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Abstract: Flood quantile estimation in ungauged basins is often performed using regional analysis.
A regionalization procedure consists of two phases: the definition of homogeneous regions among
gauged basins, i.e., clusters of stations, and information transfer to the ungauged sites. Due to its
simplicity and widespread use, a combination of hierarchical clustering by Ward’s algorithm and
the index-flood method is applied in this research. While hierarchical clustering is very efficient, its
shortcomings are the lack of flexibility in the definition of clusters/regions and the inability to transfer
objects/stations from one cluster center to another. To overcome this, using silhouette width for
induced clustering of stations in flood studies is proposed in this paper. A regionalization procedure
is conducted on 53 gauging stations under a continental climate in the West Balkans. In the induced
clustering, a negative silhouette width is used as an indicator for the relocation of station(s) to another
cluster. The estimates of mean annual flood and 100-year flood quantiles assessed by the original and
induced clustering are compared. A jackknife procedure is applied for mean annual flood estimation
and 100-year flood quantiles. Both the Hosking-Wallis and Anderson-Darling bootstrap tests provide
better results regarding the homogeneity of the defined regions for the induced clustering compared
to the original one. The goodness-of-fit measures indicate improved clustering results by the proposed
intervention, reflecting flood quantile estimation at the stations with significant overestimation by
the original clustering.

Keywords: regional analysis; flood quantile; hierarchical clustering; silhouette width

1. Introduction

Flood frequency analysis (FFA) is commonly used in hydrology to relate extreme river
flow to its frequency of occurrence, i.e., to estimate flood quantile [1]. The application of
statistical methods in this analysis implies long-term, reliable gauge flow data [2]. For
instance, a known issue with gauged high flows is the uncertainty of the rating curve
that provides the relationship between the water flow and the corresponding water stage
in that particular domain of interest [3,4]. The application of statistical methods implies
homogeneous and stationary datasets, which contradicts the increasing evidence for climate
change [5,6], although some flood-related studies suggest the opposite [7-10]. Assuming
that the datasets are homogeneous and reliable, the next question is whether the population
distribution function and its parameters can be reliably estimated from the available data
record length.

Some countries have suggested procedures, distribution functions, and parameter
estimation methods for FFA. In the USA, the Log Pearson 3 (LP3) function is used, with the
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parameters estimated by the expected moments algorithm (EMA) [11]; in the Russian Feder-
ation, either Kritsky—Menkel, Pearson 3 or Log Normal distribution is used, depending on
the ratio of the skew (Cs) and coefficient of variation (Cv), with the use of the approximate
method of maximum likelihood (MLE) [12], while in Germany, the choice of distribution
function depends on the data record length [13]. The use of three-parameter distributions
in Germany is allowed for data records that are at least 50 years long. In addition, MLE,
the method of ordinary moments and L-moments are used to estimate the distribution
parameters, without preference. It is assumed that all methods lead to approximately equal
results, and if this is not the case, it is necessary to include other information. In general,
such inclusion is conducted with the temporal, spatial, and causal expansion of information
used for the improvement of flood quantile estimation [14,15].

Spatial data transfer, in the focus of this research, includes methods of regionalization
for estimating parameters or flood quantiles. It is most often used when the data record is
short or completely absent (ungauged catchment/site). The spatial information expansion
includes spatial regionalization and statistical regionalization. Spatial regionalizations
imply the creation of envelope curves, specific runoff diagrams [13], maps of quantiles or
maps of a certain statistical parameter. Envelope curves and specific runoff diagrams show
high flows in relation to the catchment area or a section of the river network and serve to
verify the estimated peak flows. The extrapolation of envelope curves for areas outside the
observation range is problematic [13].

Statistical regionalization procedures imply the determination of the relationship
between the parameters/quantiles of high-flows and the morphological and/or meteoro-
logical parameters of the catchment. When the flow data record is shorter than half of the
required return period, regional statistics can help to improve the dataset statistics [13]. In
statistical regionalization procedures, two steps are crucial: the formation of homogeneous
regions and the transfer of information, that is, the flood flow estimation. Many region-
alization methods have been recommended in the literature, and the difference between
them is in these two steps.

Assuming that similar processes take place in areas that are physically close to each
other, geographically continuous regions are often considered homogeneous regions for
flood flow estimation. This approach is subjective because neighboring areas do not always
behave in a hydrologically similar way [16]; hence, cluster methods [17-19] or the Region
of Influence (ROI) method [20,21] are used.

In the ROI and cluster analyses, it is necessary to select similarity attributes for group-
ing (regionalizing) catchments. Given that they are easily available, geomorphological
properties are most often used [22,23], then hydro-meteorological properties [24,25] or
seasonality of peak flows [26,27], which has the advantage of high accuracy and robustness
of the data, dates of occurrence of peak flows, form of distribution [27,28], etc.

Due to its practicality, the use of cluster analysis in flood regionalization is
frequent [17,18]. Most often, clustering is performed using Ward’s algorithm (hierarchical
approach) [26,29] or the k-means algorithm (partition approach) [30,31]. The advantage of
the hierarchical approach is in the way the results are presented (dendrogram), from which
regions can be determined for an arbitrary distance or number of cluster centers (CCs). In
the partition approach, this is not possible, but the number of CCs has to be specified in
advance. As the result may depend on the initially assumed CCs, the algorithm needs to
be run several times. Due to the hierarchic approach, it happens that the object (catchment)
assigned to the CC at an early stage is found to be inadequate after the formation of the
CC/region [17]. The fact that objects cannot migrate from one CC to another is the short-
coming of a hierarchical approach. To take advantage of both clustering methods, a hybrid
cluster analysis [18] was proposed, which implies a hierarchical approach in the first step,
and then its result represents the assumed starting CCs for the partition approach in the
second step.

In the study area for this research, i.e., Bosnia and Herzegovina, specific runoff dia-
grams or regression that relates flood quantiles and catchment area are most often used for
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flood quantile estimation in ungauged catchments [32]. It was shown that this approach can
give significant under-/overestimation of flood quantiles and that geographically continu-
ous regions of water basins are considered homogeneous regions without testing [33,34].
Other methods for flood data transfer used to improve flood quantile estimation included
an extension of the gauged peak flow data based on gauged water stage, assumed rating
curves [35], and historic floods [36]. A comparative presentation of statistical results, em-
pirical expressions, and a geomorphological unit hydrograph using the EBA4SUB model
is also considered [37]. Regional analysis using the cluster method was performed for
stations from Bosnia and Herzegovina with the addition of stations from Serbia, where
the advantage of hierarchical (Ward’s algorithm) over partition (k-means) clustering was
demonstrated in flood quantile estimation [33].

