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At the same time, protecting and managing water resources has become essential to
sustainably meet the growing demand for drinking water, particularly in metropolitan areas.
The Demirci River Basin, located within the Gediz Basin and spanning the provinces of
Manisa, Kiitahya, and Usak, serves as a critical source for both irrigation and, to a lesser
extent, drinking water. Accurate estimation of annual peak flows is crucial, as these values
are fundamental inputs in the planning and design of water resource projects and flood risk
management. In this study, both statistical and synthetic methods were applied to estimate
annual peak discharges in the Demirci River Basin. In the statistical approach, nine different
probability distributions—including Log-normal-2, Gumbel, Pearson-3, Log-Pearson-3, Log-
Boughton, log-logistic, Wakeby, Pareto and Weilbull were analyzed using six different
parameter estimation techniques, resulting in a total of 28 model combinations. The
suitability of these models was evaluated using the Kolmogorov-Smirnov, Chi-square, and
Cramér-von-Mises tests. Additionally, synthetic methods such as Snyder, Kirpich, Mockus,
and SCS were employed. Annual maximum flow data were used for the statistical methods,
while 50- and 100-year rainfall records were used as input for the synthetic methods. The
findings indicate that the Log-Pearson Type III distribution yielded the most reliable results
among the statistical methods, while the Kirpich method was the most effective among the
synthetic approaches.

1. Introduction

Climate change, rapid urbanization, and significant alterations in land use have led to a marked increase in both the frequency and intensity
of flood events. Floods rank among the most devastating natural disasters, causing substantial economic damage and loss of life. This growing
threat necessitates the early identification of flood risks and the implementation of both structural and non-structural mitigation measures.
In this context, hydrological modeling methods serve as essential tools for the reliable estimation of flood discharges [1].

Flood events represent the leading cause of economic losses among natural disasters on a global scale. In particular, the accurate and reliable
estimation of flood discharge is of critical importance for the development of flood hazard maps, the design of early warning systems,
infrastructure planning (such as bridges, culverts, and dams), and urban development strategies. Flood discharges serve as essential input data
in hydraulic modeling studies, playing a key role in the identification of flood-prone areas. Moreover, these data are also required for developing
flood risk management strategies, formulating climate adaptation policies, and supporting disaster insurance practices [2]. Today, increasing
population density and the pressures of urbanization have made the precise estimation of flood discharges even more essential. Consequently,
flood discharge is not only vital for engineering applications but is also regarded as a strategic parameter in terms of environmental
sustainability, disaster risk reduction, and public safety.

Annual peak flow values represent the maximum discharge observed in a river or watercourse within a year and are considered a key parameter
in hydrological analyses. These values are critically important for flood management, water resources planning, and infrastructure design.
Annual peak flows play a central role in flood risk assessments, as they are used to estimate the frequency and magnitude of flood events.
Determining flood discharges is essential in the design of river channels, bridges, dams, and other hydraulic structures. Moreover, annual peak
flow data are required for the planning of waterways and drainage systems. These values help ensure that channel dimensions and pumping
systems are designed with adequate capacity. In infrastructure design, the durability and safety of structures are assessed based on their ability
to withstand expected flow capacities [3].

In climate change analyses, annual peak flow values are used to monitor the effects of climate change on the water cycle. Rising temperatures
and shifting precipitation patterns can lead to changes in flow patterns. These data play a crucial role in climate change predictions and the
development of adaptation strategies. Consequently, annual peak flow values are an indispensable parameter in hydrological modeling and
planning processes, facilitating decision-making in critical areas such as water management and flood control [4].

Hydrological modeling aims to mathematically represent the water cycle by utilizing physical and meteorological data such as rainfall, flow,
evaporation, soil characteristics, and basin morphology. The methods used to estimate flood discharges are generally classified into two main
categories: statistical methods and synthetic (empirical or deterministic) methods. Statistical methods use probability distributions based on

Received 07 Apr 2025; Revised 09 Apr 2025; Accepted 09 Apr 2025 https://doi.org/10.36937/cebel.2025.1991
2687-5756 /© 2022 The Authors, Published by ACA Publishing; a trademark of ACADEMY Ltd. All rights reserved.
1


https://orcid.org/0000-0002-7944-8902

Biiytikkaracigan Civil Engineering Beyond Limits 1 (2025) 1991

historical flow data to estimate flood magnitude, while synthetic methods focus on modeling flood characteristics by considering the physical
and hydrological properties of the watershed [5].

