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Abstract

In 2018, over half of the world’s population lived in urban areas, and this figure is expected
to continue to increase over the next 25 years. Water security in growing urban areas is
becoming increasingly important. Current global warming can pose additional challenges
for sustainable water resource management. In this study, the city of Krakow (Poland)
and its water supply system were considered. The MK and Spearman tests were used to
detect trends in the studied data and the residuals from the Ensemble Empirical Mode
Decomposition (EEMD) method. The analyses indicate that for 1971-2020, significant in-
creasing trends (p < 0.05) in annual air temperature (0.36-0.46 °C/decade) were accompa-
nied by significant trends in annual precipitation, with differences in direction and inten-
sity (approx. -8 and 30 mm/decade). Similarly, significant trends in annual river flow for
the two main sources of drinking water for Krakow (the Raba and Rudawa rivers) differed
in both direction and intensity (0.51 m's? and —0.05 m's™, respectively). The study also
examined trends for individual months of the year, which largely explained the observed
annual trends. Furthermore, the results of cross-correlation and autocorrelation analyses
suggest that the identified decreasing trend in the Rudawa flow may be partly related to
the significantly reduced underground recharge in the Rudawa catchment. The infor-
mation obtained in this work can be used for more realistic and sustainable water resource
management and urban-water-security planning.

Keywords: water security; urban area; hydro-climatic trends; river flow; precipitation;
statistical test; ensemble empirical mode decomposition; water resources; sustainable
management

1. Introduction

The 2018 Revision of World Urbanization Prospects, published by the Population
Division of the United Nations Department of Economic and Social Affairs, indicates that
currently, 4.2 billion, or 55%, of the world’s population lives in urban areas, and this figure
is expected to increase to 6.7 billion, or 68%, by 2050 [1]. In 2018, the urban population
exceeded 80% in Northern America, Latin America, and the Caribbean, while in Europe
and Oceania, it amounted to 74% and 68%, respectively [1]. As water is an essential re-
source for humans, water security in growing urban areas is becoming increasingly im-
portant. The term “water security”, in more frequent use since 2000 [2], has been widely
defined by United Nations University [3] as “the capacity of a population to safeguard
sustainable access to adequate quantities of acceptable quality water for sustaining
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livelihoods, human well-being, and socio-economic development, for ensuring protection
against water-borne pollution and water-related disasters, and for preserving ecosys-
tems”. Water security can be considered at various levels of social organization, including
the global, national, municipal and household levels. Urban water security differs from
water security at other levels in a number of elements that are specifically valid at this
level [2]. In particular, urban areas, with their high population density, are generally in-
capable of meeting their water supply from within the urban area itself, and the typical
solution is to supply water from outside the area, sometimes from far away [2].

Achieving water security requires a holistic approach and a long-term perspective
[3]. From an extended perspective, one of the most frequently discussed and challenging
issues is current global warming. Global warming results in changing precipitation levels
and in the hydrological cycle, especially regarding the extremes (e.g., [4-6]). Higher sur-
face temperatures cause greater evaporation and consequently, drying of the surface, thus
increasing the intensity and duration of drought [5]. According to the Clausius—Clapeyron
equation [7,8], the water-holding capacity of air increases by about 7% for every 1 °C tem-
perature increase. This leads to increased water vapor in the atmosphere as the climate
warms [5]; increased atmospheric moisture contributes to more intense precipitation
events, resulting in increased runoff and risk of flooding [9]. In urban areas, an increased
risk of heavy flooding can be expected due to global warming, as impervious surfaces
limit rainwater drainage (e.g., [10-13]). A recent study of 1056 extreme weather events
(droughts and pluvials—periods with relatively large amounts of precipitation) during
2002-2021 confirms that the total intensity of these events was strongly correlated with
global mean temperature; this suggests that continued warming of the globe will cause
more frequent, more severe, and longer and/or larger droughts and pluvials [14]. Addi-
tionally, mean precipitation is expected to change over most land areas in response to
global warming [15]. Moreover, the modeling results show that about half of the uncer-
tainty in precipitation trends is driven by internal climate variability over the majority of
land masses [16]. It is also clear that ongoing changes in hydro-climatic conditions are not
uniform over larger areas; instead, local and regional differences are expected [5], due to
complex interactions in the climate system and differences in response to climate forcing
[17]. For the European land area, for example, for the recent decade (2015-2024), the aver-
age annual temperature was 2.19-2.26 °C above the pre-industrial level, but it was only
1.51-1.60 °C above this level globally, while the year 2024 was the warmest year in Europe
since the instrumental record-keeping began [18]. Clearly, Europe is warming faster than
the global average [18-20]. In the context of urban water security, the regional/local warm-
ing level can be crucial; this implies the need to monitor potential changes in hydro-cli-
matic conditions for individual cities and their surroundings, including river catchments
from which water is supplied to these cities.

This study focuses on water security in urban areas in the context of changing cli-
matic conditions that can significantly affect water resources. The study area is situated in
Poland, Central Europe. Poland, with a population of approx. 38 million, ranks at a distant
24th place in the European Union (EU-27) in terms of the amount of available freshwater
resources per capita (1583 m?) per year [21]. In the years 2000-2019, the mean annual total
gross abstraction from surface freshwaters in Poland amounted to 8753.4 million m?, or 15.8%,
mainly used for cooling in electricity production (74.6%), but also for agriculture (12.1%), pub-
lic water supply (7.4%), and for manufacturing industry (3.9%) [22]. It is clear that the smaller
water resources become, the greater the challenge of managing them appropriately and sus-
tainably to meet the current and future needs of society and the environment.

In this study, trend analysis was applied to both the original data and the residual
signal obtained after separating the oscillatory components from the data using Ensemble
EMD (EEMD) [23], which is an improvement of the EMD method [24]. This approach has
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been used in a number of studies, including the study of air temperature [25,26] and sea sur-
face temperature trends [27,28], the analysis of variability and trends of the monthly flow of
the Parana River (South America) [29] and runoff variations in the Jing River of the Yellow
River [30], the analysis of daily flow variations in the Seine and Wimereux Rivers in France
[31], and the study of daily water level fluctuations in a mountain reservoir [32].

In the context of urban water security, the city of Krakow and its water supply system
were taken into consideration. It is interesting and socioeconomically important to evalu-
ate how mean precipitation has changed in response to atmospheric warming in the urban
surroundings over the last 50 years (1971-2020) and to assess how this translates into
changes in the resulting river flow used for urban water supply. The specific objectives of
this study are to determine: (1) the strength of the warming trend in annual and monthly
air temperature in Krakow for the years 1971-2020, (2) the direction and intensity of the
simultaneous annual and monthly precipitation trends, (3) the direction and intensity of
the trends in the resulting river flow, (4) whether the river flow trends are consistent with
the identified precipitation trends, and (5) whether the direction of trends extracted using
the EEMD method is consistent with the direction of trends in the original data. The in-
formation thus obtained can be used in more realistic and sustainable water resource man-
agement and future planning for urban water security in the study area.

