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Abstract
Changing political frameworks in addition to novel and more cost-effective means to investigate the subsurface have led 
to an increase in the availability of hydrological data. This wealth of data, however, poses new challenges in effectively 
making use of it. Traditional tools such as spreadsheets or proprietary datalogger software often do not scale easily with a 
larger amount of available datasets, requiring considerable user interaction. Also, comparing different locations and types 
of data can be difficult and tedious. Thus, a python script is presented that enables the user to quickly visualize and compare 
different types of data such as for example groundwater levels or precipitation amounts. This is done by first standardizing 
the data using different drought indices and, subsequently, visualization of correlation matrices or plots of data on maps. 
This approach can be used for data quality control (identifying erroneous data, classifying data into different types), data 
comparison (comparing different types of data, such as groundwater and precipitation; comparing different locations) and 
to visualize and analyze the development of hydrological data and their correlation patterns over time. Prospects and limita-
tions of the approach are illustrated and discussed using various example applications.

Keywords Time series · Correlation matrices · Visualization · Standardization · Data analysis

Introduction

With the advancement of hydrological monitoring tools and 
information technologies, more comprehensive hydrological 
datasets are becoming increasingly available. For precipita-
tion and temperature, which predominantly govern surface 
hydrological fluxes, datasets are improving in quality and 

spatial coverage. Subsurface hydrology has historically 
relied on classic techniques like auger drilling or various 
other rotary methods (see for example Langguth and Voigt 
2004, chapter 10; DVGW 2008; Todd and Mays 2005, chap-
ter 5 or Delleur 2007, chapter 11 for a general overview). 
However, more novel methods like direct push or sonic 
drilling are also becoming more common and can provide 
a time and cost advantage, compared with the techniques 
mentioned above (see for example Maxwell and Hildebrand 
1994 or Delleur 2007, chapter 35).

The increase in available methods to obtain, visualize 
and compare data as well as reduction in costs will assist 
research projects, site investigations and site remedia-
tion. Also, a push toward open data (whether the source 
is government, university or otherwise), as for exam-
ple demanded by the European Union by the directive 
2003/98/EC (EU 2003) or stemming from the Freedom of 
Information Act (FOIA 1967) in the USA will facilitate 
greater access and use. Platforms like ehyd.gv.at (BML-
FUW 2016) used for most of the examples herein, the 
ZAMG HISTALP dataset (http://zamg.ac.at/hista lp/, Auer 
et al. 2007), gkd.bayern.de (LfU 2017), waterdata.usgs.
gov/nwis/nwis (USGS 2017) or bafg.de/GRDC (GRDC 
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2017) or various other such platforms allow one to easily 
access or request a wealth of country- or state-wide data.

One important challenge related to the interpretation of 
this wealth of data is the need to make different types of 
data as well as data from different locations comparable. 
For many researchers, appropriate tools to more easily 
and quickly understand and visualize the data may not be 
readily available.

Many of the generally used software packages, such 
as the proprietary tools of the datalogger manufacturers 
or spreadsheet software, often do not scale very well to 
larger datasets and require considerable user interaction. 
Also, these tools often make it more difficult to include 
relevant spatial (e.g., latitude, longitude) information and 
elevation heights. GIS software is an obvious fix for this 
issue, but the use of it requires considerable training and 
can incur considerable costs. More importantly, compar-
ing data from different locations or different types of data 
remains a challenging issue with any of the aforemen-
tioned tools. For example, groundwater levels measured 
at different elevations and/or in different hydrogeological 
settings are only seldom easily comparable in one plot, 
as are time series of precipitation and groundwater levels 
with their different scales.

In this paper, we provide an approach that allows a user 
to standardize and visualize large amounts of groundwater 
monitoring time series in conjunction with river stages, 
precipitation or other hydrometeorological time series 
data. This approach allows one to gain a quick overview 
of the data at hand and to identify correlations, different 
types of data and outliers. Additionally, it can also pre-
serve some spatial information of the data at hand and 
requires minimal user interaction.