In this study, another approach to forming regions for flood quantile estimation
is investigated, which is fundamentally hierarchical. The adequacy of assigning ob-
jects to CCs is examined through the (mean) silhouette width value [38], which is in-
tended for determining the optimal number of CCs [39] and as a measure of the region
compactness [40]. The advantage of silhouette width is that it does not require a training
set to evaluate clustering results [41]. Similarly to the k-means algorithm, the proposed
procedure also requires an iterative method. The important difference is that the k-means
algorithm depends on the assumed initial CCs, while in the proposed method, this is not
the case. Based on quantitative measures such as silhouette width, the same input data
give a unique result.

The research question is as follows: is silhouette-width-induced clustering of catch-
ments appropriate for the formation of flood estimation regions in a data-scarce environ-
ment? This research was conducted for the study region of Bosnia and Herzegovina and
Serbia and is based on the findings from the initial study [34]. The appropriateness of the
silhouette-width-induced clustering was rated using the performance-based assessment
that also included region homogeneity examination and flood information transfer by
the index-flood method. The flood quantile estimation procedure for pseudo-ungauged
catchments was conducted in the common way used in Bosnia and Herzegovina.

2. Materials and Methods
2.1. Study Region and Data

The study region is the southern part of the Danube River basin, characterized by
a continental climate. The annual peak flow data were collected for 64 hydrological
stations (HSs), with a catchment area of up to 3000 km? in the territory of Bosnia and
Herzegovina (19 HSs) and Serbia (45 HSs). The data were quality assured by the respective
hydrometeorological services. A total of 11 HSs were excluded from this study due to
different reasons, including short peak flow datasets, a flow regime regulated by upstream
reservoirs, and difficulty in defining a catchment border due to karst. The locations and
catchment boundaries of the remaining 53 HSs are shown in Figure 1.

The peak flow datasets of 53 HSs in the gauge period 1948-2016 were subjected to
statistical tests to determine suitability for statistical analysis, i.e., flood frequency analysis
(tests of stationarity, independence, and homogeneity in mean and variance). In 12 HSs,
the datasets were trimmed (cut off) from the beginning of a gauge period until they were
found to be suitable for statistical analysis at the 5% significance level of the applied tests.
The trimmed gauged peak flow data range is from 1 to 22 years. The completeness and
gauge period of the datasets are shown graphically in Appendix A (Figure Al). Long data
gaps are characteristic for the HSs in Bosnia and Herzegovina, starting from HS no. 43 in
Figure A1l. The incomplete datasets were not augmented. The average size of the datasets
is 51 years. Table Al in Appendix A contains the analyzed datasets’ flood statistics for the
53 HSs.
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Figure 1. Study region and catchments (thick black boundary lines) of hydrological gauge

stations (numbered).

The catchment morphological attributes, catchment area (A), average slope (Iavg) and

average elevation (Havg), are taken from previous research, determined from the 20 m
resolution DEM [42].

2.2. Methodology

The research process consists of four phases, as shown in Figure 2 as a computational
workflow divided into 6 steps. The initial phase is the formation of flood estimation regions
(Figure 2, column 1), the second phase is flood quantile estimation in pseudo-ungauged
catchments (Figure 2, columns 2—4), the third phase is estimation of ‘true’ flood quantiles
by FFA, and the final phase is the comparison of regionally assessed flood quantiles and

true ones.
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Figure 2. Computation workflow.

One subjective method and two objective methods are used to form the regions. The
subjective method implies that all stations form one region (label 1REG), while in the
objective methods, regions are formed by the cluster analysis (label CLUSTER). The results
of cluster analysis are the regions CLUSTER_org (i.e., original) and CLUSTER_adj (i.e.,
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adjusted). The difference between the two regions (CCs) is in the adjustments made to
CLUSTER _adj from CLUSTER _org to achieve positive silhouette widths of all objects (HSs)
in CCs (Figure 2, column 1).

The regional analysis starts with the formation of regions where the 53 HSs are
distributed among clusters according to similarity. Then, one HS is left out (pseudo-
ungauged catchment), and the homogeneity of its region (CC) is tested using the Hosking-
Wallis (HW) test, Anderson-Darling (AD) bootstrap test, and identification of discordant
stations. In such a region, both mean annual flood (MAF) and a regional growth curve are
estimated (Figure 2, columns 2—4). The result is appraised with respect to flood quantile
at studied HSs estimated by FFA (Figure 2, column 5). The procedure is repeated for
each HS and the three regionalization methods. The regionalization methods are generally
evaluated through percent bias (PB) and regional root mean square error (RRMSE) (Figure 2,
column 6).

2.2.1. Formation of the Regions

The subjective approach to the formation of regions leads to one region comprising
all HSs (1REG). A selected objective approach is the application of one of the clustering
methods, leading to the formation of two sets of regions (CLUSTER).

In the cluster analysis, catchments are allocated to regions using a hierarchical agglom-
erative approach that classifies objects (catchments) according to morphological similarities.
The morphological attributes should not exhibit significant correlation to avoid giving too
much importance to individual attributes [43]. At the beginning of hierarchical clustering,
each HS forms an object (cluster) for itself, and through a clustering algorithm, merging is
performed at each level (height) until the clusters become one region. Ward'’s algorithm is
applied here, known for its advantage in the formation of compact regions [18,44].

The silhouette width is used for the selection of the number of centers. It is calculated
as the ratio of the average distance of the object i from the others falling into the same center
j and the maximum distance d from the objects of other centers:

J_
§ = b —a; )
i J o]
max(ai,bi)

where s{: is the silhouette width of the object i from the cluster (center) j, af«' is the average

distance between i-th vector in cluster C]- and other vectors in the same cluster, and b; is
the minimum average distance between i-th vector in cluster C; and other vectors in the
remaining clusters Cy (k=1,... , K, k #)):

defxf i=1,...,m, 2)
i k;éz
b=  min %dX/X] ), i=1,,m ®)
Yon=1,.. K| Mo
ntj i

where d (Xf, X{() is the distance between objects X; and X}, m; is the number of objects in
cluster Cj, my, is the number of objects in remaining clusters Cy, and K is the number of
cluster centers.

The silhouette width range is [—1, 1]. The closer the silhouette width is to 1, the more
compact the cluster, and the object is assigned to an adequate center.

The selection of a number of centers is performed by maximizing the mean silhouette
width (MSW). The label for this clustering method is _org (original), therefore regions are
labelled CLUSTER _org.
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An issue in the _org clustering method is the presence of silhouette widths close
to zero and negative. In the former case, it is inconclusive whether the object is in the
adequate center. Negative silhouette width is used as an indicator of the wrong center, and
the regions are adjusted accordingly to achieve positive silhouette widths (CLUSTER_adj).