2. Materials and Methods

2.1. Study Area and Data Description

Krakow is the second largest city in Poland in terms of population (803,282) and the
fourth in terms of area (327 km?) as of 1 January 2023 [33]. The city is located in southern
Poland, Matopolska region, between the 49°58'-50°07" N and 19°47'-20°13" E coordinates.
It stretches latitudinally along the Vistula valley (Figure 1). The highest peak of the city is
Sowiniec Hill (358 m a.s.l.). The river network in Krakow consists of the Vistula and its tribu-
taries, including the Wilga (right bank) and the Sanka, Rudawa, Pradnik, and Dtubnia (left
bank). In Krakow, the water supply network, including connections, is 2396 km long. It is
largely built in a ring system (water pipes form closed circuits), which translates into high
reliability of the system in terms of water delivery to consumers [34,35]. The Krakow water
supply system is based on four water treatment plants (WTPs), and water is taken from the
Sanka, Rudawa and Dtubnia rivers; the borehole in Mistrzejowice; and from the Dobczyce
Reservoir on the Raba River (Table 1) [35-37]. Table 1 shows that the main source of the water
supply for Krakow is the Raba River, followed by the Rudawa River.

Table 1. Characteristics of the Krakow water supply system as of the end of 2024 [35].

Water Treatment

Maximum Capacity Current Production No. of Customers

Plant (WTP) Water Intake (m¥/day) (m*/day) Supplied (Approx.)
Raba Dobczyce Reservoir on the Raba River 186,000 110,000 350,000
Rudawa Rudawa River 55,000 22,000-28,000 200,000
Bielany Sanka River 50,000 12,000-15,000 70,000-150,000
Dtubnia Dtubnia River and deep wells in Mistrzejowice 32,000 20,000 200,000

Due to data availability, research on Krakow’s water security was focused on the
Raba and Rudawa rivers—the right-bank and left-bank tributary of the Vistula, respec-
tively (Figure 2). Table 2 presents the characteristics of natural conditions in the studied
river catchments.

From its source in the Gorce Mountains (780 m a.s.l.) to its mouth (180 m a.s.l.), the Raba
River is 132 km long, with an average slope of 4.5%o; the catchment is medium-sized, with a
total area of 1537 km?[38]. A large part of the basin is typical for mountainous and submontane
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catchments. The Dobczyce Reservoir (DR), with a holding capacity of 125 million m?, was built
in 1986 on the Raba River. The dam is 30.5 m high and is located at river kilometer 60.1 [39].

Table 2. Physiographic characteristics of the studied river catchments [38].

Catchment Area River Length Mean Elevation (m Mean Catchment Slope

Catchment/Streamflow Station (kmn?) (km) asl) (%) Aspect
Raba/Stréza 644 324 778 30 N
Rudawa/Balice 290 24.8 331 11 SE
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Figure 1. River network within the administrative boundary of Krakow.

The Rudawa catchment is located on the border of the Silesian—-Krakow Monocline
and the Carpathian Foredeep. The Rudawa River is 35 km long, with a catchment area of
318 km? and an average slope of 5.6%o. The water gauge in Balice is located 10 km from
the river mouth.

Data for the study come from in situ measurements recorded by the Polish Institute
of Meteorology and Water Management—the National Research Institute [40]. Monthly
air temperature and river flow data were averaged over a 12-month annual period to ob-
tain annual mean values. Monthly precipitation data were summed over a 12-month an-
nual period to obtain annual precipitation totals. The annual values of mean air tempera-
ture in Krakow-Balice (T), total precipitation in Stréza (P1) and Krakow-Balice (P2), and
mean river flow in Stréza on the Raba River (Q1) and in Balice on the Rudawa River (Q2)
were taken into account. Multi-year monthly series from individual months of the year
were also examined.

The data cover a 50-year period (1971-2020); the analysis concerns calendar years for
T, P1, and P2 and hydrological years (from November 1970 to October 2019) for Q1 and
Q2. For each data series examined (monthly or yearly), the number of observations is 50,
unless a different length is specified, as noted in the Discussion section. Table 3 shows the
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details for meteorological stations used in the study. Basic statistics for the data are shown
in Table 4.

Krzyworzeka

@ meteorological station

A
— — catchment bounda
A v 0 25 5km
; 0 10 km W stream gauging station —_—
. I — |
A\

Figure 2. Study area: (A) the Raba River catchment and (B) the Rudawa River catchment.

Table 3. Details for weather/precipitation stations used in the study.

Meteorological Station Latitude (N) Longitude (E) Elevation (m a.s.l.) River Catchment

Stréza 49°47'47" 19°55'03" 307 Raba
Krakow-Balice 50°04'49" 19°48'07" 237 Rudawa
Table 4. Basic statistics for annual and monthly data for 1971-2020.

Code Statistic Year Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Min 6.65 -105 -80 -21 52 97 139 154 146 105 57 -12 -6.0

T Mean 861 -20 -05 35 8.8 138 169 187 183 138 89 36 03
°O) Max 1079 36 50 71 138 171 222 216 219 163 124 69 4.2
Std 099 32 32 23 1.7 1.5 15 1.6 1.5 15 1.6 2.0 2.3

Min 595.0 113 22 42 06 298 233 194 227 189 129 05 0.0

P1 Mean  909.0 482 447 523 679 1061 1128 1196 1042 873 635 543 482
(mm) Max 1525 118 129 123 159 440 215 2908 2704 254 205 109 978
Std 1693 258 261 264 349 640 540 577 57.0 517 410 240 241

Min 4689 72 10 16 44 233 42 142 122 142 77 0.2 0.0
P2 Mean 6674 368 307 358 471 773 853 889 763 63.0 493 410 347
(mm) Max 1021 101 110 800 128 302 197 285 18 180 160 904  87.7
Std 1111 188 203 205 268 437 434 502 380 350 338 180 19.0

Q1 Min 6.4 19 26 36 3.1 3.3 23 22 1.3 18 15 15 1.8
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(m3s?1)  Mean 10.1 8.2 94 148 141 117 115 121 9.2 8.6 7.0 6.6 8.4
Max 178 234 272 343 273 521 328 451 267 530 213 188 226

Std 22 45 5.5 7.4 6.8 9.7 7.9 9.7 6.8 101 59 4.1 4.9

Min 1.8 0.9 1.2 1.2 1.2 1.3 1.1 0.9 0.8 0.9 1.0 1.1 1.1

Q2 Mean 22 23 24 27 24 23 22 2.2 2.0 2.0 1.9 2.0 2.1
(m3s) Max 4.0 4.8 57 6.1 4.9 8.0 7.4 8.0 4.6 73 43 3.9 4.2
Std 0.6 1.0 0.9 1.0 0.8 1.0 1.1 1.2 0.9 1.1 0.8 0.7 0.7

2.2. Methods

Each time series has been carefully checked to ensure that there are no processing
errors or erroneous values. The Empirical Mode Decomposition (EMD) method [24], with
improvements [41], and its extension, Ensemble EMD (EEMD) [23], were used to extract
physically meaningful information from the data. The MATLAB 7.1+ code for EMD is
available in [42]. The EMD method is completely data-driven, facilitating the analysis of
non-linear and non-stationary processes. The EMD algorithm decomposes a signal into its
underlying oscillatory components, called Intrinsic Mode Functions (IMFs), and a resid-
ual. The residual of the signal is the portion of the original signal not decomposed by the
EMD algorithm. The original signal can thus be reconstructed by summing all IMFs and the
residual [24]. In EMD, Hermite interpolation (piecewise cubic Hermite interpolating polyno-
mial) was used to minimize the boundary effect of the method. In EEMD, white noise is added
to the original signal before its decomposition using EMD. The final result of EEMD is the
ensemble mean of corresponding IMFs obtained from a number of ensemble members, N [23].
In this study, N =1000 was assumed. The quality of decomposition obtained from EEMD and
the mathematical independence of the determined IMFs were assessed using the overall index
of orthogonality (IO) [24]. For the original signal x(f) (t=1, 2, ..., T) and its decomposed com-
ponents Ci(f) (i=1, 2, ..., n), the IO can be defined as [24,43]