In statistical flood frequency analysis, the most commonly used probability distributions include the two- and three-parameter log-normal
distribution, Gumbel Extreme Value Distribution, Pearson- 3, Log-Pearson -3, Log-logistic, Wakeby, and Pareto distributions. These distributions
are particularly useful for conducting flood analyses based on annual maximum flow data [6]. The selection of the appropriate distribution is a
critical factor that directly influences the accuracy of flood predictions. Therefore, testing different distributions on the same dataset is essential
for assessing model performance.

On the other hand, synthetic methods are alternative modeling approaches, particularly preferred when long-term flow data is unavailable or
insufficient. Synthetic flood hydrographs are of critical importance in the design of hydraulic structures and flood risk assessment. These
hydrographs represent flood peaks and volumes for a given return period and are typically derived using quantiles from flood frequency
analyses. However, it is important to note that the same flood peak may occur with different volumes and various hydrograph shapes. To
address this, synthetic design hydrographs based on different flood types have been developed. This approach considers the relationship
between flood peak and volume and determines probabilities for each flood type. For example, a study conducted on 162 basins in Germany
created various hydrograph shapes using different probability density functions and derived best- and worst-case scenario models [7].

Accurate estimation of flood peaks, volumes, and hydrographs is essential for the safe and cost-effective design of hydraulic structures. When
generating synthetic flood hydrographs, flood-type-specific hydrograph shapes and peak-volume relationships should be considered. These
methods are important tools in flood risk management and the design of hydraulic structures [8]. These models typically combine precipitation
data with the physical characteristics of the watershed to produce flood hydrographs [9]. Specifically, the Kirpich method is a simple yet effective
approach recommended for small basins, while the Snyder method can be used for larger and more complex basins with appropriate parameter
adjustments.

The Demirci River Basin is one of the significant sub-basins of the Gediz River, frequently facing flood risks. The topographic features, land use,
and climatic characteristics of the basin are conducive to the formation of floods. In this context, flood predictions for the Demirci River Basin
are of critical importance for regional risk management.

This study applies various hydrological modeling methods to predict flood discharges in the Demirci River Basin. The methods used are grouped
into two categories: (1) Statistical methods, including Log-normal- 2, Gumbel, Pearson-3, log-Pearson-3, Log-Boughton, log-logistic, Wakeby,
Pareto and Weilbull distributions; and 4 Synthetic methods, which include the Snyder, Kirpich, Mockus, and S.C.S methods. For statistical
methods, annual maximum flow data were used, while for synthetic methods, rainfall data corresponding to 50 and 100 year return periods
were used as model inputs. Thus, a total of 32 probability distribution models and 4 synthetic models were applied to flow and rainfall data
through the implementation of different parameter methods with 10 distribution models.

The aim of this study is to demonstrate how different hydrological modeling methods can produce varying results for the same basin and to
compare the accuracy and applicability of these methods in light of these results. Through this, the study aims to provide a scientific
contribution to the selection of the most appropriate methods for flood risk analysis.

2. Material

The Demirci River Basin is located in the western part of Turkey, within the borders of Demirci district in Manisa province. The basin consists
of Demirci River, which flows from north to south, and its tributaries. The main tributaries of Demirci River include the Glimele River, originating
from the south and east of Asi Tepesi, the Degirmen River, the Iklikci River, and the Alaagac River. These rivers converge to feed Demirci River
and form the basin’s hydrological dynamics. The basin’s topography is situated on the southern slopes of the Demirci Mountains, with
significant elevations such as Akgakertik Ridge (1475 m), Tirkmen Mountain (1487 m), and Ziyaret Hill (1795 m). These elevations define the
watershed boundary and affect the region’s hydrological regime [10].

Demirci River is one of the significant tributaries of the Gediz River and is located in the Upper Gediz Sub-Basin. Due to this position, the water
potential and flood risk of the basin have a direct impact on the general hydrological dynamics of the Gediz River. The geological structure of
the basin is also noteworthy. Studies conducted around igikler have revealed that the region’s geological characteristics, particularly lateritic
and saprolitic formations, influence hydrogeomorphological processes [11]. Due to its hydrological and geological features, the Demirci River
Basin is an important region for water resource management, flood risk reduction, and environmental planning.

