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Abstract

Large weighing lysimeters are currently the most precise method to directly measure all
components of the terrestrial water balance in parallel via the built-in weighing system.
As lysimeters are exposed to several external forces such as management practices or
wind influencing the weighing data, the calculated fluxes of precipitation and evapotran-5

spiration can be altered considerably without having applied appropriate corrections to the
raw data. Hence, adequate filtering schemes for obtaining most accurate estimates of the
water balance components are required. In this study, we use data from the TERENO Soil-
Can research site Bad Lauchstädt to develop a comprehensive filtering procedure for high-
precision lysimeter data, which is designed to deal with various kinds of possible errors10

starting from the elimination of large disturbances in the raw data resulting e.g. from man-
agement practices all the way to the reduction of noise caused e.g. by moderate wind. Fur-
thermore, we analyze the influence of averaging times and thresholds required by some of
the filtering steps on the calculated water balance and investigate the ability of two adaptive
filtering methods (the Adaptive Window and Adaptive Threshold filter (AWAT-filter) (Peters15

et al., 2014) and a new synchro-filter applicable to the data from a set of several lysime-
ters) to further reduce the filtering error. Finally, we take advantage of the data sets of all
18 lysimeters running in parallel at the Bad Lauchstädt site to evaluate the performance
and accuracy of the proposed filtering scheme. For the tested time interval of two months,
we show that the estimation of the water balance with high temporal resolution and good20

accuracy is possible.

1 Introduction

Large weighing lysimeters are currently the only method for directly measuring all compo-
nents of the terrestrial water balance (Goss and Ehlers, 2009; Seneviratne et al., 2012)
including precipitation, actual evapotranspiration (in the following referred to as evapotran-25

spiration), soil water storage and deep drainage (e.g., van Bavel, 1961; Howell et al., 1991;
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Yang et al., 2000; Peters et al., 2014). Particularly for determining actual evapo(transpi)ration,
weighing lysimeters are the most accurate and reliable field method and the data are re-
garded as standard for evaporation measurements which are used to validate data from
other measurement techniques (Shuttleworth, 2012, p. 91). Despite the rather high costs
for installation and maintenance, and the considerable effort for data processing, this is5

also a reason why numerous lysimeter facilities exist worlwide. For example, Lanthaler and
Fank (2005) carried out a survey about lysimeter stations in Europe and found more than
2400 lysimeter vessels, of which about 400 were weighable. Estimates of water balance
components from this type of lysimeters have been used in numerous studies in agricul-
ture, hydrology and climate sciences, e.g. for estimating crop water use efficiency (e.g.,10

Young et al., 1996), ground water recharge (e.g., Yang et al., 2000), or for modelling water
and/or solute dynamics in soils (e.g., Loos et al., 2007). In recent years, even catchment- or
regional- to continental-scale hydroclimatic processes have been analysed with the help of
lysimeter data such as the 2003 drought event in Europe (Seneviratne et al., 2012) or the
evaluation of main drivers of evapotranspiration at continental scale (Teuling et al., 2009). In15

these studies, the lysimeter measurements are used as valuable reference data for evapo-
transpiration. Furthermore, data from weighable lysimeters have been used for comparing
evapotranspiration and precipitation estimates with other measurement techniques such as
Eddy covariance data and rain gauges (e.g., Evett et al., 2012; Gebler et al., 2015).

Technically, high-precision weighing systems make modern lysimeters an ideal and very20

precise measurement tool for determining the different water balance components (Fank
and von Unold, 2007) and the high temporal resolution of the data allows a detailed separa-
tion of precipitation and evapotranspiration fluxes across the soil-plant-atmosphere interface
(e.g., Fank, 2013; Schrader et al., 2013; Peters et al., 2014). Nevertheless, the derivation of
accurate fluxes requires an adequate processing of the raw data prior to the water balance25

calculations. This is because, although the determination of fluxes from the weighing data
is straightforward, precipitation (P ) and evapotranspiration (ET ) have to be separated in
an indirect way. Positive fluxes at the soil-atmosphere-interface are interpreted as P and
negative fluxes as ET , assuming that these processes do not occur simultaneously. This
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algorithmic separation can lead to large errors in the calculated individual fluxes, if external
alterations of the mass data and noise-induced oscillations are not filtered from the data
and therefore are interpreted as P or ET fluxes. Besides internal weighing system errors,
external errors are, for example, vibrations induced by wind (e.g., Howell et al., 1995), mass
changes due to soil management , animals like mice or birds stepping on the lysimeter, or5

influences due to sampling from the seepage water reservoir.
There already exist a number of studies dealing with filtering procedures for lysimeter