10 = Xy (T D i pa ) M
where Cu(t) is the residual. If the IMF components are orthogonal with each other, the 10
should be 0 [24]. In order to assess the stability of the determined final residual (the en-
semble mean, RES), a 95% confidence interval (CI) for RES was calculated based on N =
1000 ensemble members. In addition, at each time point, the normalized confidence inter-
val width, defined as the ratio of the confidence interval width to the total range of RES
changes (max(RES)-min(RES)), was determined and then averaged to obtain the normal-
ized mean confidence interval width (W).
To assess the strength of potential monotonic trends in the studied time series and

residuals obtained from EEMD, a linear trend analysis was performed. Since a number of
data sets (e.g., annual P and Q in Stréza and monthly data) failed the parametric Shapiro-
Wilk [44] test for normality of distribution at the standard significance level of 0.05, the
non-parametric two-sided Mann-Kendall (MK) test was applied for trend detection, as it
does not require the assumption of normality [45,46]. The MK test also took ties into ac-
count. Because the presence of serial correlation in a time series changes the dispersion of
the distribution of the test statistic S in the MK test [47], to meet the requirement of serial-
independence, the variance correction approach proposed by Hamed and Rao [48] was
also used. The magnitude of trends (1) was quantified using Theil-Sen’s (TS) slope [49,50];
as a very robust estimator of slope, it computes a weighted median slope of all the slopes
calculated between each pair of points in a time series.

Moreover, the non-parametric Spearman test was also used to detect a monotonic trend.
This test is based on the Spearman rank correlation coefficient (rs); the null hypothesis is that
the time series does not exhibit a trend [51]. In order to meet the requirement of serial-inde-
pendence in the Spearman test [52], the variance correction proposed by Hamed and Rao [48]
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was used. The extent and significance of correlations and partial correlations between the
studied variables (T, P, Q) were quantified using the Spearman rank correlation coefficient.
The same significance level of & = 0.05 was adopted in each test.

3. Results
3.1. Air Temperature

Figure 3 shows the original signal (annual air temperature series (T) in Krakow-
Balice for 1971-2020, top panel) and the results of the EEMD method, that is, three intrinsic
mode functions (IMFs) or modes of variability, as well as the residual component, RES (bottom
panel). The mean oscillation periods of IMF1, IMF2, and IME3 are 2.9 yr, 6.8 yr, and 9.5 yr,

respectively (Table S1). Furthermore, in the bottom panel of Figure 3, the 95% confidence in-
terval (CI) for RES is also shown; its relative width is very small (W =0.9%, Table S4).
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RES

1 1 1 1 1 1
1990 1995 2000 2005 2010 2015 2020
Year

L 1
1970 1975 1980 1985

Figure 3. Annual air temperature series (T) in Krakow-Balice for 1971-2020 (top panel); intrinsic
mode functions (IMF1-IMF3) and the residual (RES, bottom panel) extracted by EEMD. The bottom
panel also shows the 95% Confidence Interval (CI) for RES based on 1000 realizations.

Figure 4 shows the annual T with the EEMD residual, as well as the linear trend for T
and RES and its details. The increasing trends are significant (p < 0.05). It can be seen that the
residual largely follows the trend line for T, while the trend intensity for T (0.46 °C per decade)
is about 28% higher than for the EEMD residual (0.36 °C per decade).
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Figure 4. Annual air temperature series (T) in Krakow-Balice for 1971-2020 and the residual (RES)
from EEMD. The linear trend with TS slope fitted to T and RES is also shown, with its details.

The summary results of the assessment of the existence and magnitude of the air

temperature trends are presented in Table 5. The results of the Spearman test for the data

indicate significant upward trends in T in the annual series and for 7 months (from April
to November, except May), while for the EEMD residuals, this is also observed in January
and March. The MK test results are consistent with the Spearman test results. TS slope
estimates associated with the MK test are presented in the last column of Table 5 and, for
comparison purposes, in Figure 5a. Trends in T were the strongest in April, June, July and

August (0.54-0.68 °C per decade), strong trends were found in September and November
(0.43-0.54 °C per decade), and a weaker trend in October (0.30-0.47 °C per decade).

Table 5. Results of the assessment of the air temperature trends in Krakow-Balice (T) for 1971-2020.

Significant values (p < 0.05) are in bold.

Spearman Test MK Test TS Slope

Is p-Val V4 p-Val (°C/Year)
Year Data 0.6901 0.00 5.1613 0.00 0.0462
RES 0.9946 0.00 4.2186 0.00 0.0363
Jan Data 0.1381 0.33 0.7362 0.46 0.0225
RES 1.0000 0.03 3.3915 0.00 0.0076
Feb Data 0.2067 0.15 1.3888 0.16 0.0442
RES 0.6619 0.10 1.5316 0.13 0.0394
Mar Data 0.1556 0.28 1.0374 0.30 0.0233
RES 0.9535 0.04 2.9467 0.00 0.0395
Apr Data 0.6117 0.00 4.2244 0.00 0.0584
RES 0.9993 0.01 3.5374 0.00 0.0361
May Data 0.2248 0.12 1.4556 0.15 0.0216
RES 0.7321 0.08 2.3634 0.02 0.0320
Jun Data 0.6684 0.00 5.0278 0.00 0.0678
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RES 1.0000 0.01 4.2631 0.00 0.0588
Jul Data 0.5983 0.00 4.0741 0.00 0.0613
RES 0.9617 0.02 3.7744 0.00 0.0484
Aug Data 0.6570 0.00 4.7199 0.00 0.0647
RES 0.9873 0.01 3.9578 0.00 0.0541
Sep Data 0.4008 0.01 2.8527 0.00 0.0485
RES 0.9504 0.01 3.4523 0.00 0.0431
Oct Data 0.3700 0.01 2.7691 0.01 0.0467
RES 0.8638 0.03 4.3574 0.01 0.0303
Nov Data 0.4818 0.00 3.0533 0.00 0.0543
RES 0.9952 0.03 3.3511 0.00 0.0438
Dec Data 0.1972 0.17 1.3301 0.18 0.0293
RES —-0.0446 0.92 -0.3254 0.74 -0.0168
(T Data
. 0.08 = T T T T T T T ™ ] EEMD RES —T
5 o006t .
8 0.04 -
g ool . [ oll o il
g "M T [ ] i
n
= -0.02 1 1 1 1 I 1 1 1 I I 1 I D
Year Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
= (b) P1
> 3 T T T T T T T T T T T T
€ [ Data
é 2r [T EEMD RES -
(2]
n
'_
_1 1 1 1 1 1 1 1 1 1 1 1 1 1
Year Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
S (c) P2
>
E 05 T T T T T T T T T T T
E
g
ks)
n 0.5 .
A [ Data
1 1 1 1 1 1 1 1 1 1 I_EE,\,ID RES
Year Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
- 02 (d)l Qt T T T T T T T T T T T T
= [N Data
& 04f I EEMD RES |
S
g o
kel
(%]
@ 01
Year Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
= (e) Q2
‘_\ T T T T T T T T T T T T T
2 001 [ Data }
e I EEMD RES
Py 0
&§-001F
[72]
o -0.02f e
'_
_003 1 1 1 1 1 1 1 1 1 1 1 1 1

Year Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Time

Figure 5. Comparison of the TS slope estimation results for 1971-2020 for: (a) T; (b) P1; (c) P2; (d) Q1;
(e) Q2.
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3.2. Precipitation

that of the EEMD residual (30.0 mm per decade).