The adjustment starts from the original regions CLUSTER_org and it is checked
whether the smallest value of the silhouette width is negative. If so, the object is moved to
the neighboring CC, and the silhouette widths are recalculated. The procedure stops when
all silhouette widths are positive, as shown in the flow diagram in Figure 3.

Regions by cluster analysis
(cluster_org)

\ Calculate silhouette width / \ S /

L4

Find minimum silhouette width Si min = min{s;}

I

another neighbour center

!

\ Calculate silhouette width /

Figure 3. The silhouette-width-induced clustering—an adjustment procedure of the region size to
achieve positive silhouette widths.

2.2.2. Region Homogeneity Testing

The region homogeneity is tested for each regionalization method and HS. The pseudo-
ungauged HS is left out from its region, and the homogeneity of the remaining m; — 1
stations in the region is examined. Two tests were used: the parametric Hosking—Wallis
(HW) test and the Anderson-Darling (AD) bootstrap test. Additionally, the number of
discordant sites (HSs) is sought.

The HW test is based on the comparison of deviations (dispersion) of dimensionless
moments with deviations in homogeneous regions. If the deviations are small enough, they
are attributed to sampling error and the region is considered homogeneous.

The measures of dispersion are [17]

1
o (0 )
T n
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where t, t3, and t4 are dimensionless L-moments at HS (i) and region (R). Regional dimension-
less moments are calculated as average by weighting local values by dataset size n;:

" )
oont
tR = LCo = legfl’ )
-1 M
=1 (i)
= [Cs = Zi=i Mty ®)
3 = - m]'fl 4
Zizl i
mi=1 (i)
R [k = Lo nity ©)
4 — - lefl 4
Zizl nj

Following the procedure of Hoskings and Wallis [17], dispersion of each measure
expected in homogeneous regions is obtained via 500 Monte Carlo simulations (N, = 500).
The four-parameter kappa distribution is specified. Based on dispersion statistics (mean
uy and standard deviation o) H1, H2, and H3 measures are calculated as [17]

V —uyl)

Hl = ( Vo — pv2) V3 — pv3)

,H2:( ,H3:(

(10)
oyl oy2 ovs

A region is considered “acceptably homogeneous’ if H test statistics are less than 1
and ‘definitely heterogeneous’ for values greater than 2. The range between 1 and 2 is
the “possibly homogeneous’ region. Even in extremely heterogeneous regions, H2 and H3
rarely reach values higher than 2 [19], so only H1 is used to check the homogeneity of the
region.

In addition to the HW test, the AD bootstrap test was performed, recommended in
cases of significant regional LCs values (greater than 0.23) [45]. The test is based on the
comparison of local and regional empirical distribution functions as

A

k 2
_ © [Fi(x) — Hy(x)]
Oup = ;ni Wvore i (oA () (1)

where F;(x) is an empirical function of the i-th sample (HS) of length n;, and Hy(x) is a
regional empirical function defined from sample size N = nj + - - - 4 ny.

To avoid false conclusions about homogeneity, the nonparametric bootstrap proce-
dure [45] is applied.

The third region homogeneity insight is obtained from the detection of discordant
HSs. The discordant HS is the one far away from the centroid of the cloud of points in the
dimensionless L-moments space.

The distance of each point is defined as [17]

Dy = yN(w — ) A7 u; — ) 12)
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where u; is the vector of dimensionless moments at HS i u; = [t(i), téi), té(f)} , U is the vector

of unweighted individual vectors, and matrix A is defined as

A= 2(ui —u)(u; —u)’. (13)

The critical test values depend on the region size and range from 2.491 for 5 HSs to 3
for regions with more than 15 HSs [17].

2.2.3. Flood Information Transfer

The index-flood method is intended for regional flood frequency analysis [46,47]. This
method combines data from several HSs to obtain one theoretical distribution function, i.e.,
regional growth curve, supposing an index (scaling factor) can be found at ungauged HS
elsewhere or by some other method [17].

The mean annual flood (MAF) is selected as an index-flood statistic (index) here. For
the pseudo-ungauged HS i, MAF is calculated by regression analysis, with one independent
variable, a morphologic attribute:

MAF; = a- ATTRIBUTE{" (14)

Catchment area A, the average catchment elevation Havg, and the average catchment
slope lavg are considered as attributes.

Estimation of regression coefficients a and b in Equation (14) is performed using the
least square method for 1IREG and CLUSTER regions.

The regional growth curve is adopted based on the proximity of regional values on the
L-moment plot (Section 3.3.2). The GEV distribution is selected for regional distribution
with a regional growth curve.

2.2.4. At-Site Flood Quantile Estimation

The selection of GEV distribution for at-site flood quantile estimation is based on the
research results for the same study region (HSs) [34], where five distribution functions
in FFA are tested: Log-normal (LN), Gumbel (GUMB), exponential (EXP), Pearson 3 (P3),
Log Pearson 3 (LP3), Generalized Extreme Values (GEV), and General Logistic (GLO). The
Probability Plot Correlation Coefficient (PPCC) test showed that the GEV, LP3, and GLO
functions are overall best ranked among the tested distribution functions [34].

GEV has been confirmed as the best distribution function in a large number of Euro-
pean basins [48,49] and beyond [50,51]. As a positive feature, the consistent estimation of
the confidence interval is found [52], as well as minor sensitivity of the right distribution
tail to low outliers, which is of considerable practical importance in flood analysis [53].

2.2.5. Efficiency of the Regionalization Methods

The efficiency of the applied regionalization methods for flood quantile assessment
is analyzed for variables estimated in the regionalization procedure: MAF, 100-year flood
quantiles, and the ratio of MAF to 100-year flood quantiles (Table 1). The flood quantile
Q100 is selected for the efficiency analysis because an average peak flow dataset size in HSs
of N = 51 years corresponds to the recommendation for the reliability of quantile estimation
related to a return period of T < 2N-3N [13,54].

Table 1. Meaning of the variables in the regionalization efficiency analysis.

Label\ Variable MAF Q100 q100
XREG MAFyeq Q100,,,, Q100,c¢
MAF g
Xobs MAF it Q1004 —site m

MAFatfsite
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Two efficiency measures are calculated: relative bias and regional root mean square
error (Equations (15) and (16)). Variables estimated in the at-site FFA are considered
‘observed’ in the efficiency assessment, as shown in Table 1.

Relative bias of regionalized (modelled) values:

Xobs

Regional Root Mean Square Error (RMSE):

RMSE =

Z| =

i Xobs

o (YREG — xobs)z, (16)
=1
3. Results
3.1. Formation of Regions

Regions were formed in two ways: subjectively (a region comprising all HSs, label
1REG) and by hierarchal cluster analysis applying Ward’s algorithm (label CLUSTER),
where the selection of similarity attributes was performed according to correlation sig-
nificance (p-value) calculated for Pearson R? and Spearman p (rho) coefficients (Table 2).
According to the results, basin area (A) and mean catchment elevation (Havg) are selected.