Various methods for standardizing the data such as 
the Standardized Precipitation Index—SPI (McKee et al. 
1993), Standardized Groundwater Index—SGI (Bloom-
field and Marchant 2013), Standardized River Stages 
Index—SRSI (Haas and Birk 2017) or the Standardized 
Precipitation Evapotranspiration Index—SPEI (Vicente-
Serrano et al. 2010) allow the user to compare different 
time series at different locations. Haas and Birk (2017) 
demonstrate that this approach of standardizing data and 
visualizing it using correlation matrices can be useful for 
analyzing and comparing different types of hydrological 
data by conducting an analysis of the Austrian Mur valley, 
showing the effects of drought and flood conditions and 
the differences between different areas of the catchment.

This paper illustrates the methodological details of 
this approach using python code and discusses potential 
applications and extensions as well as limitations using 
examples from further use cases and regions.

Methods

Python is a popular coding language that is relatively easy 
to learn (see, e.g., Millman and Aivazis 2011; Pérez and 
Granger 2007; Oliphant 2007). It is increasingly used in sci-
entific fields (see, e.g., Bakker (2014), Bakker et al. (2016) 
for hydrology) and is available for all major operating sys-
tems. The core language can be extended with the many 
available packages, ranging from use cases such as web 
frameworks to graphical user interfaces [see Python Soft-
ware Foundation (2018) for a complete overview]. A multi-
tude of those packages is suitable for scientific research, of 
which the popular numpy (van der Walt et al. 2011), pandas 
(McKinney 2010) and matplotlib (Hunter 2007) packages 
are used for the work presented herein. Python also has 
packages available that allow it to use or interact with other 
programs or languages, such as for example MATLAB (The 
MathWorks, Inc. 2017) or R (Gautier 2017), the latter being 
used herein to interface with the SPEI R-package (https ://
CRAN.R-proje ct.org/packa ge=SPEI, Beguería et al. 2014).

In the supplementary material we provide python code 
that can either be run as a standalone executable or can 
serve as the base for exploratory work in ipython (Pérez 
and Granger 2007). This python code is described in detail 
in the following subsections and an overview is given in 
Fig. 1.

Data access and preprocessing

For the examples shown herein, we obtained time series 
from the ehyd.gv.at platform, which provides the data of 
Austrian groundwater, surface water and precipitation meas-
urement stations (BMLFUW 2016). A detailed description 
of this platform can be found in Haas and Birk (2017). As 
mentioned in the “Introduction” section, there are other 
possible sources for data and the tools provided herein can 
be adapted to other data sources or CSV files structured 
differently.

For the ehyd data, a module that reads in the CSV files 
is provided in the supplementary material. While the ehyd 
data are quality controlled (see, e.g., Godina 2000; Müller 
2006; BMLFUW 2017), it is important to note that some 
of the time series do have gaps. Thus, we have build a 
simple error handling into the module.

Time series that are missing time information get dis-
carded, as do time series that contain more than 10% of 
data flagged as erroneous in the original files and time 
series that contain more than three consecutive errors. 
In cases less severe than those, the module simply pads 
missing data with the previous water level or precipitation 
amount. We deem this an acceptable workaround for the 

https://CRAN.R-project.org/package=SPEI
https://CRAN.R-project.org/package=SPEI
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low number of affected time series [less than 10% of the 
data used in Haas and Birk (2017) for example], but for 
larger issues it is upon the user to assess a more appropri-
ate way to deal with missing data.

As can be seen in the files provided in the supplementary 
material, there is considerable preprocessing, to get the files 
into a format usable within python due to some intricacies of 
the German language, such as the replacement of umlauts. 
Thus, we also provide a simple CSV reader that can serve 
as a base for the user to adapt the code to their data at hand. 
After this preprocessing, the header can be used to obtain 
information about the time series and to store it in a way that 
can later be queried and used.

Dataframe

The pandas package (McKinney 2010) is used to import and 
export the data. For storage and handling of the data, we 
use a pandas dataframe, which is “a 2-dimensional labeled 
data structure with columns of potentially different types” 
(pydata.org 2017) and thus similar to a spreadsheet. This 
similarity also carries over to their ability to hold multiple 
index levels and the ability to select from these indices.