Figure S1 presents the original signal (annual precipitation series P1 for 1971-2020, top
panel) and the results of the EEMD method, that is, four IMFs and the residual (RES, bottom
panel). The mean oscillation periods of IMF 14 are 2.8 yr, 5.7 yr, 11.3 yr, and 50.0 yr, respec-
tively (Table 52). The 95% confidence interval (CI) for RES is also shown in the bottom
panel of Figure S1; and W = 3.6% (Table S4) means that the CI is narrow.
Figure 6a shows the annual, P1 along with the residual from EEMD, as well as the
linear trend with the TS slope for P1 and RES and its details. The increasing trend for P1,
with an intensity of 28.9 mm per decade, is not significant (p = 0.0977), while the trend for
RES is significant (p = 0.0003). It can be observed that the residual closely follows the trend
line for P1, and the trend intensity for P1 (28.9 mm per decade) is about 4% lower than

Figure S2 presents the original signal (annual precipitation series P2 for 1971-2020,
top panel) and the results of the EEMD method, that is, four IMFs and the residual (bottom
panel). The mean oscillation periods of IMF 14 are 2.8 yr, 8.4 yr, 11.0 yr, and 35.0 yr,
respectively (Table S2). Also in the bottom panel of Figure S2, the 95% confidence interval
(CI) for RES is also shown; and W = 4.2% (Table S4) means that the CI is narrow.

Figure 6b shows the annual P2 and EEMD residual, as well as the linear trend with slope
TS for P2 and RES and its details. It can be seen that the residual largely follows the trend line
for P2. The trend for P2 of 0.5 mm per decade is statistically insignificant (p =0.9200), while the
decreasing trend for RES (-8.2 mm per decade) is statistically significant (p = 0.0001).

A summary of the results of the assessment of the existence and magnitude of the
precipitation trends is presented in Table 6. The results of the Spearman and MK tests for
the P1 data indicate a significant upward trend only for February, while for the EEMD

residuals of P1, significant upward trends were identified in the annual series and for 5

months: February, May, July, September and October, and significant downward trends

for 4 months: June, August, November and December. TS slope estimates for P1 associ-

ated with the MK test are presented in Table 6 and for comparison purposes, in Figure 5b.

Upward trends in P1 were the strongest in May (15.2 mm per decade), strong trends were
found in September and October (6.2-10.6 mm per decade), and weaker trends were ob-

served in February (2.8—4.5 mm per decade) and July (2.1 mm per decade). Downward

trends in P1 for November and December are weak (0.6-1.6 mm per decade) and stronger
for June and August (5.3-7.6 mm per decade).

Table 6. Results of the assessment of precipitation trends for 1971-2020. Significant values (p < 0.05)

are in bold.
P1 P2

Spearman Test MK Test TS Slope Spearman Test MK Test TS Slope

Is p-Val V4 p-Val (mm/Year) rs p-Val Y4 p-Val (mm/Year)
Year Data  0.2657 0.06 1.6562 0.10 2.8905 0.0181  0.90 0.1004 0.92 0.0500
RES  0.9988 0.02 3.6326 0.00 29977 -1.0000 0.01  -4.0328 0.00 -0.8233
Jan  Data  0.0400 0.78 0.2509 0.80 0.0733  0.0406 0.78 0.3179 0.75 0.0667
RES  0.5883 0.21 1.5049 0.13 0.1568 0.6157 0.17 3.7655 0.11 0.1051
Feb Data  0.2905 0.04 2.2418 0.03 04500 0.1054 0.46 0.7529 0.45 0.1304
RES  1.0000 0.03 3.4814 0.00 0.2848 0.9541 0.04 2.9587 0.00 0.2358
Mar Data  0.2620 0.07 1.7316 0.08 0.3500  0.0637  0.66 0.4768 0.63 0.0857
RES 09018 0.12 1.8412 0.07 0.6221  0.1380 0.77 0.4429 0.66 0.0429
Apr Data -0.0378 079  -0.1924  0.85 -0.0577 -0.0740 0.60  -0.5688 0.57 -0.2000
RES -0.1234 079 -02275  0.82 -0.0317 -0.2791 0.55  -0.5039 0.61 -0.0988
May Data  0.2572 0.07 1.6814 0.09 0.5840  0.0562  0.69 0.2844 0.78 0.0750
RES  1.0000 0.03 3.3858 0.00 15151  1.0000  0.03 3.4550 0.00 0.4937
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Jun Data -0.0156 0.91 -0.1840 0.85 -0.0868 -0.3075 0.03 -2.0746 0.04 -0.8875
RES  -0.9574 0.04 -2.9807 0.00 -0.5253 -1.0000 0.03 -3.3697 0.00 -0.7796
Jul Data 0.0679 0.63 0.5187 0.60 0.2375 0.0725  0.61 0.2091 0.83 0.1143
RES 1.0000 0.03 3.4001 0.00 0.2105 0.6315 0.16 1.7396 0.08 0.4744
Aug Data -0.1360 0.34 -0.9955 0.32 -0.3154 -0.0271 0.85 -0.1840 0.85 -0.0826
RES -0.9917 0.03 -3.2479 0.00 -0.7648 -0.6808 0.14 -1.8008 0.07 -0.3654
Sep  Data 0.1448 0.31 1.0874 0.28 0.4429 0.0323  0.82 0.0753 0.94 0.0159
RES 1.0000 0.03 3.3748 0.00 1.0561 1.0000  0.03 3.4565 0.00 0.3030
Oct  Data 0.2302 0.11 1.5391 0.12 0.5344 0.0748  0.60 0.5019 0.62 0.1167
RES 0.9856 0.03 3.1837 0.00 0.6189 0.5154 0.27 1.2997 0.19 0.2343
Nov Data 0.0424 0.77 0.3346 0.74 0.1316 -0.0345 0.81 -0.3513 0.73 -0.0718
RES -0.8731 0.04 -2.7800 0.01 -0.0600 0.8945 0.04 2.6815 0.01 0.1287
Dec Data -0.1201 0.40 -0.9787 0.33 -0.2214 -0.0656 0.65 —0.4852 0.63 -0.0667
RES  -1.0000 0.02 -3.6625 0.00 -0.1637 -0.8112 0.08 -2.1929 0.03 -0.2706
1600 T T T T T T T T T
(a) P1
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Figure 6. Annual total precipitation series in (a) Stréza (P1); (b) Krakow-Balice (P2) for 1971-2020,
along with the residual from EEMD. The linear trend with TS slope fitted to T and RES is also shown,

with its details.

The results of the Spearman and MK tests for the P2 data indicate a significant down-

ward trend only for June, while for the EEMD residuals of P2, significant downward
trends were identified in the annual series and for June, with significant upward trends
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for 4 months: February, May, September and November. Furthermore, for December, a
downward trend in the EEMD residual of P2 was identified using only the MK test. TS
slope estimates for P2 related to the MK test are shown in Table 6 and for comparison
purposes, in Figure 5c. Upward trends in P2 were stronger for May (4.9 mm per decade)
and weaker for February (2.4 mm per decade), September (3.0 mm per decade) and No-
vember (1.3 mm per decade). Downward trends in P2 were stronger for June (7.8-8.9 mm
per decade) and weaker for December (2.7 mm per decade).