For the probability methods in the study, maximum flow values obtained from station 05A022, operated by the General Directorate of State
Hydraulic Works (DSI), were selected as the data. The rainfall area of the station is 818.80 km?, and the maximum instantaneous flow recorded
during the observation period is 890,000 m3/s (on 15.12.1981), while the minimum instantaneous flow is 0.000 m3/s (on 19.07.1972). For synthetic
methods, rainfall data obtained from the 17746 observation station operated by the General Directorate of Meteorology (DMI) were used.
According to the data from the Demirci Station, an automatic meteorological observation station, the average monthly rainfall is 53.2
mm/month, with a total of 264.8 mm/month. The distance between the two stations, as shown in Figure 1, is 21 km in a straight line. For this
study, river flow and rainfall data from the period 1960-2015 for both stations were used. The study area and the locations of the observation
stations used in the study are shown in Figure 1.
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Figure 1. Demirci River Basin and the locations of the observation stations

3. Methods
3.1. Hydrological modeling methods
3.1.1. Statistical methods

A probability distribution defines the likelihood associated with each measurable subset of a sample space in a random process, such as those
encountered in experiments, surveys, or statistical inference tasks. For example, categorical distributions are used for sample spaces that are
non-numeric; discrete random variables rely on probability mass functions; while continuous random variables are represented by probability
density functions. In more complex scenarios, such as continuous-time stochastic processes, more extensive probability measures are applied.

In the field of hydrology, a random variable's observed value (x) corresponds to a stochastic flow event. Although the exact value may fluctuate,
it is possible to estimate the event's recurrence probability by constructing a theoretical probability model for the variable. The peak flow series
associated with such hydrological events can be expressed using the following equation:

PR=Q)=FQ=0Q+)=SQ+F(QdQ @

In the equation mentioned earlier, SQ + F (Q) d Q represents the annual maximum peak discharge. The return period T (measured in years) is
a widely used metric in hydrology, often favored over exceedance probability. It indicates the average time interval between occurrences of a
specific flow magnitude or higher, and can be mathematically expressed as:

T=1/Prob(Q<Q_+) ve Prob (Q=Q_+)=1-1/T )

In defining probability distributions, it is essential to differentiate between discrete and continuous random variables, particularly in
elementary cases. For discrete variables, assigning probabilities to individual outcomes is straightforward. When the variable is real-valued—
or when its possible values have a defined total order—the cumulative distribution function (CDF) represents the probability that the variable
takes on a value less than or equal to a specified threshold. In the continuous case, provided a probability density function (PDF) exists, the CDF
is obtained by integrating the PDF over the relevant domain.

Frequency analysis in hydrology relies on the application of probability distribution models. This analytical approach uses observed annual
flow data to derive key statistical parameters, such as the mean, standard deviation, skewness, and return period. These parameters are then
utilized to generate frequency distributions, which present the probability of various flow magnitudes as functions of recurrence intervals or
exceedance probabilities. The form of the frequency distribution varies depending on the underlying statistical model employed in the analysis
[12].

3.1.1.1. Log-Normal- 2 distribution

In a log-normal distribution X, the parameters p and o correspond to the mean and standard deviation of the natural logarithm of the variable.
This means that the variable's logarithmic transformation follows a normal distribution. Mathematically, this is expressed as In(X)~N(u,02)
ndicating that standard statistical techniques applicable to normal distributions can be used after log-transformation [14]. This property makes
the log-normal model particularly useful in hydrological studies where flow values are strictly positive and skewed.

X = phtoZ 3

In contrast, the arithmetic mean, standard deviation, and variance of the original (non-log-transformed) data are denoted in this study as m,
s.d., and v, respectively. These empirical parameters differ from the parameters p and o of the log-transformed data. However, a mathematical
relationship exists between the two sets of parameters, allowing for conversion between the log-scale and the original scale (see also: arithmetic
moments).
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The probability density function (PDF) of a log-normal distribution is given by:

(Inx-p)?
f, =(Gwo)=——=e 202, x50 ®)
X x0V2T
‘Where i and o are the mean and standard deviation of the natural logarithm of the variable, respectively. This function describes the likelihood
of a random variable taking a particular value x, assuming the variable follows a log-normal distribution.

This result is derived by applying the change-of-variables rule to the probability density function (PDF) of the normal distribution. The
cumulative distribution function (CDF) of a log-normal distribution, which gives the probability that the random variable X is less than or equal
to a certain value x, is expressed as:

fx=(x;u,a)=%[1+erf(ln:\/%”)]=(p(m77”)x>0 (6)

‘Where ®(-)represents the cumulative distribution function of the standard normal distribution. This CDF indicates the probability that the log-
transformed variable Ini“(X) falls below a certain threshold [14].