Table 2. The correlation indicators of morphologic attributes in the study region (53 HSs): the Pearson
R? (upper table part below the diagonal) and its significance—p-values (upper table part above the
diagonal); Spearman p coefficient (lower table part below the diagonal) and its significance—p-values
(lower table part above the diagonal).

R?\p Value A Iavg Havg
A - 0.5457 0.8055
lavg —0.08 - 0.0000 *
Havg —0.03 0.54 -
p\p value A Iavg Havg
A - 0.2716 0.7279
lavg —0.15 - 0.0000 *
Havg 0.05 0.53 -

* Significant correlation.

The merging flow of HSs in the objective regionalization method is shown by a
dendrogram, providing the opportunity to designate regions for any number of CCs
(Figure 4). The selection of a number of centers was performed by maximizing the mean
silhouette width (MSW) (Figure 5). However, this cannot be a sole criterion because it is
recommended that the number of objects in clusters is between 5 and 20 in hydrological
research [24]. A compromise is found with 6 CCs, with 15, 5, 5, 5, 7, and 16 HSs comprising
region CLUSTER _org (Figure 4). The locations of catchments according to CCs are shown
in Figures A2 and A3.
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Figure 4. Dendrogram based on Ward’s clustering algorithm, using morphologic attributes A and
Havg from 53 HSs shown by their labels (numbers). Each CC is presented in different color.
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Figure 5. The change in mean silhouette width for the number of CCs.

In the CLUSTER _org, HS20 and HS45 have a negative silhouette width (Figure 6). It
took four iterations from CLUSTER _org to obtain CLUSTER _adj by the positive silhouette-
width-induced clustering. The silhouette widths calculated in the original and adjusted
procedures for each HS are shown in Figure 6. Three HSs moved from CC2 to CC1 (HS
2,45, and 49), and HS 20 moved from CC1 to CC5. The difference in silhouette widths at

some stations is notable, e.g., HS 1, HS 15, and HS 41, for better but HS 27, HS 50, and HS
51 for worse.
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Figure 6. The silhouette widths of HSs designated to centers (regions) in _org and _adj clustering.
The bar color shows the corresponding HS center, and the transparency shows the clustering method.

3.2. Region Homogeneity

Regional homogeneity was tested according to the H1 measure (HW test) and p1 and
p2 values (AD bootstrap test adopting mean and median as index values, respectively). The
conclusion was derived based on 500 simulations conducted in R using the {nsRFA} library.
The consistency of HW and AD bootstrap tests is shown by the number of regions that
matched the test conclusion (both accepted or both rejected homogeneity null hypothesis at
the 5% significance level) and the number of regions where this was not the case (inconsis-
tent results) (Table 3). Homogeneity was tested for each pseudo-ungauged HS (its region).
A comparison of homogeneity testing results in Table 3 shows that _adj clustering provided
more consistent results, e.g., the number of HSs with inconsistent conclusion in _adj is 10/2
(pl and p2),i.e., 10/4 (p1 and H1) compared to 22/14 and 17/11 in _org clustering.

Table 3. Region homogeneity testing results according to the HW test (H1) and AD bootstrap test
(p1 and p2) shown as the number of HSs where results are realized in all regions/regions of cluster
centers 1, 2, and 5.

Testing Results

_org _adj
p1and p2 pland H1 p1and p2 pland H1

Both positive (homogeneous region) 11/5 14/6 21/15 22/14
Both negative (heterogeneous region) 20/9 22/11 22/11 21/10

Inconsistent

22/14 17/11 10/2 10/4

Figure 7 shows an individual homogeneity class at each HS based on the results
consolidated in Table 4 (p1 and H1) as well as the presence of a discordant station when
that HS is left out (pseudo-ungauged). From Figure 7, it can be seen that twelve HSs
should further produce reliable results in both _org and _adj cluster centers because their
estimations will come from definitely homogeneous regions, free from discordant stations.
These HSs are HS 43 (CC1), HS 24 and HS 35 (CC2), HS 3, 13, 28, 40, and 46 (CC3), HS 4, 6,
and 19 (CC4), and HS 27 (CC5).
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Figure 7. Homogeneity class of each HS according to HW and AD bootstrap tests obtained when
the HS is left out (pseudo-ungauged) and when a discordant HS is found in such region with
(m; — 1) HSs.

Table 4. Relative Bias (%) of MAF estimation by regression for the three regionalization methods.
The main components of boxplot diagrams. The best results are bolded.

Relative Bias 1REG Cluster_Org Cluster_Adj

Min —58.93 —70.31 —70.31

1st quartile —24.09 —27.33 26.67
3rd quartile 36.68 18.14 25.21
Max 128.2 165.4 133.5
IOR 60.77 45.47 51.88
Median 1.95 5.83 1.42
Mean 6.95 7.96 6.50
RRMSE 39.9 49.1 43.5

3.3. Flood Information Transfer
3.3.1. Mean Annual Flood (MAF)

The selection of an appropriate attribute (independent variable) in the regression
equation (14) for MAF prediction is based on the relative bias of MAF estimation via
attributes A, Iavg, and Havg for region 1REG. The best agreement of MAF (the smallest
relative bias range) is achieved for catchment area (A) with the highest values of R? (close
to 0.8). Still, a relative bias at individual HSs ranges from approximately —60% to 130% in
respect of MAF at-site.

In Figure 8, the regression plots and 0.95 confidence intervals for MAF prediction in
all CCs are shown, with catchment area as the predictor variable in the regions pooled
by the _org and _adj approach. The figure shows three separate sets of regression lines,
according to the differences in CCs in these two clustering approaches, taking into account
mj stations.
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Figure 8. Regressions in the form MAF = aA” in loge scale, with 0.95 confidence intervals for silhouette-
induced clustering: (a) centers 3, 4, and 6 (_org = _adj), (b) centers 1, 2, and 5 in _org, and (c) centers
1,2, and 5 in _adj. Color is an indicator of the HS cluster center.

In the course of MAF estimation for a pseudo-ungauged HS, the regression equation
in its CC is redefined, i.e., regression coefficients are recalculated from the remaining
m; — 1 HSs in the CC. When analyzing pseudo-ungauged HSs from CC5 and partly CC3,
the regression line slope becomes illogical, resulting in a MAF decrease with a catchment
area increase. CC5 consists of HSs with catchment areas ranging from 630 km? to over
1100 km?, with karst shares from 0% to 45%. Neglecting HS 46 in the CC3 also yields a
negative value of the exponent b, leading to the largest MAF underestimation of all HSs.
This is further discussed in Section 4.