Thanks to its similarity with spreadsheets, dataframes can 
be easily exported to and imported from spreadsheets, ena-
bling easy exchange with other programs, such as the ones 
mentioned in the “Introduction” section. Thus, we export the 
standardized dataframe to a CSV file, to have a human- and 
machine- readable intermediate result that can serve as a 
basis for further work. Also, we export a Hierarchical Data 
Format—HDF/H5 file, which is a much smaller, binary file, 
very well documented and standardized (see hdfgroup.org 
2017) and with bindings to multiple tools and languages, 
ranging from Fortran to MATLAB. Compared to the above 
mentioned CSV file, however, reading a HDF file requires 
more involvement for users unfamiliar with it.

This intermediate step of exporting a dataframe could 
also be forgone by combining the provided python modules 
into one, and thus keeping the dataframe in memory, but we 
prefer this twofold approach, since this allows for an easier 
change or substitution of the means used to build or analyze 
said dataframe.

Standardization

The comparison and interpretation of monitoring data 
from hydrometeorological gauging stations and observa-
tion wells situated in different regions need to account for 
the differences in climatological, hydrological or hydroge-
ological conditions. For the example of a weather station, 
the average precipitation for a particular month will be 
different from one location to another and from one month 
to another. It is thus of interest to observe if a particular 

month (or season) in one location is drier or wetter than 
normal. By standardizing the data, we can compare on the 
same scale two stations that may experience a monthly 
average of 100 and 200 mm of precipitation, respectively. 
For the example of a groundwater measurement well, the 
standardized data would allow us to compare on the same 
scale two wells that show an average groundwater level of 
500 and 200 m asl, respectively. Therefore, comparisons 
can readily be made between both stations of the same 
type but at different locations. The standardization also 
allows comparisons between different types of stations, 
e.g., groundwater levels measured in meters and precipita-
tion measured in millimeters on the same scale. However, 
it should be noted that this lack of real measurements can 
also be misleading. At first sight, one might assume that 
for example two stations with an SPI value of 0.5 do expe-
rience the same amount of precipitation, while the actual 
precipitation amounts observed could vary greatly.

To standardize the data, we use different variations on 
the same method corresponding to the different compo-
nents of the water cycle. The precipitation data are stand-
ardized using the SPI (McKee et al. 1993), the groundwa-
ter levels are standardized using the SGI (Bloomfield and 
Marchant 2013), the river stages are standardized using the 
SRSI (Haas and Birk 2017, SGI applied to river stages) 
and the climatic water balance is standardized using the 
SPEI (Vicente-Serrano et al. 2010), in each case using 
the standardization procedure proposed in the original 
literature.

It has to be noted that there is some disagreement on 
the feasibility of the gamma distribution used for the SPI 
(e.g., Guttman 1999; Blain and Meschiatti 2015). In gen-
eral, however, it is deemed as an acceptable distribution, 
especially regarding its use for European data (Stagge 
et al. 2015b). The authors are not aware of any discus-
sions regarding the adequacy of the nonparametric normal 
scores transform used for the SGI and SRSI, which we 
assume to be due to the relative recentness of the indices 
and the “self fitting” quality of the used method. Regard-
ing the SPEI, the used method defaults to the log-logistic 
distribution but according to Stagge et al. (2015b) the 
generalized extreme value distribution might be slightly 
preferable when assessing European data.

Other indices or standardizations such as the Palmer 
Drought Index—PDI (Palmer 1965), the Standardized 
Streamflow Index—SSI (Vicente-Serrano et al. 2012) or 
many of the indices listed in Svoboda and Fuchs (2016) 
can also be implemented.

In the supplementary material, we provide python 
modules for the SPI, the SGI and the SRSI and a python 
module to use the published R-implementation of the 
SPEI (https ://CRAN.R-proje ct.org/packa ge=SPEI, 
Beguería et al. 2014) as well as a very simple and general 

https://CRAN.R-project.org/package=SPEI
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Fig. 1  Overview of the workflow described herein
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standardization module using the z-scores approach, to 
quickly visualize all kinds of additional time series.

