et al. [59] demonstrated that differences in the results of hydrological
models, resulting from the use of different design rainfall methods, can be significant,
especially in the case of extreme event analyses, particularly peak flows. It should be
emphasized that such differences can be crucial for urban infrastructure design and the
delineation of flood zones. The studies by Wałęga et al. [60] unequivocally showed that
for urban catchments, the extent of flooding can vary significantly depending on the
adopted methodology for calculating design rainfall. The issue of design rainfall also
encompasses considerations regarding duration times. Due to data availability, such
rainfall is often estimated based on daily information, leading to inflated characteristics
of projected hydrographs. For urban infrastructure, information on short-duration heavy
rainfall is necessary. Such information can be generated using various models, such as
STORAGE. The research conducted by Petroselli et al. [61] showed that such a model can
be successfully applied to simulate short-duration design rainfall, which serves as the input
signal for modeling projected hydrographs in urban catchments. Furthermore, research by
Löwe [62] underscores the need to consider uncertainties associated with future rainfall
projections for projected hydrographs, especially in the context of identifying potential
flood hazards and damages. An important aspect of hydrological analysis is also the
accurate delineation of land use bases. Differences in land use classes can significantly
affect surface runoff and infiltration characteristics, which in turn are crucial for generating
reliable projected hydrographs. The research by Banjara et al. [63] demonstrated that future
projections of land use changes show a continuous increase in sealing, which enhances the
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surface runoff. However, these projections vary depending on the databases used. Despite
numerous limitations, CLC databases are commonly used for land use identification in
various fields, including hydrological modeling [64]. However, many studies have shown
that the results of CLC applications regarding land cover should be interpreted with
caution and awareness of methodological limitations. Jansen and DiGregorio [65] point
out the inconsistency in the land cover or land use delimitation criteria. Additionally,
it has been shown that land cover change maps are susceptible to errors at the local
scale or unsuitable for detailed landscape analysis [66]. In conclusion, the selection of an
appropriate design rainfall method and the precise definition of land use bases are crucial
aspects of hydrological modeling, significantly influencing the accuracy and reliability
of generated projected hydrographs. Therefore, it is necessary to consider not only the
differences between rainfall estimation methods, but also changes in land use to ensure
accurate forecasts of hydrological events.

4. Conclusions

The research aimed to analyze how the selection of rainfall estimation methods and
land use databases impacts the characteristics of project hydrographs in the Drwinka
catchment. The conducted study yielded the following conclusions:

1. The dynamics of maximum rainfall changes in the catchment for the period 1981–2020
remained relatively stable. The observed series of these maximum rainfall events
showed no discernible trend.

2. Among the various statistical distributions examined for estimating project rainfall,
the Generalized Extreme Value (GEV) distribution consistently yielded the highest
values, whereas the Gumbel distribution produced the lowest values. The log-normal
distribution proved to be the most fitting choice.

3. The analysis of land use databases in the catchment revealed a significant difference
in the level of detail in representing various land use forms. The Urban Atlas database
offered greater detail compared to the Corine Land Cover (CLC) database. However,
both databases indicated a noticeable trend of urbanization in the catchment between
2006 and 2018.

4. The calculations conducted demonstrated that the selected method for estimating
project rainfall significantly influences the characteristics of project hydrographs. A
1 mm increase in rainfall resulted in a corresponding increase in the peak flow by
0.363 m3/s and an overall volume increase of 11,000 m3.

It was evident that higher values of project hydrograph characteristics were obtained
when using the CLC database, directly linked to the estimated CN parameter.

The findings of this research unequivocally underscore that the choice of rainfall
estimation method and land use database plays a substantial role in shaping the trajectory
of project hydrographs. Consequently, in cases where local legal requirements or recom-
mendations for estimating project rainfall are absent, the determination should be based on
a multi-distribution analysis and the selection of the most appropriate function. Regarding
land use databases, it is advisable to opt for the Urban Atlas database due to its superior
level of detail.
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11. Czyża, S.; Kowalczyk, A.M. GIS and geodata contribution to the cartographic modelling of blue-green infrastructure in urbanised

areas. J. Water Land Develop. 2023, 59, 183–194. [CrossRef]
12. Gooré Bi, E.; Gachon, P.; Vrac, M.; Monette, F. Which downscaled rainfall data for climate change impact studies in urban areas?

Review of current approaches and trends. Theor. Appl. Climatol. 2017, 127, 685–699. [CrossRef]
13. Peixoto, J.P.J.; Costa, D.G.; Portugal, P.; Vasques, F. Flood-Resilient Smart Cities: A Data-Driven Risk Assessment Approach Based

on Geographical Risks and Emergency Response Infrastructure. Smart Cities 2024, 7, 662–679. [CrossRef]
14. Zaczek-Peplinska, J.; Saloni, L. Modernising the control network for determining displacements in hydraulic structures using

automatic measurement techniques. J. Water Land Develop. 2023, 59, 66–75. [CrossRef]
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