3.3. River Flow

Figure S3 depicts the original signal (annual river flow series Q1 for 1971-2020, top
panel) and the results of the EEMD method, that is, four IMFs and the residual (RES, bot-
tom panel). The mean oscillation periods of IMF 1-4 are 3.2 yr, 5.9 yr, 11.1 yr, and 24.7 yr,
respectively (Table 53). The 95% confidence interval (CI) for RES is also shown in the bot-
tom panel of Figure S3; and W = 2.2% (Table 54) means that the CI is narrow.

Figure 7a shows the annual Q1, along with the residual from EEMD, as well as the
linear trend with the TS slope for Q1 and RES and its details. The increasing trend for Q1
of 0.07 m3 per decade is insignificant (p = 0.7633), while the trend for RES of 0.51 m3
per decade is significant (p = 0.0002). It can also be noticed that the EEMD residual departs
from the trend line for Q1, and the trend intensity for Q1 is over 7 times lower than the
trend intensity for the residual, with the trends being consistent in direction.

18 T T T
(a] ‘=ewou a1 RES:y = 0_0507-x;ﬁ+ 9.1996
16 TS trend for Q1 p =0.0002 i i
——————— EEMD RES i
—— TS trend for EEMD RES h
— 14r i ¥ 1
w2 L AU £ 0
E 12t ; \‘ . n AW LT B v“ v
e} g Aol B Y R L W R S, ey T
' \. r’ \‘ V’ ‘\ . 1’ \\ ,,4’»“‘ )—___T\:> /f;\x’ \‘ /’ y' ” \t !/ .\ '
([ VR B eu R VA S R M
v LI ‘\\ ,'\\ I IA’ ‘\\ lrr i ¥ R ‘\\ P
gL y \‘ v \ e Lq\ . P \\\ II. ‘\/ ‘\lll i
; "Q1: y=0.0069-x +9.3570 1/ ¢ |
6 . . p=0.7633, LY
1970 1975 1980 1985 1990 1995
Year
45 ; . ; .
() e Q2 RES: y =-0.0046-x + 2.2518
4r TS trend for Q2 p = 0.0006 !

\
|

[ i ! \

1.5 Vo NN @2 y=-010089 x + 2.3374
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Figure 7. Annual river flow series for (a) Q1; (b) Q2 for 1971-2020 and the EEMD residual. The linear
trend with TS slope fitted to T and RES is also shown, with its details.
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Figure S4 presents the original signal (annual river flow series Q2 for 1971-2020, top
panel) and the results of the EEMD method, that is, four IMFs and the residual (bottom
panel). The mean oscillation periods of IMF 14 are 3.0 yr, 7.7 yr, 30.0 yr, and 35.0 yr,
respectively (Table S3). The 95% confidence interval (CI) for RES is also shown in the bot-
tom panel of Figure 54; and W = 4.6% (Table 54) means that the CI is narrow.

Figure 7b shows the annual Q2 and EEMD residual, as well as the linear trend with
slope TS for Q2 and RES and its details. It can be seen that the EEMD residual closely
follows the trend line for Q2. The decreasing trend for Q2 of 0.09 m3s™ per decade is in-
significant (p = 0.2928), while the decreasing trend for RES of 0.05 m®s per decade is sta-
tistically significant (p = 0.0006). The trend intensity for Q2 is almost twice as high as that
for the EEMD residual, with the trends being consistent in direction.

Table 7 presents the summary results regarding the assessment of the existence and
magnitude of trends in the studied river flow. The results of the Spearman and MK tests
for the Q1 data indicate no significant trends, while for the EEMD residuals of Q1, signif-
icant upward trends were identified for the annual series and for 4 months: February,
May, September and October, and significant downward trends for 2 months: August and
December. Furthermore, for July, an upward trend in the EEMD residual of Q1 was iden-
tified using only the MK test. TS slope estimates for Q1 associated with the MK test are
presented in Table 7 and for comparison purposes, in Figure 5d. Upward trends in Q1
were the strongest in May (1.79 m3s per decade), strong trends were found in February
(1.56 m3s" per decade), and weaker trends in September and October (1.06 and 0.63 m3s™
per decade, respectively) and July (0.24 m3s™ per decade). Downward trends in Q1 were
strong for August and December (0.91 and 1.01 m3s" per decade, respectively).

Table 7. Results of the assessment of river flow trends for 1971-2020. Significant values (p < 0.05)

are in bold.
Q1 Q2

Spearman Test MK Test TS Slope  Spearman Test MK Test TS Slope

Is p-Val Y4 p-Val (m3s/Year) Is p-Val Z p-Val (m3®s/Year)

Year Data  0.0630 0.66 03011 0.76 0.0069 -0.2459  0.28 -1.0521  0.30 -0.0089
RES  1.0000 0.02 37172 0.00 0.0507  -1.0000  0.03 -3.3717  0.00 -0.0046

Jan  Data  0.0417 0.77 04015 0.69 0.0126 -0.1034 047  -0.5187 0.60 -0.0041
RES  0.5883 021 15043 0.13 0.0397  -1.0000  0.02 -3.5147  0.00 -0.0067

Feb Data 0.2676 0.06 17901  0.07 0.0843 0.0010 0.99 -0.0167  0.99 0.0000
RES  0.9765 0.03 32123  0.00 0.1555 -0.0612  0.89 0.0000  1.00 0.0000

Mar Data  0.0060 097  0.0084  0.99 0.0009 -0.0336  0.81 -0.3430 0.73 -0.0031
RES  0.2452 059 09309 035 0.0440 -1.0000  0.03 -3.4549  0.00 -0.0127

Apr Data -0.0523 071 -0.4015 0.69 -0.0353  -0.1200  0.40 -0.7781  0.44 -0.0063
RES  0.1510 0.73 04042 0.69 0.0308 -0.9935  0.03 -3.2770  0.00 -0.0157

May Data -0.0205 0.89 -0.3011 0.76 -0.0163  -0.0397  0.78 -0.2845 0.78 -0.0021
RES  1.0000 0.03  3.3858  0.00 0.1793 0.9543 0.02 3.3869  0.00 0.0093

Jun Data -0.0830 0.56 -0.4852 0.63 -0.0197 -0.1927  0.18 -1.1798  0.24 -0.0096
RES  0.4639 029 14454 015 0.0885 -0.7148  0.12 -1.7857  0.07  -0.0081

Jul Data -0.1042 047 -0.6692 0.50 -0.0400 -0.2405  0.20 -1.2033  0.23 -0.0106
RES  0.8875 0.06 25901 0.01 0.0244 -0.3445  0.46 -0.6805  0.50 -0.0032

Aug Data -0.1405 033 -0.8365 0.40 -0.0449  -0.3201 0.03 -2.2756  0.02 -0.0160
RES -0.7763 0.07 -2.3172 0.02 -0.0912  -1.0000  0.02 -3.6956  0.00 -0.0131

Sep Data -0.1279 0.37 -0.8867 0.38 -0.0288  -0.3017  0.09 -1.6797  0.09 -0.0125
RES  1.0000 0.03 3.3918  0.00 0.1064 -1.0000  0.03 -3.4484  0.00 -0.0121