Matrix visualization

As previously mentioned in the “Standardization” section 
the standardization of data makes time series from differ-
ent locations and/or different types comparable on the same 
scale. Additionally, it enables temporal averaging of sur-
pluses (positive standardized values) or deficits (negative 
standardized values).

A main feature of the dataframe is the ability to easily 
construct a correlation matrix from it. This way, a Pearson 
correlation coefficient is obtained for every possible pairing 
of time series. However, since a dataset of n wells results in 
n
2 entries (half of which duplicates) this can be hard to read-

ily interpret. Hence, we color code the correlation coeffi-
cients to enable a quick overview over what would otherwise 
be a difficult to read, huge text file or spreadsheet.

In contrast to single correlation coefficients and their 
map representations, as for example shown with state-wide 
SEDI9 versus SPI9 correlations in Kim and Rhee (2016), the 
correlation matrix visualization allows an easy, clutterless 
visualization of multiple groundwater wells, with the addi-
tional possibility to correlate and compare them with area or 
region wide indices such as SPI, SPEI and similar indices. 
Thus, we provide a python module in the supplementary 
material that plots these correlation matrices.

Map visualization

If a map visualization of data is needed, pythons matplotlib 
package provides the “basemap” module (see Hunter 2007 
and https ://matpl otlib .org/basem ap/) which enables the 
straightforward plotting of data on a variety of generic maps. 
Additionally, it is able to tie into ESRI’s ArcGIS REST API, 
allowing for the use of ESRI maps. In the supplementary 
material, we provide a python module that can plot a dataset 
on a map.

Results and discussion

Quality control and data classification

One aspect only demonstrated tangentially by Haas and 
Birk (2017) is the ability to use the correlation matrix as 
a tool for data quality control and for the identification of 
one or several time series showing a behavior deviating 
from the others. Figure 2 shows the correlation matrix for 
the Aichfeld region in the Styrian Mur catchment adapted 
from Haas and Birk (2017), which is used to illustrate 
this aspect in more detail. As can be seen, most of the 

correlation matrix shows similar colors, indicating high 
correlations between the SGIs of the various time series, 
and thus a similar behavior of the underlying groundwater 
wells. However, there is also a distinct set of 5 wells that 
show low to negative correlations with everything else, but 
very high correlations with each other.

As discussed in Haas and Birk (2017), the average depth 
of the wells in the Aichfeld dataset is 13.5 m below ground 
level with a very high standard deviation of 8.5 m. Closer 
inspection of the underlying dataset reveals that this high 
standard deviation is caused by the five wells shown in 
Fig. 2, which have an average depth of ∼ 25 m bgl, com-
pared with an average of ∼ 9.5 m bgl for the remaining 15 
wells in the dataset. This difference in depth results in a 
different “behavior” of the groundwater and thus in low 
correlations of the different depth levels, suggesting that 
the two groups actually represent two distinct aquifers.

This different behavior is shown in Fig. 2b, where the 
average SGIs for the two sets of wells and the average for 
the complete dataset is shown. As can be seen the subset 
of deep wells does not affect the average too much, but 
this is only due to the limited number of deep wells in this 
example. For larger datasets, being able to identify differ-
ing datasets quickly could provide a valuable addition to 
more efficient quality control. Additionally, this option to 
calculate a representative average over a certain subset of 
time series enables other analysis options, such as trend 
analysis or a further way to compare different regions.

Haas and Birk (2017) further use the example of the 
construction of hydraulic structures in the Mur valley to 
demonstrate that the matrix visualization supports the 
identification of human impacts affecting the groundwater 
levels of some wells.

As also shown in Fig. 2, where artificial outliers (time 
series full of random data) have been included into the 
real data, those are clearly identifiable by their low, but 
not strongly negative, correlation with all of the real time 
series and with each other. “Semi outliers” such as the 
Danube gauging stations added into Fig. 2 seem to behave 
different again. While they do differ from most of the data-
set, they still show moderate correlations with the river 
gauges in the area and some of the wells as well as notice-
ably lower correlations with the deep wells, making it hard 
to draw any distinct conclusions about those time series.