mass data. A common method to remove the noise is a smoothing of the data with a static
or a moving mean. Although widely applied in the literature, the effects of smoothing and av-
eraging on the accuracy of the estimated fluxes are rarely discussed. For example, Meissner10

et al. (2007) investigated the ability of lysimeters to measure small changes in water stor-
age considered as dew and rime with a temporal resolution of one hour. In contrast, Nolz
et al. (2013a) report wind influences on the weighing signal and suggest an averaging time
of 30 minutes. In their recent studies (Nolz et al., 2013b, 2014), smoothing is done with
a natural cubic spline and manually adjusted smoothing factors. While an enlargement of15

the smoothing time window leads to a reduction of noise effects (noise error), the temporal
resolution is reduced and an increasing part of the precipitation is lost due to a mixing with
evapotranspiration (mixing error). Considering this issue, Vaughan et al. (2007) present a
filtering method that is based on the fitting of the mass curve. However, their investigation
is based on a data set with a temporal resolution of 1 h and the process details are further20

reduced by the fitting algorithm. In Vaughan and Ayars (2009), data smoothing is done with
a Savitzky-Golay-filter operating over a time period of a minimum of one hour.

First steps in investigating filtering schemes for evaluating temporally highly resolved
components of the water balance on the basis of synthetic and field data were presented by
Schrader et al. (2013) discussing the issue of falsifying fluxes by large averaging times. Fank25

(2013) used a one-year high-resolution time series of field data from the hydro-lysimeter at
the Wagna research station to estimate precipitation and evapotranspiration. He showed the
influence of different averaging times on the resulting water balance estimates and was the
first to recommend temporally adaptive thresholds for the filtering of measurement noise
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from the data. Recently, Peters et al. (2014) proposed a filtering algorithm, the so-called
Adaptive Window and Adaptive Threshold filter "AWAT") for lysimeter weighing data to ob-
tain temporally higher resolved data by adapting the used filtering parameters according to
the signal strength and successfully applied this filter to a 4.5 months time series of field
data from the lysimeter station Marienfelde.5

The objective of this study is to first develop a comprehensive filtering procedure for
high-precision lysimeter data, which is designed to deal with various kinds of possible er-
rors starting from the elimination of large disturbances in the raw data resulting e.g. from
management practices all the way to the reduction of noise caused e.g. by moderate wind.
Second, we analyze the influence of averaging times and thresholds required by some of10

the filtering steps on the calculated water balance and investigate the ability of two adaptive
filtering methods (the AWAT-filter (Peters et al., 2014) and a new synchro-filter applicable to
the data from a set of several lysimeters) to further reduce the filtering error. Finally, we take
advantage of the data sets of all 18 lysimeters running in parallel at the TERENO SoilCan
Site in Bad Lauchstädt (Pütz et al., 2011) to evaluate the accuracy and robustness of the15

proposed filtering scheme.

2 Material and Methods

2.1 Lysimeter measurements

The lysimeters used for this study are part of the TERENO SoilCan project (Pütz et al.,
2011) . In the framework of the TERestrial ENvironmental Obervatories (TERENO), a net-20

work of observatories has been set up to explore long-term impacts of climate and land use
change on a regional level (Bogena et al., 2006; Zacharias et al., 2011). Following this idea,
the TERENO SoilCan project comprises a total of 126 lysimeters that are distributed over
13 sites throughout Germany (Pütz et al., 2011).

The lysimeters of the SoilCan network are arranged in hexagons of six lysimeters (con-25

secutively indicated by L1, L2, ...) at one plot. Figure 1 shows a schematic drawing of the
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lysimeter configuration. Each of the lysimeters has a circular surface of 1 m2 area and a
depth of 1.5 m. The lysimeters are equipped with different sensors for measuring matric
potential at 10 cm, 30 cm, 50 cm and 140 cm below the ground surface. The volumetric
soil water content is measured with TDR sensors at three different depths (10 cm, 30 cm,
50 cm). Further measurements of CO2 concentration, soil heat flux and net radiation are5

conducted continuously. The matric potential at the lower boundary is controlled by a set of
suction cups, such that water can be pumped into and out of the lysimeter. An automatic
pumping system is used to adjust the pressure head at the lower boundary to the value
of three reference tensiometers installed in the field. The lysimeters are equipped with a
weighing system that allows a resolution of 10 g (respectively 0.01 mm) for measuring the10

mass of the lysimeter, and 1 g for recording the mass of the seepage water reservoir. The
mass data we refer to as raw data or signal was internally aquired at a frequency of 0.2 Hz
(5 sec), averaged with a moving mean over 6 of these 5 sec values and logged with a fre-
quency of 1 per minute.