3.1.1.2. Gumbel distribution

The Gumbel distribution is used to model the distribution of the maximum (or minimum) values from a set of samples with various distributions.
It can represent, for example, the maximum river level in a given year, based on past maximum values. This distribution is particularly valuable
in predicting the likelihood of extreme events, such as earthquakes, floods, or other natural disasters. The relevance of the Gumbel distribution
in extreme value theory lies in its suitability for data with normal or exponential distributions [15].

The standard Gumbel distribution corresponds to the case where p=0and =1, and its cumulative distribution function (CDF) is:
F(x) = exp(—exp (_Fx ) ]

In this case, the parameters U and  simplify, making the Gumbel distribution useful for modeling extreme values in various fields such as
hydrology and engineering.

The probability density function (PDF) of the standard Gumbel distribution, where pu=0 = andf}=1, is given by:

X

1 —X
fx) = Eexp(— (E) — exp (F) (8)
This function describes the likelihood of extreme values, making it suitable for modeling the distribution of maxima in various phenomena.

In the Gumbel distribution, the mode is 0, the median is In(In(2))=0.3665\In(\In(2, the mean is Y, and the standard deviation is nv6=1.2825. The
quantile function, which is the inverse of the cumulative distribution function, is given by:

Q)= u— FIn(=In(p)) ©)

Here, Q(u) follows a Gumbel distribution with parameters p\ and 3 when the random variable U is drawn from a uniform distribution on the
interval (0,1) (0,1) (0,2).

3.1.1.3. Pearson-3 distribution

The Pearson system was developed to model skewed data. While it was known how to adjust a theoretical model to match the first two cumulants
(mean and variance), the challenge was to adjust skewness (third cumulant) and kurtosis (fourth cumulant) freely. This became evident when
fitting theoretical models to skewed observed data, such as survival data, which are often asymmetric [16].

The functions of the distribution are as follows:

A=+ 2= (m+ Db 10)
1

I(m+1,b7) 1)

by + bi(x — £) 12)

In the given formulas, A represents a parameter related to the location or central tendency of the distribution, while j11 denotes the first moment
(mean) of the distribution, which is often used to indicate the expected value. The parameter mmm refers to the shape or order, typically used
in the context of distributions like the Gamma distribution. The term [ (m+1,b] _1"2) represents the Gamma function, where m+1 is the shape
parameter and b_1"2 is the square of the scale parameter, commonly used in probability and statistics to describe continuous, positive-valued
distributions. Finally, bO and b1 are parameters that affect the distribution's shape and scale, with bOtypically representing a location shift and
b1 determining the spread or scale of the distribution.

3.1.1.4. Log Pearson-3 distribution
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The Pearson- 3 (Gamma) distribution is used to estimate the frequency of extreme events when all events, large and small, follow a log-normal
distribution. This occurs when the events result from the product of many independent random variables. In hydrology, the log-normal
distribution has been shown to effectively model variables such as individual storm precipitation depth and annual peak discharges [17].

The probability density function (PDF) using the shape-scale parameterization is:

_xkm e_g
f(x,k,@)—m forx >0 and k,0 >0 (13)

In the given formula, x is the random variable, k is the shape parameter, 0 is the scale parameter, and ['k)) is the Gamma function, which
normalizes the distribution such that the total probability is 1, with x>0x and k, 6>0.

The cumulative distribution function is the regularized gamma function:

x Yk 3
(xk;0) = [[f(wk; 6)du= r(}(? (14)

In the given formula, the cumulative distribution function (CDF) of the Gamma distribution is expressed using the regularized Gamma function,
f (k; x; 0) is the lower incomplete Gamma function, and I'(k) is the Gamma function, normalizing the result so that the CDF ranges from O to 1
as x increases.

3.1.1.5. Log-Boughton distribution

The Log-Boughton distribution is a probability distribution that is commonly used in various fields such as hydrology, meteorology, and
economics. It is derived by transforming a standard distribution (often a normal distribution) using the logarithmic function. This distribution
is useful for modeling skewed data, where the variable of interest is the result of multiplying several independent random variables, leading to
a log-normal behavior.

The Log-Boughton (LB) distribution is based on the relationship:
(Kb — A)(B —A) = C(40) (15)

In this formula, Kb represents the frequency factor, while A and C are parameters of the distribution. These parameters are derived empirically
to minimize the mean square error of C. The LB distribution does not have a clearly defined analytical probability density function. It has been
suggested to perform as well as popular flood frequency analysis models. However, methods such as Maximum Likelihood (ML) and Probability
Weighted Moments (PWM) are not yet applicable to this distribution. Jain & Singh (1987) found the LB distribution to be one of the more effective
models in their study [18].