This demonstrates that correlation matrices allow one to 
identify time series—and thus mostly groundwater moni-
toring wells in the highlighted case—that deviate strongly 
from the average behavior in a region. However, this does 
not necessarily give an information about the reason for 
this deviation. Judging from our examples, estimates about 
the nature of the time series and thus the reason for the 
deviation in correlation can be made, however. Random 
time series appear to simply show a correlation coefficient 

https://matplotlib.org/basemap/
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close to zero, as expected due to their random nature. Time 
series of similar nature and location as the majority (e.g., 
the two Danube gauges inserted into Fig. 2) may still show 
minor correlation with many of the time series.

Comparison of different types of data

Standardizing data and plotting them in a correlation matrix 
allow for a comparison of different types of data, e.g., 
groundwater levels (SGI) and precipitation (SPI). As Haas 
and Birk (2017) have shown, generally shallow groundwater 
is highest correlated with the 6 month SPI and the most so in 
a foreland basin, whereas highest correlations of groundwa-
ter with surface water are seen in a narrow valley.

This comparison can be extended to other types of indi-
ces and other types of data as mentioned in the “Stand-
ardization” section. In Fig. 2, we show the addition of the 
Standardized Precipitation Evapotranspiration Index—SPEI 
(Vicente-Serrano et al. 2010). While the SPI is a purely 
precipitation-based drought index, the SPEI additionally 

includes a temperature-based estimate of potential evapo-
transpiration. One may expect that this allows a more appro-
priate representation of drought, particular under climatic 
conditions where a substantial part of precipitation is lost 
by evapotranspiration. Indeed, Kingston et al. (2015) found 
that a higher number of European droughts was identified by 
the SPEI than by the SPI. Likewise, Bachmair et al. (2015) 
found higher correlations for SPEI than for SPI. The findings 
by Bachmair et al. (2015), Stagge et al. (2015a) and Blauhut 
et al. (2016) similarly suggest that SPEI tends to be a better 
predictor of drought impacts than SPI, but a combination of 
different aggregation periods and indices generally is consid-
ered most favorable. In the given case, however, the behavior 
of the SPEI only minimally deviates from the SPI, as can be 
seen from the high correlation between the two indices (see 
Fig. 2d). As a consequence, the SPI-SGI and the SPEI-SGI 
correlations for the Aichfeld are also very similar, and the 
SPI even exhibits a tendency toward slightly higher correla-
tions with SGI, which suggests that the impact of evapotran-
spiration is minor in this humid Alpine setting. This finding 

Fig. 2  Correlation matrix for the Aichfeld region, adapted from Haas 
and Birk (2017). Shown are the high correlations between most of 
the wells sorted by their distance to the river Mur, with a distinct 
set of deep wells lowly correlated with most other wells, but highly 
with each other (marked with a brown box at the right of the matrix; 
see also brown highlights in Fig.  5). b shows the average SGI for 
this subset of wells (deep wells, same brown color), the remaining 
wells (shallow wells, green color) as well as the total average for the 
region, with c showing the nonstandardized data for a representative 

well from the shallow and the deep wells. d shows the SPI6 and the 
SPEI6, which are highest correlated with the shallow wells. These 
two different indices show a high correlation and thus high similarity 
between the plots. Additionally, three time series (rand a–c) with ran-
dom data uniformly distributed between − 3 and + 3 have been added 
to a, as well as two SRSI series from the river Danube (SRSI D1 and 
D2). As can be seen, the random data show correlations around 0 
with everything, whereas the Danube still shows minor correlations 
with the rivers in the Aichfeld and some of the wells
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agrees well with the results from a more comprehensive 
study for the Netherlands and Germany, where correlations 
between SGI and either SPI or SPEI were very similar (Van 
Loon et al. 2017). While the relationship between SPEI, SPI, 
and SGI thus deserves further investigation, particularly in 
more arid settings and on a regional level, as opposed to 
the country-wide assessment done in Stagge et al. (2015a), 
these examples demonstrate how the visualization of cor-
relation matrices implemented in our Python code supports 
such comparisons of drought indices.