A significant MAF relative bias is generally found in HSs with catchment area extremes
(min/max) in their CCs but also in the CCs comprising similar catchment area HSs but
with significantly different karst shares. The HSs with min/max catchment area within the
CC gave good MAF estimation agreement if the CC comprises HSs with similar catchment
areas and karst shares. However, there are HSs of similar catchment area(s) and karst share
that behave differently. In both _org and _adj CCs, MAF is generally underestimated in
catchments with a high karst share.

Table 4 shows the consolidated efficiency measures of MAF prediction obtained for
all HSs and shown per the regionalization method with the best values bolded; these are
shown as components of boxplot diagrams in Figure 9.
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Figure 9. MAF prediction efficiency from regression equations in the CCs shown as relative bias
(error) realized for each HS in (a) CC_org and (b) CC_adj. Marker size corresponds to the catchment
area, and marker color corresponds to karst share.

The relative bias in MAF estimates by the regression equations at all HSs in the _org
and _adj clusters is shown in Figure 10. The dashed red line represents the location of a
supposed equal MAF relative bias obtained for an HS in its _org and _adj cluster center.
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Figure 10. Relative bias in MAF estimates obtained in _org and _adj regionalization. Marker color
indicates MAF at-site (m?/s), and marker size shows the extent of the MAF difference (%) in the _org
and _adj approaches.
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The overall impression from Figure 10 is that there are more HSs with better individual
results in MAF estimation from _adj clusters (14 HSs) compared to _org clusters (10 HSs),
while the remaining 29 HSs (_org = _adj on the red dashed diagonal) lead to an equal
MATF relative bias. The most underestimated MAFs (—70% to —50%) in both _org and _adj
clusters are found for the HSs with high at-site MAF.

3.3.2. Regional Growth Curves

The selection of the regional growth curve distribution function is based on the L-
moment plot, i.e., on the proximity of regional values for t3 and t; parameters to the line
representing a theoretical function. Regional parameter values calculated from m; stations
(mj =53 in 1REG) and for all CCs in the CLUSTER method are shown in Figure 11. For
most regions, point (3, t4) lies by the GEV line. Therefore, the GEV function is adopted for
all regions.

02 E /

01

t4

0.0

0.2 04
01038 s _ GPA == GLO == PE3  Type o ADJ O ORG
Center Function
D020 4@ s m—GEV == | N3 oLB

Figure 11. Regional values for the LCs = t3 and LCk = t4 parameters, with regions pooled by 1IREG
(marker +) and by cluster analysis (marker o) in the _org (transparent) and _adj (nontransparent)
approaches. All HSs in the CCs are considered.

Regional growth curves are constructed for all regions (e.g., dashed line for region 3
in Figure 12). Each pseudo-ungauged HS has its own regional growth curve because it is
estimated from the m; — 1 HS data.

The flood information transfer is completed by MAF estimation in an ungauged HS
according to its catchment area and the construction of a regional growth curve for its
region. Then, for a desired return period T, QT /MAF is known from the regional growth
curve, the ratio is multiplied by MAF, and the flood quantile QT is estimated.
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Figure 12. The regional growth curve in region 3. Colored lines show curves for QT /MAF estimation
at individual HS (based on mj — 1 HSs), and the dashed line is the growth curve in the considered
region (mj HSs).
3.4. Regional 100-Year Flood Quantile Estimates
The flood quantile estimates are analyzed for the return period T of 100 years. The
results are presented for the ratio g100 = Q100/ MAF obtained from the regional growth
curves and for flood quantile Q100. The relative bias (%) of g100 and Q100 estimates with
respect to at-site values is shown in Figures 13 and 14, respectively, as boxplots. The HSs are
located in their corresponding regions/CCs in _org and _adj regionalization, with markers
depicting silhouette width and region homogeneity measure H1 (HW test).
a) b)
43 43
45 » 52
50 L 1. 50 NG 15‘
2 40 e " 2 5! °
£ 2 1 S . 1
= 34 d 4 e P 5 a4’ ° Py é
e a3 6 & 36 £ 0 . 6 20 36
o 50 4935 . o M, s 5 o% ,
5 20 8 31 33 9 7 'g 53% 31 38 9
| L s 88— - ______ 15 I g====|- == AF - - — = = —— = = —— - —— - L 15
o 0 % 82 o ;" - T
) 48 ® 3 ® » . % °° ¢
26 Q 5 23 26 i ¥ " B
o 17 a2 - & .
1 10 R 18 3
9 19 e 4 .m» L .
¢ o P 27 25 2%’ ® | 7 n?
|
22 14
50 14 =0
1 2 3 4 5 6 1 2 3 4 5 6
Cluster center Cluster center
Sihouette widh Wl D 0 0 o 1 Hiclass + <1 ® 2 @ =2

-025000 025 050 0.75

Figure 13. Relative bias (%) in 4100 estimates in (a) _org CCs and (b) _adj CCs. The marker’s color
indicates silhouette width, its size indicates whether the 4100 is estimated from a homogeneous, possi-
bly homogenous, or heterogenous region—H1 class (small, medium, and large marker, respectively),

and a square marker shows that the HS is found to be discordant in its region. HS numbers are by
the markers.



Hydrology 2023, 10, 126

17 of 27

a) b)
& &
200 200
20
= 35 = 18
=100 * » £ 100 . »
= 18 = 35
e 20 £
1] @
m = 40
5 z . o 15 s o3 15
I [ H3 oy
o 13 6 o a * .
43 P 16 & 4 8 + 74 .6
45 Fa7 27 12 & % BT 2
UA 10 21 823 1 10% *a7 21 23
Mgal! 7 42 20 T
0- @ 2y 3 - e e e e 35 -
26 3 2 & " 2
24-o 48 28 51 1 244233 28 1
1 “gg " ' 327" /36 9 3 e 51 32 30\9
39 31 30 50 53 ° 3 36
% 4 o . a5 | 19
50 53 25 1 25
3 3
1 2 3 4 5 6 1 2 3 4 5 6
Cluster center Cluster center
Silhouette width _ No Di 0 1 H1 class <1 <2 =2

-0.250.00 0.25 0.50 0.75

Figure 14. Relative bias (%) in Q100 estimates in (a) _org CCs and (b) _adj CCs. The marker’s color
indicates silhouette width, its size indicates whether the Q100 is estimated from a homogeneous,
possibly homogenous, or heterogenous region—H1 class (small, medium, and large marker, respec-

tively), and a square marker shows that the HS is found to be discordant in its CC. HS numbers are
by the markers.