Oct Data  0.0565 0.69 05521 058 0.0168 -0.1837 041 -0.7844 043 -0.0082
RES  0.9259 0.04 27993  0.01 0.0627  -0.5889  0.20 -1.5449 0.12 -0.0044
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Nov Data  0.0773 059 0.6190 0.54 0.0291 -0.0987 0.49 -0.5773  0.56 -0.0030
RES 0.5029 028 11229 0.26 0.0220 -0.1269 0.78 0.0844 0.93 0.0009

Dec Data -0.1437 031 -1.0205 0.31 -0.0392  -0.2502 0.08 -1.7318  0.08 -0.0110
RES  -1.0000 0.03 -3.3888 0.00 -0.1005  -1.0000 0.03 -3.4567  0.00 -0.0234

The results of the Spearman and MK tests for the Q2 data indicate no significant
trends, while for the EEMD residuals of Q2, significant downward trends were identified
for the annual series and for 5 months: January, March, August, September and December,
with a significant upward trend only for May. TS slope estimates for Q2 related to the MK
test are shown in Table 7 and for comparison purposes, in Figure 5e. An upward trend in
Q2 was relatively strong for May (0.09 m3 per decade). A downward trend in Q2 was
the strongest for December (0.23 m?s~! per decade); strong downward trends were identi-
fied for March, August and September (0.12-0.13 m3s~! per decade); and weaker trends for
January (0.07 m3s™! per decade).

3.4. Correlation Analysis

Figure 8 shows the range of correlations between annual series of precipitation and
river flow in the studied catchments, along with the value of the Spearman cross-correla-
tion coefficient (rs).

Annual P1 and Q1 are strongly positively correlated (Figure 8a), while for annual P2 and
Q2 (Figure 8b), the correlation is moderate but also positive and statistically significant.

Tables 8 and 9 present the results of testing the Spearman cross-correlation coefficient
between precipitation, river flow, and air temperature for individual months of the year
for the studied catchments. Table 8 shows that P1 and Q1 are strongly positively corre-
lated in June, July and October; moderately correlated in February, March, May, August
and November; and weakly correlated in January, April and December. After excluding
the effect of T, the correlations between P1 and Q1 remain essentially similar. T and Q1
are moderately positively correlated in January and February and weakly negatively cor-
related in May, July, August, and September. After excluding the effect of P1, the correla-
tions between T and Q1 are only significant for January and February, remaining at the
same level. T and P1 are weakly positively correlated in February and weakly negatively
correlated in August and September.

2000 T T T T T T T T T 20
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Figure 8. Annual series of precipitation and river flow for (a) P1 and Q1; (b) P2 and Q2 for the years

1971-2020 and Spearman cross-correlation coefficient rs between the corresponding P and Q.
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Table 8. Results of cross-correlation tests between P1, Q1 and T for 1971-2020. Significant (p < 0.05)

values are in bold.

rs (P1, Q1) rs (P1, Q1) Controlling T rs (T, Q1) rs (T, Q1) Controlling P1 rs (T, P1)
Year 0.7731 0.7836 -0.0357 -0.2044 0.1204
Jan 0.3687 0.3458 0.4379 0.4200 0.1391
Feb 0.5008 0.3922 0.6543 0.5950 0.3389
Mar 0.4841 0.4829 -0.0811 -0.0714 -0.0385
Apr 0.3842 0.3782 -0.1392 -0.1190 -0.0771
May 0.6332 0.6092 -0.3230 —0.2445 -0.2186
Jun 0.7750 0.7715 -0.2601 -0.2351 -0.1460
Jul 0.7015 0.6804 -0.2991 -0.1932 -0.2357
Aug 0.6556 0.6213 -0.2797 -0.0867 -0.3324
Sep 0.5939 0.5232 -0.3920 -0.2246 -0.3784
Oct 0.7381 0.7299 -0.1679 0.0501 -0.2716
Nov 0.6699 0.6710 0.0528 0.0736 -0.0854
Dec 0.3803 0.3786 0.0956 0.0872 0.0396
Table 9. Results of cross-correlation tests between P2, Q2 and T for 1971-2020. Significant (p < 0.05)
values are in bold.
1s (P2, Q2) rs (P2, Q2) Controlling T rs (T, Q2) rs (T, Q2) Controlling P2 s (T, P2)
Year 0.4814 0.4729 -0.1947 -0.1665 -0.1030
Jan 0.4487 0.4375 0.1849 0.1493 0.1168
Feb 0.2925 0.1637 0.3491 0.2558 0.4442
Mar 0.5237 0.5372 -0.1167 -0.1817 0.0718
Apr 0.2592 0.2443 —0.1358 -0.1026 -0.1457
May 0.2462 0.2560 0.0921 0.1170 -0.0848
Jun 0.5809 0.6077 -0.0183 0.2200 -0.3232
Jul 0.2942 0.2653 -0.1974 —-0.1480 -0.2000
Aug 0.3327 0.2889 -0.2700 -0.2110 -0.2295
Sep 0.4375 0.3064 -0.4399 -0.3103 -0.4296
Oct 0.3653 0.3152 -0.2322 -0.1292 -0.3243
Nov 0.5179 0.5107 0.1038 0.0273 0.1558
Dec 0.1712 0.1784 -0.0371 -0.0631 0.1429

Table 9 shows that P2 and Q2 are moderately positively correlated in January, March,
June, September, and November and weakly positively correlated in February, July, Au-
gust, and October. After excluding the effect of T, the correlations between P2 and Q2 in
February and July are no longer statistically significant and remain similar in the follow-
ing months. T and Q2 are weakly positively correlated in February and weakly negatively
correlated in September. After excluding the effect of P2, the correlations between T and
Q2 are significant only for September, remaining essentially the same. T and P2 are mod-
erately positively correlated in February and negatively correlated in September (moder-
ately) and in June and October (weakly).

No lag effect was found between the examined P and Q values on an annual and
monthly basis.

3.5. Uncertainty Analysis

The obtained values of the two uncertainty measures for the EEMD method for each ex-
amined time series are presented in Table 54 and for comparison purposes, in Figure 9 (an
overall index of orthogonality, IO) and Figure 10 (normalized mean confidence interval width,
W, for the residual). The critical lines at the +0.10 level in each panel of Figure 9 show the
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adopted thresholds between which the IO values indicate that the orthogonality of the IMFs
is generally preserved, and the energy balance of the EMD decomposition is acceptable [24,25].
A negative value below the threshold of —0.10, seen for Q2 in September, can be interpreted as
an overcompensation error related to the presence of a sharp peak (in 2010) for the 50-year
river flow series. This means that the decomposition process at the location of the sharp peak
lost stability (IMF components began to overlap in the antiphase).

Figure 10 shows that for each time series, the obtained W values are below the 10%
threshold of the total range of residual changes, which confirms the high numerical pre-
cision of the determined residual.

10

Year Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Time

Figure 9. An overall index of orthogonality (IO) determined for the analyzed time series using the
EEMD method for: (a) T; (b) P1; (c) P2; (d) Q1; (e) Q2. The red dashed lines (IO =+ 0.10) indicate the
adopted critical decomposition acceptability thresholds for EEMD. Values outside this range sug-
gest EEMD decomposition errors.