3.1.1.6. Log-Logistic distribution

The log-logistic distribution describes a random variable whose logarithm follows a logistic distribution. It shares a similar shape with the log-
normal distribution but has heavier tails. Unlike the log-normal distribution, its cumulative distribution function can be expressed in a closed
form [19)]. The cumulative distribution function F(x;0;p) of the log-logistic distribution is given by:

Fx;a;B) = ﬁ

where a is the scale parameter, and B is the shape parameter of the distribution. Here is the probability density function (PDF) for the log-logistic
distribution:

(16)

(&)

)—B
where a is the scale parameter and f is the shape parameter. This function describes the probability of observing a given value x in the log-
logistic distribution.

FQoa; B) = 7)

1+(

RIx

3.1.1.7. General Extreme Value Distribution (GEV)

This distribution is a family of continuous probability distributions developed within extreme value theory to combine the Gumbel, Fréchet and
Weibull families also known as type I, II and III extreme value distributions. By the extreme value theorem the GEV distribution is the only
possible limit distribution of properly normalized maxima of a sequence of independent and identically distributed random variables. Note that
a limit distribution need not exist: this requires regularity conditions on the tail of the distribution. Despite this, the GEV distribution is often
used as an approximation to model the maxima of long (finite) sequences of random variables [20].

The General Extreme Value (GEV) distribution is a family of continuous probability distributions that integrates the Gumbel, Fréchet, and Weibull
distributions, also referred to as type I, II, and III extreme value distributions. According to extreme value theory, the GEV distribution is the
only possible limiting distribution for the properly normalized maxima of a sequence of independent and identically distributed random
variables. It's important to note that a limit distribution may not always exist, as it requires certain regularity conditions on the tail of the
distribution. Nevertheless, the GEV distribution is frequently used as an approximation to model the maxima of long (finite) sequences of
random variables [20].

The General Extreme Value (GEV) distribution has a cumulative distribution function (CDF) given by:

F(x;u,0,8) =exp (— ll +¢ (?)I_%) (18)
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where |, 0, and § are the location, scale, and shape parameters, respectively. The CDF is valid when 1 + & (%) > 0.

The probability density function (PDF) of the GEV distribution is expressed as:

om0 =21+ (A a1 ()

This PDF provides the likelihood of observing a specific value x in the GEV distribution, and both functions are essential for analyzing extreme
values in various fields.

3.1.1.8. Wakeby distribution

The Wakeby distribution is a flexible probability distribution often used to model extreme values in various fields. It is a generalized distribution
derived from transformations of other known distributions. The Wakeby distribution is particularly useful for modeling data that has both light
and heavy tails [21].

The distribution is defined by the transformation of the generalized Pareto distribution and the beta distribution. It allows for more flexibility
by combining features from both of these distributions. The cumulative distribution function (CDF) of the Wakeby distribution is given by:

Flxa,B,y,8) =1-(1+GHD™ @0

In the Wakeby distribution, a is the shape parameter, 3 is the shape parameter that controls the tail behavior, y is the location parameter, and
is the scale parameter.

The probability density function (PDF) is the derivative of the CDF and is given by:
fOsa,B,y,8) =L EHT 1+ (GHD 1)
3.1.1.9. Pareto distribution

The Pareto distribution is a skewed, heavy-tailed distribution often used to model phenomena like income distribution. The cumulative
distribution function (CDF) of a Pareto random variable with parameters a\alphaa (shape parameter) and xmx_mxm (scale parameter) is defined
as:

1= (x)/x%, x = xp

o , x < Xy @2

R0 = {

In the Pareto distribution, a\alphaa is the shape parameter, and xmx_mxm is the minimum value of x.

When the Pareto distribution is plotted on linear axes, it exhibits a characteristic J-shaped curve that asymptotically approaches both axes.
The segments of this curve are self-similar, provided appropriate scaling factors are applied. However, when plotted on a log-log scale, the
distribution is represented by a straight line [22].

By differentiating the cumulative distribution function, the probability density function (PDF) is obtained, as follows:

axXhm oS
Fx(x) = {x@t1 = m (23)
) x < Xp

3.1.1.10. Weilbull distributions

The Weibull distribution is a continuous probability distribution introduced by Waloddi Weibull in 1951. It is commonly used in reliability
analysis and life data modeling. The probability density function (PDF) of a Weibull random variable is given by:

x

k X \k— - k
FOG k) = {T Gy el x =0 24
) X < Xy

In the Weibull distribution, k>0 is the shape parameter, and A>0is the scale parameter. The complementary cumulative distribution function
follows a stretched exponential form. The Weibull distribution is including moments, maximum likelihood estimation (MLE), probability-
weighted moments (PWM), maximum entropy, mixed moments, and individual probability-weighted moments, in that order [24].