The range of relative bias in the 100 estimates in Figure 13 is smaller in homogeneous
and possibly homogeneous regions (CC3, CC4, and CC2 for _adj), compared to the range in
definitively heterogeneous regions (CC1, CC5, CC6, and CC2 for _org). The most obvious
range shrinkage is in CC2 in _adj clustering (Figure 13b) compared to _org clustering
(Figure 13a). A situation in Figure 14 depicting Q100 estimates relative to bias shows that after
adjustment, definitely heterogeneous regions of CC1 and CC5 have a smaller range/more
compact Q100 results compared to other CCs (Figure 14a compared to Figure 14b).

In Q100 estimation, apart from 100, MAF estimation plays an important role. The
overall efficiency results of silhouette width _org and _adj clustering achieved for 4100 and
Q100 estimates is given in Table 5. Almost all considered measures are slightly better in
_adj compared to _org clustering and are shown in bold.

Table 5. Relative Bias (%) in regional 100-year flood quantile estimation for silhouette-width-induced
clustering. Regional RMSE (RRMSE) is also shown. The best results are bolded.

Relative Bias 1REG Cluster_Org Cluster_Adj

Min —54.37 —46.08 —46.08

1st quartile —16.13 —14.15 —14.72
3rd quartile 23.6 21.98 23.09
100 Max 111.91 78.35 71.89
q IQR 39.72 36.14 37.82
Median 3.44 3.43 4.26
Mean 6.75 5.45 4.96
RRMSE 31.35 27.98 26.61
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Table 5. Cont.
Relative Bias 1REG Cluster_Org Cluster_Adj

Min —71.18 —60.74 —60.74

1st quartile —26.17 —23.24 —16.67
3rd quartile 34.91 28.80 25.77

0100 Max 147.91 207.35 207.35
IOR 61.08 52.04 42.45
Median —0.31 0.58 2.43
Mean 11.26 9.63 7.74
RRMSE 47.33 51.80 45.60

At the individual HS level, there are HSs with significant silhouette width but poor
Q100 estimates, e.g., HS 29 in CC6 and HS 18 in CC4.

4. Discussion

There are two approaches in the comparison of regionalization methods: the first
approach ends with the definition of homogeneous regions, and the second approach con-
tinues through information transfer down to the results of regionally assessed values [55].
The second approach is a performance-based assessment, conducted here with a focus on
the silhouette-width-induced clustering outcome in flood quantile estimates. This approach
has its known drawbacks due to uncertainty accumulation as the assessment advances
(e.g., [17,55]).

Clustering based on silhouette width has so far been performed in other disciplines
on large data samples, resulting in fewer CCs/regions compared to the number used here
for flood quantile estimation [40].

Markova et al. [56] found 3 regions for flood seasonality in 556 Slovak and Aus-
trian catchments where the optimal number of clusters was found according to the mean
silhouette width (MSW). It was not shown whether these regions are homogenous.

The choice between an optimal number of regions here is also made according to maxi-
mized MSW, between possibly 3 and 7 (Figure 5), while trying to achieve the recommended
number of elements, i.e., HSs in a region for hydrological applications [17,23]. Table 6
shows realized MSWs in six regions and their size.

Table 6. Mean silhouette width (MSW) and number of HSs (m;) within each cluster center (CC).

cc 1 2 3 4 5 6
SW _org 0.398 0.458 0.336 0.462 0.415 0.417
_adj 0.452 0.534 0.341 0.476 0.360 0.429
" _org 7 16 5
J “adj 9 13 5 5 6 15

According to the Rousseeuw’s MSW range [38], region/CC2_adj has a strong clus-
tering structure (0.51 < MSW < 0.70), while the rest of the regions have weak clustering
structures (0.26 < MSW < 0.50). The sizes of the individual regions are between the recom-
mended 5 and 20.

The region size plays an important role in homogeneity determination [17]. Small
regions may lead to false homogeneity conclusions, large regions are rarely homogenous,
and comparison among regions with different sizes is complicated due to the ‘regional
homogeneity” concept, which is different from the heterogeneity concept considered in
other fields [55]. Therefore, Requena et al. [55] proposed using the Gini index (GI) as
a regional homogeneity (heterogeneity) measure that overpowers HW and AD tests in
many aspects. In further research, GI will be used because the results obtained for pseudo-
ungauged HSs here have shown that good Q100 estimation results originate from both
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homogeneous and heterogeneous regions. In the _adj CCs, the conclusions of the HW
and AD bootstrap tests are more consistent compared to the _org CCs (Table 3), and the
efficiency measures of MAF (Table 5), g100, and Q100 (Table 6) are overall better, although
some values are significantly underestimated or overestimated.

When strictly observing results obtained from the homogenous region CC2_adj, which
also has the best MSW among all CCs and a balanced size, the range of percent bias in
Q100 is —50% to 40%, with one high outlier of 100%. The resulting bias range in 4100 is
from—24% to 30%. Such results point to the poor performance of the catchment area as an
attribute used in the flood transfer model.

A single regression was used as a transfer model, with the catchment area as an
independent variable. Despite significant values of R?, large percent biases in MAF were
observed in the subsequent jackknife procedure. It is assumed that this simple regression
model is not adequate and that new variables should be introduced. The selection of new
variables is not straightforward [57,58]. In a recent performance-based regionalization study
for Ethiopia [59], 27 catchment attributes were considered: 9 morphologic and location,
5 soil, 12 land use, and mean annual rainfall. In the three homogeneous regions out of
the four defined, MAF regression equations were developed using a total of six attributes:
three morphologic, two land use, and one soil. Per each region, the MAF relative errors
were 51%, 4%, and 17%. The flood quantile comparison was not shown. De Michele and
Rosso [60] have shown a multi-level approach to flood frequency regionalization based on
physical and statistical criteria/attributes. Flood, streamflow, and rainfall seasonality were
studied and two indices were used to cluster catchments with the same flood production
mechanism. In the area of Northwestern Italy, similar to the one studied here, 80 HSs
were used, and 4 regions were defined according to seasonality analysis. It appears that
precipitation and flood characteristics are unavoidable candidates for further attribute
inclusion in regionalization. Additionally, in FFA, it is assumed that the upper limit of
the Cs of flood flow is limited by the Cs of precipitation [61]. This means that not only
can precipitation data be used as an attribute, but they could explain suspicious values
of regionally assessed flood quantiles as well. Sometimes, in such cases, the value of the
distribution parameters is limited to acceptable values [62].

The geological structure of the 53 catchments considered here is characterized by a
wide range of karst content [34]. It is known that karst potentially reduces or amplifies flood
peaks and influences the catchment boundary due to the complex conditions for surface
and groundwater flow [63,64]. A karst share influence on MAF prediction is implicitly
shown in Figure 9, where it may be observed that MAF in catchments with high karst share
(>50%) is generally underestimated.