@T,
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Figure 10. The W index, which defines the average relative width of the 95% confidence interval of
the EEMD residual for: (a) T; (b) P1; (c) P2; (d) Q1; (e) Q2. The green dashed line marks the adopted
threshold (10% of the max—min range of residual changes), below which the confidence interval is

classified as narrow.
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4. Discussion

Assessing hydro-climatic trends in the context of urban water security and imple-
menting sustainable water resource management strategies are crucial worldwide, espe-
cially in urban areas affected by overexploitation of natural resources (e.g., [53-56]) and
exposed to various natural hazards (e.g., flash floods, heat waves). This paper attempts to
address the issue of urban water security in the context of changing climatic conditions
(i.e., atmospheric warming, with increasingly frequent extreme weather phenomena, es-
pecially heavy rainfall, heat waves, and prolonged drought) [57].

While global, regional, and local mean air temperature trends over the past few dec-
ades have often been identified as statistically significant (e.g., [58-68]), the accompanying
mean precipitation trends are frequently insignificant at the standard 0.05 significance
level (e.g., [5,64,68-76]). Precipitation is an intermittent phenomenon, with a remarkable
variability in time and space (e.g., [77,78]). The intermittent nature of precipitation is one
of the main sources of uncertainty in hydrologic forecasting and remains difficult to model
at many time scales [79]. Given the nature of the phenomenon and the difficulties in its
modeling, this study investigated the long-term (50-year) variability of annual and
monthly precipitation, as well as annual and monthly river flow and air temperature, us-
ing relatively new decomposition methods (EMD and EEMD). Because the EMD method
is adaptive and entirely data-driven [23,24], the signal decomposition results obtained us-
ing EMD are independent of the chosen research model (e.g., wavelet model) or the model
assumptions (e.g., Morlet or Haar wavelet). On the other hand, data are often subject to
some random noise. Therefore, using EEMD can at least partially remove this noise from
the data during signal decomposition. Using the EEMD method allow us to separate the
underlying oscillatory components (IMFs) from the residual signal, interpreted in [24] as
the overall adaptive trend, and investigate long-term trends in the residual. This approach
allows for comparison of the direction and intensity of trends in the original data and
those obtained from the decomposition method used. It turns out that most trends iden-
tified using the EEMD method are significant (p < 0.05) and consistent with the direction
of trends in the original data, but they differ in intensity. Interestingly, in Stréza, the up-
ward trend in annual precipitation P1 is more intense (approx. 3.3% of the average per
decade) and is accompanied by an upward trend in the Raba River flow Q2 (approx. 5.0%
of the average per decade), while in Krakow-Balice, the downward trend in precipitation
P2 is less intense (approx. 1.2% of the average per decade) and is accompanied by a down-
ward trend in the Rudawa River flow Q2 (approx. 2.3% of the average per decade).

The obtained results regarding annual air temperature and precipitation trends are
largely consistent with the results of similar studies conducted in the study area. For ex-
ample, for the years 1951-2015, Kubiak-Wojcicka [64] identified a significant (p < 0.05) in-
creasing trend in annual mean air temperature in Krakow-Balice, with an intensity of
0.24 °C per decade, accompanied by an insignificant increasing trend in total annual pre-
cipitation of 3.63 mm per decade, while in Krakow, for the years 1951-2013, no change in
precipitation was observed by Szwed [70]. The analysis of area-averaged values of annual
air temperature for 1951-2020 (70 years) shows that in Europe, the air temperature has
been increasing linearly since 1985, with an intensity of 0.55 °C per decade [65]. In this
context, the increase in annual air temperature in Krakow—Balice by 0.36-0.46 °C per dec-
ade between 1971 and 2020 identified in this study seems realistic.

In regards to the trends in annual river flow in the study area, significant trends ob-
served for the flow of the Raba and Rudawa rivers differ in both direction and intensity.
The reason for these differences may be lower precipitation for P2 (see Table 4), the ob-
served downward (upward) trend in P2 (P1) and the difference in retention capacity of
the Rudawa catchment compared to that of the Raba catchment. The catchments differ in
regards to physiographic conditions and land use; the upper part of the Raba catchment,
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located upstream of the Dobczyce Reservoir, is a mountainous catchment with predomi-
nant forests (50%), agricultural areas occupying 45% of the catchment area, and built-up
areas comprising 5% [72], while the Rudawa catchment is an upland catchment, with ag-
ricultural lands constituting 74% of the catchment area, forests —21%, and meadows—>5%
[80]. To better understand the identified trends in river flow in the context of natural con-
ditions of the studied catchments, the lag-1 autocorrelation coefficient (r1) was calculated
for the mean monthly river flow sequence of Q1 and Q2 (Table 10).

Table 10. Lag-1 autocorrelation coefficient (r1) and underground recharge coefficient (RC in %) for
Q1 and Q2 over the 50-year period (1971-2020) and in two 25-year subperiods.

1971-2020 1971-1995 1996-2020
rl RC rl RC rl RC
Q1 0.25 30.4 0.28 34.2 0.22 27.3
Q2 0.59 67.9 0.70 72.3 0.50 53.0

As shown in Table 10, the rl for Q1 and Q2 over the 50-year period (1971-2020, 600
values) is 0.25 and 0.59, respectively; for the period of 1971-1995 (300 values), it is 0.28 and
0.70, respectively; and for the period of 1996-2020 (300 values), it is 0.22 and 0.50, respec-
tively. It can therefore be seen that the r1 for Q2 is more than twice as high as that for Q1
in each of the examined periods, and its values indicate moderate and statistically signif-
icant autocorrelation. The calculated value of r1 for Q1 (0.28) for the 25-year period (1971-
1995) is close to the value of r1 for Q1 (0.27) reported in [81] for the 20-year period (1971-
1990). It is also clear that in the second 25-year period (1996-2020), the r1 values are lower
than in the first 25-year period (1971-1995) for both the Raba and Rudawa rivers. Accord-
ing to the empirical formula given for Polish rivers in the work of Bartnik and Jokiel [81]:

r1 =0.009 - RC - 0.026, @)

the underground recharge coefficient (RC in %), i.e., the share of underground runoff in
the total runoff, is approx. 30% for Q1 and 68% for Q2 in the period of 1971-2020 and
decreased in the second 25-year period (1996-2020) compared to the results for the first
25-year period (1971-1995), from approx. 34% and 72% to 27% and 53%, respectively (Ta-
ble 10). This may suggest that the identified decreasing trend in annual Q2 is related to
reduced underground recharge, which, as indicated by r1, has a significant impact on the
Q2 flow rate. Also, the work in [82] confirms that within the Matopolska Upland (includ-
ing, among others, the Rudawa River catchment), rivers are supplied, to a large extent
with groundwater, even more than 60%, which is the result of deeply incised valleys in
carbonate rocks with high water-bearing capacity.

To examine in detail the dynamics of r1 changes for the mean monthly flow sequence
of Q1 and Q2, r1 was calculated in a 25-year time window (300 values), with a shift of one
year (12 values). Twenty-six values/windows were obtained, the first time window cov-
ering the years 1971-1995, and the last one covering the years 1996-2020. Figure 11 pre-
sents the obtained results, together with the assessment of the linear trend based on ordi-
nary least squares (OLS) regression. For Q1 (Figure 11a), the trend in rl is statistically
insignificant (p = 0.8800), while for Q2 (Figure 11b), the decreasing trend (—0.0054) is sta-
tistically significant (p = 0.0000). The decreasing trend in r1 for Q2 translates into a corre-
sponding decreasing trend in RC, with the slope of —0.5408, consistent with the linear re-
lationship between 11 and RC shown in Equation (2). This means that from 1971-1995 to
1996-2020, the RC for Q2 gradually decreased by about 0.5% per year, indicating a gradual
decrease in the share of underground recharge in total runoff Q2. The reason for this de-
crease requires further investigation. On the other hand, the rs(P2, Q2) values calculated
for two 25-year periods (1971-1995 and 1996-2020) are 0.3797 and 0.6015, respectively,

https://doi.org/10.3390/su18136591



Sustainability 2026, 18, 6591

19 of 24

confirming the increase in correlation between P2 and Q2 in the second period compared
to that in the first period and thus, the reduction in the influence of underground recharge
on the total runoff Q2. Given the positive and statistically significant correlation between
annual P2 and Q2 (Table 9) and the downward trend in annual P2, the downward trend
in annual Q2 seems reasonable. The above analysis suggests that the identified downward
trend in Q2 is partly due to the gradually decreasing underground recharge, as demon-
strated by the downward trend in RC for Q2.