Spatial information

Correlation matrices can be used to visualize different 
regions in a catchment, which can then serve as a basis 
for comparison of the regions. Besides this one matrix per 
region approach, the sorting of the data in the correlation 
matrix can be used to convey some spatial information. 
The Haas and Birk (2017) paper mentioned throughout this 
work sorts the groundwater wells in their dataset by their 
distance to the main river in their regions, therefore showing 
the influence of the river on the groundwater. Other possible 
options would be for example sorting groundwater wells by 
their location along a stream (i.e., upstream to downstream), 
to sort surface water gauging stations by their location along 
the stream, or to sort groundwater wells by their depth or 

by the elevation of their locations. In the example shown 
in Fig. 3, the gauging stations are sorted by the size of their 
catchments, since this is provided as metadata in the ehyd 
dataset, and translates to their position along the stream. 
The other possible options mentioned above depend on the 
metadata provided with the dataset one uses, or have to be 
added by the user by hand. For this, two options are feasible: 
Adding a field with the desired data to the input data, or later 
adding an entry to the index of the large pandas dataframe 
described in the “Dataframe” section.

Also, contrary to the splitting between regions as shown 
by Haas and Birk (2017), regions can also be added together 
into single matrices (see Fig. 4), to show possible long dis-
tance correlations/teleconnections, or wells can be clustered 
together, for example into wells close to a know ground-
water abstraction and wells deemed unaffected by human 
activities.

Time and event comparison

The dataframe can be split up into distinctive periods, so that 
a development over time can be visualized and the effects of 
extreme events such as the 2003 drought and the 2009 floods 
can be shown (see Fig. 4 and Haas and Birk 2017).

Building on this approach where time periods get selected 
due to outside information, we provide a short script in the 

Fig. 3  Correlation matrix for 
of all the gauging stations at 
the Danube river in Austria 
with long-term data available. 
The stations are sorted from 
the most upstream one on the 
left (Achleiten) to the most 
downstream one on the right 
(Wolfsthal). Note, however, that 
we use a different color scale, 
compared with all the other 
plots in this paper
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supplementary material that uses this ability to split a dataset 
into single years that are then visualized separately for every 
year in the data. This turns a long-term dataset into a series 
of yearly snapshots that can be easily browsed through with 
an image viewer or turned into a movie that allows for a 
quick way to check for changes in correlations or patterns. 
In this way, one can observe whether the correlation patterns 
are more or less stable or change through time. Identifying 
the causes of changes in correlation patterns, however, is not 
straightforward. This is illustrated by the example of the Mur 
catchment, where a snow-rich year shows a correlation pat-
tern similar to a drought year and a snow-poor year behaves 
similar to a flood year (Haas and Birk 2017).

In addition, linking drought indices such as SPI, SPEI, or 
SGI to the actual occurrence of drought impacts is a chal-
lenging task. Bachmair et al. (2016) for instance, found that 
the accumulation periods of SPI and SPEI best linked to 
drought impacts vary from one region to the other and also 
depend on the kind of impact considered. In the Aichfeld 
example, the SPI6 exhibits the highest correlation with 
the SGI, suggesting that it is a reasonable indicator for 
drought impacts on groundwater, in particular pointing to 
low groundwater levels and thus low aquifer storage and 
discharge, which might be associated with other adverse 
environmental or economic effects. Using the threshold 
SPI ≤ − 2 , as suggested by the original McKee et al. (1993) 
paper, results in six extreme droughts within the time period 
from 1975 to 2011. The correlation matrices of these events 
show a tendency to higher correlations between the SGI val-
ues of the different wells, as shown for the drought year 2003 
by Haas and Birk (2017). In contrast, no distinct correlation 

patterns (e.g., low correlations as found by Haas and Birk 
(2017) for the flood year 2009) are obvious from the matri-
ces for the six events classified as “extreme floods” (SPI 
≥ + 2 ) when adapting the original drought classification by 
McKee et al. (1993) to floods. Remarkably, the SPI6 of the 
year 2009, which is associated with extreme floods accord-
ing to the local literature (see for example BMLFUW 2011; 
Hornich 2009; Schatzl 2009; Stromberger et al. 2009; Ruch 
et al. 2010), stays below + 2, thus only matching the cat-
egory of “severe flood”.