Apart from catchment attribute selection in MAF regression, the region size influences
the reliability of regression coefficient estimation. It is shown here that small regions with
five HSs may lead to ill-posed regression lines, such as in CC5 (Figure 8). Mc Cuen [65]
suggested four times more data than the number of parameters for reliable correlation
estimation. In this regard, a simple regression model with two parameters requires eight
data points (HSs), plus one for the (pseudo-) ungauged HS, meaning that nine HSs is the
minimum size of a region. From this perspective, CC_adj 1, 2, and 6 and CC_org 2 have
reliable MAF regression equations.

In the regional flood growth curve estimations, the GEV distribution function is used
for all regions. According to the L-moment ratio plots (Figure 11), for three CCs (_org 5,
_adj 5, and _adj 3) other functions fit better but the relative biases in 4100 estimates are
similar to other CCs (Figure 13). The adoption of different regional distribution functions
in regions has been performed by other researchers (e.g., [59]), and this may contribute
to result improvement in future research. Due to input data issues (e.g., data gaps), the
use of LP3 with the expected moments algorithm (EMA) should be reconsidered [11].
Overall better Q100 estimates were achieved in previous research [33] conducted using
the Hydrologic Engineering Center’s Statistical Software Package (HEC-SSP) where EMA
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is installed. In addition to the 53 HSs here, more HSs were included, and a study area
comprising 74 HSs was delineated in the three regions. The study period was 1961-1990.

The silhouette width of an individual HS has been shown as a good indicator of be-
longing to the wrong region but not as an indication of 4100 or Q100 estimate quality in the
circumstances presented here. The silhouette widths in HS 16 and HS 52 are among those
showing a high clustering structure (>0.50). When these HSs are considered pseudo-ungauged
in the jackknife procedure, the region is homogeneous (Figure 7), but their 4100 estimates
are among the most overestimated (~50%) (Figure 13). The percent biases in 4100 or Q100
estimates in the region of CC_adj 2, holding most of the highest achieved silhouette widths
among HSs, are slightly less spread compared to other CCs (Figures 13 and 14). Still, the HSs
with the highest silhouette widths are not those with the best 100 or Q100 estimates.

5. Conclusions

This study investigated the potential of silhouette-width-induced clustering according
to catchment morphology similarity on the improvement of regionally based flood quantile
estimates in 53 catchments situated in Bosnia and Herzegovina and Serbia. The ten HSs
from Bosnia and Herzegovina are characterized by flood peak dataset gaps and the presence
of karst, which are among the main issues in flood quantile estimation in practice. The HSs
from Serbia were added for flood information improvement in the catchments from Bosnia
and Herzegovina. The flood information transfer was performed for all catchments (HSs)
using the jackknife procedure, thus showing percent bias with respect to ‘true’ values at each
computational step. Flood quantile estimation from both homogeneous and heterogeneous
regions allowed for the comparison of the extent of bias even when the flood estimation
conditions were not fully met. The following is concluded:

1.  The mean silhouette width of a cluster is an indicator of region composition quality:
the higher mean silhouette width of a region means less uncertainty in region homo-
geneity. The regions should be adjusted to comprise HSs with positive individual
silhouette widths. However, high individual silhouette widths cannot indicate good
performance in flood quantile estimation.

2. Balancing region size is important. Maximizing the mean silhouette width of a region
yields a small number of regions with a large number of HSs. On the other hand,
large regions tend to be heterogeneous. The minimum number of HSs in the region
depends on the selected information transfer method. When the regression equation
is established for the assessment of mean annual flood, the minimum number of HSs
in a region should be nine if a simple regression with one variable is planned, and
four more HSs should be added per regression coefficient/independent variable.

3. Despite the high values of R?, single regression with catchment area as an independent
variable gives significant relative bias in MAF.

4. Similarity based on morphological attributes alone tends to result in regions that
provide unreliable flood quantile estimates, even if the region is homogeneous, most
likely due to an absence of local climate-/flood-related attributes.

5. Good flood estimation results at individual HSs are achieved from both homogeneous
and heterogeneous regions and for those containing discordant HSs. In addition to or
instead of HW and AD bootstrap tests, an additional regional homogeneity insight
should be introduced in future work by, e.g., the Gini Index (GI), to increase certainty
about the results obtained from homogeneous regions.

6.  The use of one distribution function (GEV) for all regions in the index-flood method
does not seem to significantly influence flood quantile estimates in this study.

Author Contributions: Conceptualization, AM.-S.and B.B,; methodology, AM.-S.; software, AM.-S.;
validation, A.M.-S., B.B. and V.M.; formal analysis, AM.-S., B.B.and VM,; investigation, AM.-S. and
B.B.; resources, A.M.-S., B.B. and V.M.; data curation, A.M.-S.; writing—original draft preparation,
AM.-S., B.B.,, V.M. and A.P; visualization, A.M.-S.; funding acquisition, B.B. and V.M. All authors
have read and agreed to the published version of the manuscript.



Hydrology 2023, 10, 126

21 of 27

Funding: This research was partially funded by the Ministry of Science, Technological Development
and Innovation of the Republic of Serbia, grant numbers 451-03-47 /2023-01 /200095 (University of
Nis, Faculty of Civil Engineering and Architecture) and 451-03-47/2023-01/200169 (University of
Belgrade, Faculty of Forestry).

Data Availability Statement: The data are not publicly available because the data are owned by
the Water Agency for the Sava River in Sarajevo, Federal Hydrometeorological Service, Bosnia and
Herzegovina, and the Republic Hydrometeorological Service of Serbia.

Acknowledgments: The authors would like to thank the Water Agency for the Sava River in Sarajevo,
the Federal Hydrometeorological Institute, Bosnia and Herzegovina, and the Republic Hydrometeo-
rological Service of Serbia for the data provided. The authors would like to acknowledge the support
in kind of the University of Sarajevo, Faculty of Civil Engineering, Bosnia and Herzegovina, to Ajla
Mulaomerovié-Seta during her Ph. D. studies.

Conflicts of Interest: The authors declare no conflict of interest.