(@)

0.28F  Trend: y = 0.00008 X + 0.2511 |~ % | L i
. X N \ ~---r1for Q1
| R? = 0.0010 / Ve Trend
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Figure 11. Lag-1 autocorrelation (rl) calculated in a 25-year time window (300 values), with a shift
of one year (12 values), over the years 1971-2020 for (a) the mean monthly series of Q1; (b) the mean

monthly series of Q2. The linear trend (OLS regression) fitted to r1 is also shown, with its details.

Taking into account the broader context of the Upper Vistula River Basin, Mostowik
et al. [61] showed that for the period 1986-2015, annual runoff for Bieszczady rivers (East-
ern Carpathians) does not exhibit significant trends. Also, the results of a multi-temporal
analysis of annual river flow in the Upper Vistula Basin indicate substantial differences in
trends for the years 1951-2015 [83].

In the context of water security in urban areas, ensuring adequate water quantity and
quality is essential. However, it is also possible to significantly reduce the consumption of
potable water from the municipal water works by collecting rainwater when its utilization
does not require drinking water; in the case of Beira, Mozambique, up to a 40% reduction
was achieved using this method [84]. On the other hand, the expansion of impervious
surfaces in urban areas leads to increased nutrient loads discharged via surface runoff into
receiving water bodies [85], and changing climatic conditions may further exacerbate the
situation. In the case of the city of Lublin (eastern Poland), a study [85] conducted using a
modeling tool shows that projected increases in temperature and precipitation could in-
crease nutrient loads by up to 30%. In the case of a medium-sized city (Torun, central
Poland), a study [86] addresses the problem of natural hazards (droughts and floods) re-
lated to climate change and their impact on water security in terms of quantity. In the
analyzed period (1971-2020), a slight increase in annual precipitation and a significant
increase in the number of days without precipitation was accompanied by a significant
increase in the average annual air temperature [86]. Meteorological hazards related to
drought (days without precipitation) clearly outweighed the occurrence of days with
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heavy precipitation [86]. The analysis of water table fluctuations observed at the Jedwabno
infiltration intake showed a high sensitivity of the aquifer to atmospheric conditions,
while in the case of the surface water intake, the greatest impact corresponded to events
related to low flows of the Drweca River [86].

With respect to the quality of tap water in Krakow, the values of individual parame-
ters measured in water supplied to Krakow residents are several to a dozen times lower
than the permissible concentrations, which indicates its very high quality and complete
health safety [87]. In regards to the amount of water taken into the Krakow supply system,
in the early 1960s, it became clear that the existing water treatment plants in Krakow
would soon be unable to meet the city’s growing needs, and the Vistula’s severe pollution
precluded its use for water supply purposes; the technically and economically most ad-
vantageous option was to draw water from the Raba River reservoir in Dobczyce [88]. For
this purpose, a nearly 40 m high intake tower was built near Brzaczowice, with six diago-
nal pumps, four with a capacity of 4000 m3/h and two with a capacity of 3000 m3/h, and
water can be drawn from three different depths, depending on the best water quality [88].
The construction of the Dobczyce Reservoir resulted in, among other things, a change in
the flow dynamics [89] and water temperature distribution [90] of the Raba River below
the reservoir, while ensuring basic drinking water resources for Krakow. As shown in
Table 1, the current production of the water intake from the Dobczyce Reservoir in relation
to the maximum capacity is 59%, while for the water intake from the Rudawa River, it is
45% of the maximum capacity; it seems, therefore, that there is a possibility of increasing
the production of water taken from the Dobczyce Reservoir, and taking into account the
detected increasing trends in the flow of the Raba River, such a possibility should also
exist in the future.

In summary, this study shows that for the Raba River, which is the main water source
for Krakow, a statistically significant long-term trend of increasing annual flow is observed,
accompanied by a significant trend of increasing annual precipitation, which seems to be im-
portant and useful information for water management. On the other hand, for the Rudawa
River, which is the second largest water source for Krakow in terms of maximum capacity and
current production, an identified significant downward trend in annual flow is observed, ac-
companied by a significant downward trend in annual precipitation, which should be taken
into consideration for future water management and planning.

5. Conclusions

Based on the EEMD method, the conducted analysis indicates that for the years 1971-
2020:

e A statistically significant (p < 0.05) linear trend in mean annual air temperature in
Krakow-Balice is approx. 0.36 °C/decade;

e A statistically significant (p < 0.05) linear trend in annual precipitation totals is ap-
prox. 30.0 mm/decade in Stré6za and approx. —8.2 mm/decade in Krakow-Balice;

e A statistically significant (p < 0.05) linear trend in mean annual flow for the Raba
River in Stréza is increasing, amounting to 0.51 m3/s per decade, while for the Rud-
awa River in Balice, it decreases and amounts to —0.05 m3/s per decade;

e In Stréza the significant upward trend in precipitation is more intense (approx. 3.3%
of the average/decade) and is accompanied by a significant upward trend in the Raba
River flow (approx. 5.0% of the average/decade), while in Krakow-Balice, the signif-
icant downward trend in precipitation is less intense (approx. 1.2% of the aver-
age/decade) and is accompanied by a significant downward trend in the Rudawa
River flow (approx. 2.3% of the average/decade);

e  For May, significant increasing trends in precipitation are accompanied by significant
increasing trends in the examined river flow.
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The trends identified by the EEMD method are largely consistent with the trends in
the original data, but differ in intensity. However, while the former are mostly statistically
significant at ot = 0.05, the latter are statistically significant only for air temperature in Kra-
kow-Balice.

The results of cross-correlation and autocorrelation analysis suggest that the identi-
fied decreasing trend in the Rudawa flow may also be related to the significantly reduced
underground recharge in the Rudawa catchment. Therefore, in the changing climate, the
situation should continue to be monitored to prepare for potential future changes in the
flow rates of the studied rivers.

Supplementary Materials: The following supporting information can be downloaded at:
https://www.mdpi.com/article/10.3390/su18136591/s1, Figure S1: EEMD results for annual P1; Table
S1: Results of EEMD method for T, with mean oscillation period (OP in years) and amplitude (AM
in °C) of each IMF; Figure S2: EEMD results for annual P2; Table S2: Results of EEMD method for P,
with mean oscillation period (OP in years) and amplitude (AM in mm) of each IMF; Figure S3:
EEMD results for annual Q1; Table S3: Results of EEMD method for Q, with mean oscillation period
(OP in years) and amplitude (AM in m?/s) of each IMF; Figure S4: EEMD results for annual Q2; Table
S4: Results of the EEMD method: Orthogonality Index and relative width of CIL.
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