These examples highlight the difficulties in interpreting 
the values of the drought indices, their correlation patterns 
and how to link them to real phenomena, such as the mani-
fold possible drought impacts as for example discussed in 
Stahl et al. (2016). Thus, we suggest that the visual com-
parison and interpretation of correlation matrices should be 
complemented by independent, external information, such 
as reported drought or flood events, which can be used to 
select distinct time periods (e.g., years) that deserve closer 
investigation.

Another issue is the fact that very snow-rich years can 
produce similar patterns as the 2003 drought due to the snow 
cover cutting of the connection between precipitation and 
groundwater recharge. Likewise, very snow-poor years can 
produce patterns similar to the 2009 flood due to a direct 
connection of precipitation to groundwater recharge during 
the winter. However, this abundance or lack of snow does 
not show up in the SPI, or other such indices, thus making it 
impossible to tell a snow-rich year apart from a snow-poor 
one, using the matrix visualization alone. Related to this 
issue, it should be discussed what classifies as a drought or 

Fig. 4  Correlation matrix showing the groundwater measuring wells 
from all the subregions from Haas and Birk (2017) in one figure, 
demonstrating how the single subregions are clearly visible, but some 
areas are highly correlated, even though they are far away from each 
other. See Fig. 2 for a detailed discussion of one of the subregions. 
Also shown are all of the subregions for the drought year 2003 and 
the flood year 2009, showing the high correlations within the subre-

gions under drought conditions as described in Haas and Birk (2017), 
but also high correlations between the subregions and the lower cor-
relations within the subregions under flood conditions, as discussed 
in Haas and Birk (2017), but also lower correlations between the sub-
regions, especially compared with the drought year. Note that one of 
the subregions only has data available from 1980 on
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flood for a region in question, taking into account not only a 
certain index value, but also other factors.

In a region such as Austria, a local meteorological 
drought might not necessarily result in a groundwater 
drought. This is attributed to the fact that groundwater can 
still be replenished by naturally occurring infiltration of river 
water. Groundwater and precipitation time series are often 
the only data that are easily available for past times, which 
can make it difficult to identify past droughts/floods as solely 
a function of one or both of these in the absence of a hydro-
logical model. A proper classification would best be done by 
either assessing droughts/floods from a calibrated hydrologi-
cal model, by using databases such as the European Drought 
Impact Inventory—EDII (see Stahl et al. 2016) or in the case 
of lacking information in the EDII by going through local 
records, such as newspaper archives, government reports or 
even “crowdsourced” data from social media.

Splitting the time series into distinct periods can also sup-
port the quality control and classification of the data. In the 
case of the SGI values discussed in the “Quality control and 
data classification” section, the negative correlations of the 
deep wells with the shallow wells and their high correla-
tions with themselves is found to be amplified in many years, 
making them much more obvious than shown in Fig. 2. Also, 
most of the wells closest to the river Mur, which show high 
correlations in Fig. 2, keep these high correlations in most 
years, whereas the wells further away show a more arbitrary 
behavior through time.

Maps

Another option easily enabled by python is the relative ease 
of the plotting of maps for regions with the SGI values of 
various wells. This “classic” approach can be a first step in 
going beyond correlations and investigating their causations, 
especially when combined with the option to split the dataset 
into arbitrary time periods (see “Time and event compari-
son” section).

As discussed in Stromberger et al. (2009) the flood 
year of 2009 was characterized by multiple large floods 
and heavy precipitation events of often only local extent 
and interrupted by periods of “nice” weather. One would 
assume that such local phenomena are easy to spot in a 
map, possibly with the topography already giving helpful 
hints as to their causes and extent. However, these phe-
nomena are not clearly visible in the monthly data avail-
able (see Fig. 5). Here the month of July 2009 (subfigure c) 
which follows the main floods of June (Stromberger et al. 
2009) shows mostly only moderately wet conditions in 
groundwater with some wells even indicating moderately 
dry conditions. While this does fit the idea of locally dif-
fering conditions, the SGI values shown (0–approx. + 1) 
would indicate a “mild flood”, using the definitions from 
McKee et al. (1993) for flood, are not fitting the reported 
severity of the floods, with the highest SGIs only seen 
in September 2009. In contrast, July of the drought year 
2003 (subfigure b) does show very negative SGI values 
throughout the region shown in Fig. 5.