Specifically, when k=1, it reduces to the exponential distribution, and when k=2k, it represents the Rayleigh distribution.
The cumulative distribution function (CDF) for the Weibull distribution is given by:

fo4K)=1-e-(x/K)k)

3.1.2. Parameter estimation methods

In parameter estimation, neutrality is a key characteristic. However, it is advisable to use the sample with the least variance for more accurate
estimates. This study applies several methods for parameter estimation, Moments Method involves using the sample moments (mean, variance,
skewness, etc.) to estimate the parameters of a probability distribution. The idea is to equate the sample moments with the theoretical moments
of the distribution and solve for the parameters.

Maximum Likelihood Estimation (MLE) is a method that estimates the parameters by maximizing the likelihood function. This function
represents the probability of observing the given data, and the parameters that maximize this likelihood are considered the best estimates.
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Probability Weighted Moments (PWM) is a more generalized version of the method of moments, where moments are weighted by the cumulative
distribution function (CDF). It is particularly useful in modeling extreme events, as it can better capture the behavior of the tails of the
distribution.

The maximum entropy method estimates parameters by maximizing the entropy subject to known constraints (e.g., the mean, variance). This
method is based on the principle of making the least biased estimate, assuming as little as possible about the underlying distribution.

Mixed moments combine the concepts of both raw moments and weighted moments. These are used when both theoretical and empirical data
need to be considered in estimating parameters. Individual Probability Weighted Moments is a variant of PWM where individual weighted
moments are calculated for specific probability levels, which can be useful for distributions that exhibit significant skewness or heavy tails.

3.1.3. Goodness of fit tests

Several goodness of fit tests are available in the literature, though many may not be suitable for hydrological series. A straightforward and
reliable method to assess whether an observed data set aligns with a theoretical probability distribution is by comparing the cumulative
distribution of the observed data with the cumulative intensity function of the proposed distribution. If the two functions align closely, the
theoretical distribution is considered a good fit for the data [25].

The Kolmogorov-Smirnov (K-S) test is a commonly used appropriateness test that can only be applied to continuous random variables. It
determines if the distribution is a reasonable fit by comparing the observed and expected distributions, accepting or rejecting the hypothesis
based on the test statistic.

The Chi-square (x?2) test is another statistical test that can be applied to both continuous and discrete random variables. Unlike the K-S test, it
compares the probability density functions instead of the cumulative intensity functions.

The Cramér-von-Mises (CvM) test compares the total probability distribution of the observed data with the theoretical frequency curve. It is
considered reliable, especially with sample sizes around 20 cases. However, for smaller sample sizes, both the K-S and Chi-square tests may not
be as robust in accurately accepting or rejecting hypotheses when the data is incorrect.

3.2. Synthetic flood estimation methods

When sufficient flow data is available for a river basin, statistical methods are generally effective in estimating flood discharges. However,
many catchment areas lack available rainfall-runoff data necessary to derive unit hydrographs. In cases where rainfall-runoff data is
inadequate or absent, various synthetic unit hydrograph methods have been developed.

3.2.1. Snyder method

When sufficient flow data is available for a river basin, statistical methods are generally effective in estimating flood discharges. However,
many catchment areas lack available rainfall-runoff data necessary to derive unit hydrographs. In cases where rainfall-runoff data is
inadequate or absent, various synthetic unit hydrograph methods have been developed [26].

In basins without rainfall and runoff records, the unit hydrographs are derived using various physical characteristics of the basin. The time
difference between the centroid of the river basin and the peak of the flood hydrograph (tp) is calculated by the equation:

tp = 0.75 x Ct x (L x Lc)x0,3 (25)

Where: Ct is the coefficient related to the basin's storage capacity and slope, L is the length of the basin (km), Lc is the longest distance from
the centroid of the basin to its entry or exit point (km).