22 of 27

Hydrology 2023, 10, 126

Appendix A

91 ST ¥T €1 70 TT OT (60 80 L0 90 SO v0 €0 20 T0 00|66 86 L6 9 S6 ¥6 € 76 16 06|68 88 (8 98 S8 ¥8 €8 78 18 08 |6L 8L LL 9L SL YL €L TL TL OL|69 89 L9 99 99 ¥9 €9 79 19 09|65 85 LS 95 S5 v €5 IS 15 0S |6 uoners

NTSA0I0 €5

0A0[0 6%

easoig 8

1WepIR Ly

aluugoq 9y

OYOSIA S

Inzeig

ondljay €y

)

pesdizwen iedslez Ty
eJWeleI O

UI0SEIN 6€

YOSIA €

BUBZY BYIOSIA L€

onaljen 9¢

EUIPMSINN S

aanojedn pg

BUSEI\'3IPOAS €€

e2uznY'afpons z¢

JeA0lS TE

ue|pas 0g

afjdnyosd

e8az04 [T

sendfjadad 9z

EUOIIHSE] ST

08N $2

efiseuepuep €2

onoSel 7z

ensfjpa0y 17

Jenazeluy (7

anlepy euipoSer 61

eupoder g1
ejfuen] [7
ey 91

edjuawey‘efuoq ST

elwojeseluog p1

aenafjoq €1

1oun3ag 71

eyfeun 11

snig 01

welpig §

nadIfeig 8

Jenojndog £

elpenodog 9

aljong §

aljod'0j2g

Figure A1l. Annual peak flow data availability. The trimmed data period is shown in light blue.
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Table Al. Annual peak flow dataset statistics.
HS Station N Ntrimm  MAF S Co Cs t t3 ty
1 Arilje 65 120.6 81.0 0.672 1.980 0.308 0.250 0.147
2 Arilje.Rzav 49 100.1 48.9 0.488 1.404 0.256 0.208 0.089
3 Beli.Brod 52 6 288.6 218.0 0.755 2.755 0.345 0.300 0.183
4 Belo.Polje 63 59.7 435 0.729 1.823 0.314 0.169 0.105
5 Bivolje 42 22 101.7 72.5 0.713 1.074 0.280 0.083 0.054
6 Bogovadja 59 99.3 86.0 0.865 4.863 0.388 0.391 0.318
7 Bogutovac 56 35.6 31.3 0.878 3.103 0.398 0.263 0.188
8 Brajicevci 54 40.0 26.5 0.661 1.312 0.286 0.153 0.076
9 Brdjani 47 51.6 43.2 0.838 1.839 0.390 0.239 0.092
10 Brus 57 32.6 245 0.751 1.912 0.427 0.242 0.105
11 Crnajka 47 5 25.1 25.3 1.012 2.862 0.433 0.327 0.229
12 Degurici 55 3 441 32.8 0.744 2.449 0.338 0.254 0.178
13 Doljevac 58 5 135.5 93.4 0.689 1.639 0.335 0.229 0.105
14 Donja.Satornja 38 17 18.8 31.3 1.664 3.459 0.617 0.401 0.276
15 Donja.Kamenica 61 442 415 0.939 2.977 0.421 0.348 0.237
16 Guca 54 71.2 47.7 0.669 1.701 0.255 0.257 0.149
17 Ivanjica 53 75.5 63.2 0.837 3.803 0.431 0.380 0.253
18 Jagodina 56 19.3 18.0 0.935 2.018 0.407 0.265 0.136
19 Jagodina.Majur 53 73.3 81.0 1.105 2.532 0.457 0.322 0.184
20 Knjazevac 49 14 113.2 68.9 0.609 1.116 0.214 0.155 0.073
21 Koceljeva 52 1 335 249 0.745 1.744 0.346 0.219 0.083
22 Magovo 42 30.1 34.7 1.155 3.731 0.563 0.461 0.360
23 ManManasija 52 60.9 57.0 0.936 2213 0.448 0.301 0.156
24 Mercez 45 19.6 19.6 1.004 2.852 0.549 0.382 0.221
25 Pastric.Mionica 58 50.4 69.8 1.385 3.320 0.600 0.398 0.227
26 Pepeljevac 46 20 130.4 89.0 0.682 2.155 0.309 0.239 0.162
27 Pozega 57 118.9 110.6 0.930 2.141 0.377 0.208 0.125
28 Prokuplje 42 20 151.4 122.8 0.811 2.757 0.399 0.349 0.240
29 Radikine.Bare 38 11 23.1 15.5 0.670 0.917 0.251 0.092 —0.038
30 Sedlare 62 417 38.4 0.920 1.870 0.419 0.255 0.115
31 Slovac 59 187.9 141.1 0.751 4.834 0.300 0.312 0.241
32 Svodje.Luznica 52 62.9 69.6 1.106 4.673 0.400 0.329 0.274
33 Svodje.Vlasina 61 49.0 59.1 1.205 4.427 0.488 0.416 0.307
34 Tupalovce 54 22.2 12.9 0.582 1.410 0.282 0.178 0.079
35 Usce.Studenica 63 59.2 38.0 0.642 3.507 0.363 0.320 0.197
36 Valjevo 59 85.8 65.3 0.761 2.217 0.335 0.188 0.074
37 Visocka.Rzana 42 69.9 41.6 0.595 1.460 0.298 0.179 0.101
38 Visoka 55 71.2 62.4 0.877 2.454 0.377 0.212 0.141
39 Vlasotnice 57 147.3 125.2 0.850 2.794 0.331 0.256 0.181
40 Vratarnica 66 142.5 77.3 0.543 0.856 0.131 0.148 0.087
41 Zajecar.Gamzigrad 49 12 110.0 66.3 0.603 1.589 0.251 0.212 0.094
42 Miljacka 50 74.3 40.8 0.549 1.295 0.268 0.165 0.062
43 Reljevo 56 239.8 81.5 0.340 0.747 0.110 0.144 0.076
44 Blazuyj 38 36.1 18.6 0.516 1.407 0.352 0.145 0.024
45 Visoko 37 146.7 71.0 0.484 0.753 0.199 0.048 0.055
46 Dobrinje 33 398.2 166.9 0.419 1.765 0.233 0.221 0.118
47 Merdani 46 125.6 78.7 0.627 2.930 0.320 0.216 0.141
48 Biostica 46 83.8 56.5 0.674 2.058 0.400 0.280 0.138
49 Olovo 46 166.8 102.2 0.612 1.676 0.315 0.206 0.121
50 Zavidovici.K 46 358.5 173.1 0.483 1.229 0.247 0.158 0.077
51 Kalosevici 41 245.6 130.5 0.531 0.480 0.135 0.029 —0.049
52 Donja.Visca 30 60.1 342 0.570 1.506 0.301 0.204 0.113
53 Olovske.Luke 45 81.2 55.9 0.688 1.238 0.319 0.130 0.028
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Figure A2. Catchments in the study region colored according to _org cluster centers with markers at HS
locations showing the consistency of the applied homogeneity tests. HS numbers are by the markers.
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Figure A3. Catchments in the study region colored according to _adj cluster centers with markers at HS
locations showing the consistency of the applied homogeneity tests. HS numbers are by the markers.
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