Regarding the possible identification of outliers, such 
as erroneous measurements or time series of differing 
nature (e.g., from different aquifers), and assessing their 
causation, a map view can provide both helpful hints and 
misleading marks, as demonstrated with the deep wells 
(brown highlights in Fig. 5) discussed in the “Quality con-
trol and data classification” section. These wells show a 
more muted behavior in the drought and flood years of 
2003 and 2009, but can also behave very different, as high-
lighted for two cases in 1977 and 1984 (subfigure a). Thus, 
the map view can point toward the fact that this subset of 
wells behaves different. As to the causation of this differ-
ence, the first conclusion from the map view could be that 
this simply is due to their location on the northern bank of 
the river Mur. However, as discussed in the “Quality con-
trol and data classification” section, their differing behav-
ior is presumed to be connected to their depth, instead of 
their location.

Fig. 5  Map representations for selected months of the drought year 
2003 (b), the flood year 2009 (c) and two months with strongly devi-
ating behavior of the deep wells (a). Note that the color scheme is 
the same as used in Figs. 2, 3 and 4 but unlike in those figures it does 

not represent correlation coefficients but rather color coded SGI and 
SRSI values. Deep wells are marked with a brown background. The 
three river gauges in the region are marked with a red background. 
Image width of the single maps: approx. 45 km
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Conclusions

As shown in the previous sections, correlation matrices of 
standardized data enable one to quickly visualize complex 
systems in order to identify wells, stream gauges, precipi-
tation measurements or other time series that correlate 
well with each other. The python implementation of this 
approach initially may need some involvement and adap-
tion, but is expected to be more time efficient in the long-
term than approaches using off-the-shelf software. The 
examples shown herein reveal opportunities and advan-
tages for a variety of potential applications:

• The ability to quickly and easily—after the mentioned 
initial customization by the user—plot large amounts 
of data can speed up the first exploratory data analysis 
steps considerably.

• Following this, comparing different types of data can 
easily be enabled.

• Similarly, different regions can be compared.
• It can serve to classify data, i.e., by identifying time 

series belonging to one group that can be distinguished 
from another group, e.g., wells situated in a shallow 
aquifer as opposed to those of a deep aquifer.

• Related, the identification of outliers resulting from 
measurement errors or unexpected/unknown human 
impacts such as temporal changes in pumping rates or 
the construction of hydraulic structures affecting the 
groundwater levels of some wells can serve as a tool 
for data quality control.

• Following this classification and quality control, rep-
resentative averages can easily be calculated, to allow 
for further analysis.

• Adding a temporal element, changes in correlations 
or correlation patterns over time can help to gain new 
insights into data or regions. Automated plotting of 
regional maps can be a first step to go beyond correla-
tions.

While the proposed methodological approach does not 
resolve some fundamental issues related to data stand-
ardization and analysis, such as the suitability of a chosen 
index or the question whether or not an observed correla-
tion indicates a causal relationship, it offers a valuable 
addition to the data analysis toolbox. The standardization 
procedures currently implemented in the python script can 
readily be changed to use other distributions or expanded 
by other indices. This may include existing indices such as 
the Palmer Drought Index or the Standardized Streamflow 
Index, but also newly developed standardization proce-
dures. The possibility to integrate various indices into one 
data analysis and visualization tool thus may foster the 

future development of new, useful indices, e.g., addressing 
human impacts on water resources, such as water abstrac-
tion or contamination. In particular, the quality control 
and data classification aspect (see “Quality control and 
data classification” section) combined with the time aspect 
(see “Time and event comparison” section) offer the user 
a novel way to gain a greater understanding of the data at 
hand.
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