The value of Ct is taken as 1.2 for mountainous areas, 0.72 for flat areas, and 0.35 for valleys. The value of Cp, which is empirically derived, is
given by:

Cp=0.89xCt (26)
The rainfall duration (tr) for the unit hydrograph is calculated using:
tr=tp5.5tr 7

The peak discharge gp is determined using:
qp =2760x Cp /tp (t/sn/km2/cm) (28)

Finally, the peak discharge for the flood (Qp) is calculated as:

Qp = qp * A * 10-3 (m3/sn/cm) (29)

A is the basin area (km2). The calculated value is then multiplied by the 100-year rainfall height to obtain the 100-year flood discharge.
3.2.2. Kirpich method

The Kirpich method, also known as the triangular unit hydrograph method, is favored due to its simplicity and its close resemblance to the
Snyder method [27]. The main formulas for the Kirpich method are as follows:

The effective rainfall duration (tf) for the flood hydrograph is calculated by:
tf=te/2 +tp (30)

Where: te is the effective rainfall duration and is accepted as equal to trt_rtr, the rainfall duration, and tp is the time difference between the
centroid of the catchment and the peak of the flood hydrograph.

For a uniform rainfall distribution, the peak discharge Q, is calculated using:



Biiytikkaracigan Civil Engineering Beyond Limits 1 (2025) 1991

Qp = k.Aha /tf (31)
In this formula: A is the catchment area (km2),ha is the 100-year rainfall height (cm),k is an empirically derived coefficient.
3.2.3. Mockus method

The Mockus method is often preferred due to its practicality and the ease of drawing triangular hydrographs. Triangular hydrographs yield
results comparable to more complex curve hydrographs, especially when the tail of the hydrograph does not significantly influence the design.
The Mockus method can be applied to drainage areas with a concentration time (tct) of up to 30 hours, and for larger areas, the basin is
subdivided and hydrographs are superimposed based on the delay times [28].

The unit rainfall duration (AD) is a critical parameter in flood estimation, calculated as:

AD=(t/5) (32)

The transition time tcis calculated using:

tc=0,00032*%(Lx 0,77/50,385) (33)

The flood attenuation time is calculated using the equation (34):

tr=He.tp (34)

Here, Hc is an empirical coefficient that varies between 1 and 2 based on the basin characteristics, and it is generally accepted as 1.60.
The flow caused by a 1 mm rainfall is determined using equation (35):

qp=(KxAq/ 2 (35)

Here, K represents the basin coefficient, and it ranges between 0.21 and 1.60. For this basin, this value is taken as 1. [4]

The obtained qpq_pgp value is then multiplied by the 100-year maximum rainfall height (hah_aha) as shown in equation (36) to find the 100-
year flood discharge (Qp ):

Qp=qp*ha (36)

3.2.34. S.C.S. method

The S.C.S. method is frequently used for planning, designing, and managing water resources in basins smaller than 30 kma2. It is particularly
useful for estimating runoff and peak discharge values, which are generally needed for simulation models. The method is preferred for its
simplicity, relationship to physical basin characteristics, and accurate results[29]. The formulas used in the SCS method are as follows:

The transition time tct_ctc is calculated as:

tc = 0.066 * (Ln2 / S) 0.385 (hour) (37)

Lh is the hydraulic length of the drainage area (km), S is the slope of the drainage area (%).

The total rainfall duration D is calculated as:

D=0.4133xt (38)

The basin delay time L is derived using:

L = 0.6 x tc (hour) (39)

The time to peak discharge t; is:

tp,=(D/2)+L(hour) (40)

The runoff curve number (CN) is used to calculate the maximum retention capacity S as:

S$=(1.000/CN) - 10 (mm) (41)

The peak discharge Q; for the 100-year flood is then calculated as:

Qp =(0.2083 x A / t,) * he [20] (m3/sn) (42)

Where A is the basin area (km2), and hehehe is the maximum peak flow height.

4, Results and Discussion

To estimate the probability of recurrence over a specified period, probability distribution models require particular statistical parameters. In
this research, distributions for periods of 50 and 100 years were computed using a software tool developed by Haktanir [19].
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The measured peakflow values at a station for each year (represented as Csx) ranged from 0.10 to 1.21, with all values consistently greater than
zero. These values followed a right-skewed distribution. The skewness and variation coefficients varied across different observations, which
can be explained by differences in the physical properties of the watersheds, streambed characteristics, and climatic conditions.

The analysis revealed that, for various probability distribution models, the calculated current values for the same recurrence periods showed
differences. Larger discrepancies were observed for longer return periods. Generally, for periods under 50 years, the differences between the
calculated flow values were minimal, but these differences became more pronounced as the return period increased. For periods shorter than
100 years, the calculated current values were mainly influenced by the distributions employed. However, for return periods exceeding 100
years, Pearson Type-3 and General Extreme Value (GEV) distributions yielded the highest values, whereas the log-logistic distribution provided
the lowest.

The Moments method produced reliable results for all series. The Maximum Likelihood method offered the best fit, particularly for Log Normal,
Pearson- 3, and Gumbel distributions, surpassing Log-Logistic and Log-Pearson- 3. The Probability Weighted Moments method performed well
with Pearson- 3 and GEV. On the other hand, the Maximum Entropy, Mixed Moments, and Individual Probability Weighted Moments methods
were less effective than the others.

As a result, the goodness-of-fit tests were performed with 95% confidence limits. The accepted (suitable) and rejected (unsuitable) distributions
based on the probability distributions are shown in Table 1. As seen in Table 1, according to all three goodness-of-fit tests, the distributions that

best fit the station data are Pearson-3 and GEV.

Table 1. Evaluation of distributions as to goodness of fits

Distrubiton X2 test K-S test CvM
Log-Normal 2 accepted rejected rejected
Gumbel rejected accepted accepted
Pareto rejected rejected rejected
Log-Logistic accepted rejected rejected
Pearson 3 accepted accepted accepted
Log-Pearson 3 rejected accepted accepted
Log-Boughton rejected accepted rejected
Wakeby rejected rejected rejected
GEV accepted accepted accepted
Weilbull rejected rejected accepted

In conclusion, based on the Pearson Type III distribution, the flood discharges calculated for the 50-year and 100-year return periods were
found to be 898.000 m3/sn m3/s and 1021 m3/s, respectively. For the GEV distribution, the flood discharges for the same return periods were
calculated as 1171 m3/s and 1422 m3/s.

Using the Snyder method, the maximum flood discharge for a 50-year return period was found to be 1423 m3/s, and for a 100-year return period,
it was 1928 m3/s. With the Kirpich method, the 100-year flood discharge was calculated to be 1034 m3/s, and the 50-year flood discharge was
1284 m3/s. The peak discharge estimates for 50 and 100 years using the Marcos method were calculated to be 1122. m3/s and 1681 m3/s,
respectively. Finally, using the SCS method, the 50-year discharge was found to be 1432 m3/s, and the 100-year discharge was 1884. m3/s.

The 50-year and 100-year peak flow prediction values obtained in the study are presented in Table 2. The results of Pearson Type III and GEV
distributions, which provided the best outcomes among the probability distributions, were considered, while the results of other distributions
that did not pass the goodness-of-fit tests were excluded from the table.

Table 2. Peak Flow Values (m3/s) for 50 and 100-Year Return Periods (years)Obtained by Different Methods.

Return Period Pearson-3 GEV  Snyder Kirpich Marcos S.C.S:

50 898.000 1171 1523 1034 1122 1391

100 1021 1422 1928 1284 1681 1884

As seen in the table, the flow predictions obtained through statistical methods are closest to the values provided by the Kirpich and Marcos
methods. The flow-year graph derived from the station records also highlights the suitability of the Pearson Type III and Kirpich method results.

5. Conclusion
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Hydrological modeling offers valuable opportunities for better understanding the natural processes occurring in watersheds, playing a crucial
role in water resource management and planning. Despite the inherent uncertainties within these models, technological advancements in
recent years have improved their accuracy. Particularly, the widespread use of satellite technologies and the expansion of observation networks
have enhanced the models' reliability, making them more compatible with observed data. Additionally, the lack of river gauging stations (RGS)
in certain basins makes hydrological models even more significant in understanding the spatial distribution of events like droughts and floods.
In this context, hydrological modeling holds the capacity to effectively simulate these natural events.

Flow predictions are of great importance in rivers without gauging stations. This situation can pose challenges in various fields, including
water resource management, flood risk assessment, and infrastructure planning. In areas where flow observation data is scarce, accurately
predicting flood discharges and flow behaviors becomes critical. In such cases, flow predictions using rainfall data and various hydrological
models are essential for efficient water resource management and mitigating flood risks. This approach provides valuable insights for water
resource planners and engineers, contributing to the development of effective water management strategies.

Determining annual peak flow values is vital for flood risk management and infrastructure planning, as these values inform the design of
water structures and the efficient use of water resources. Flow forecasting enables the calculation of annual peak flows even in areas without

gauging stations, allowing for more effective flood risk management and water resource direction.

In this study, the success of synthetic methods was compared to statistical methods, and it was found that two synthetic methods, in particular,
provided successful results for the specific river basin in question. In conclusion, the modeling studies carried out for the Demirci Stream Basin
offer significant insights for climate-related and watershed infrastructure planning. Although the models produce varying results, they will
prove essential for future planning, especially in regions lacking observational data.
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