At the research site in Bad Lauchstädt, three hexagons (here indicated by BL1, BL2,15

BL3) with a total of 18 lysimeters were set up. Two hexagons (12 lysimeters) are cultivated
with crops (BL1 and BL2). In the period of the presented data set (01. March to 31. May
2013) , the grown crop was winter rape. The other 6 lysimeters are covered with grass.
For each hexagon, the soils originate from two different locations in Germany. Therefore,
in Bad Lauchstädt, we can investigate data from six different soil textures from six different20

locations, each location represented with a total of three lysimeters.

2.2 Comprehensive processing scheme for high-precision lysimeter data - basic
procedure

Lysimeters are always directly exposed to environmental conditions and therefore prone
to multiple error sources. The determination of an accurate time-resolved water balance25

requires an adequate data processing to eliminate these influences. We propose a pro-
cessing scheme that should include five major steps (figure 2): The threshold filter and the
smoothing filter are described in detail by Schrader et al. (2013) and will therefore only be

6



D
iscussion

P
aper

|
D

iscussion
P
aper

|
D

iscussion
P
aper

|
D

iscussion
P
aper

|

shortly addressed. To this basic scheme we added a manual filter, a median filter and an
oscillation threshold filter as further components, which we consider to be essential for the
determination of temporally highly resolved fluxes using lysimeter data. It is important to
conduct the filtering in the suggested sequence. In particular the filtering of discrete events
(filter steps 1-3) has to be done prior to the filtering of noise (4-5). Otherwise, distinct events5

will be blurred by smoothing and cannot be filtered effectively afterwards.
Apart from the first filter step (manual filter), all the filter steps are applied to the mass

data of the seepage water tank, corresponding to the seepage water flux, as well as to
the summarized mass data of lysimeter and seepage water tank, corresponding to the
flux at the soil-atmosphere interface (P and ET ). Only the manual filter is applied to the10

mass data sets of the seepage water tank and the lysimeter (before summarizing it). The
threshold filter is first applied to the seepage mass data to eliminate possible spikes in the
data (especially due to automatic emptying of the seepage water tank ) before calculating
the sum of lysimeter and seepage mass. In the following subsections, we will describe and
discuss each of the individual filtering steps in detail.15

2.2.1 Manual filter

After a step of pre-processing, which may include interpolation or filling of missing data
points if necessary, a manual filter should be the first step in data processing. It is used to
remove defective data periods. The most common error sources in this respect are heavy
external influences affecting the weighing data, which are e.g. caused by harvesting, main-20

tenance or measurements on the lysimeters. The influence of such forces on the weighing
data can be very strong (or hard to recognize in other manners), so that the subsequent
filtering algorithm will not succeed in removing these errors. It may also be feasible, to au-
tomize this filtering step by connecting the processing code to standardized field protocols
of the technicians and the data transfer logs of the lysimeters but this refers to other than25

mass data and is not within the scope of this study. Another option could be to determine
heavily affected time periods by checking the automatically processed results. In the pre-
sented data set, we exposed a manual filtering for some hours at three different days with
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known maintenance and at two further periods, where one single lysimeter showed distinct
outliers in the data. During these periods, there was no precipitation detected by the nearby
raingauge and the weighing data was interpolated to fill the measurement gaps. The effect
of the manual filter is illustrated in figure 3b compared to raw data (figure 3a).

2.2.2 Threshold filter5

The threshold filter has the capability of removing strong and short external influences from
the data set. Typical error sources are mass changes during automatic emptying of the
seepage water storage tanks, humans or (heavy) animals stepping on the lysimeter or mal-
functions in data transfer. By defining thresholds for the maximum possible precipitation,
evapotranspiration and the maximum mass change in the seepage water reservoir, the fil-10

ter can detect physically unrealistic fluxes. These data points are removed and substituted
by linear interpolations. Small errors, caused by wind effects or, for instance, by small an-
imals, cannot properly be removed from the data at this stage because the filter threshold
should not undershoot high, but still reasonable water fluxes. The description of the param-
eter selection is given in section 2.3.1. An example for the benefit of the threshold filter is15

illustrated in figure 3c.

2.2.3 Median filter

While the threshold filter is a suitable tool to eliminate large errors, influences, that lead to
only small mass changes (like small animals, wind, temperature-effects, signal noise ...) are
not removed. The first step for a reduction of these errors is the application of a median filter20

that eliminates short-term spikes from the data set that are below the limits of the threshold
filter. The effect of the median filter is illustrated in figure 3d. This filter is a very effective
amendment to the threshold filter for eliminating discrete errors. As described in section
2.3.1 we use a time window of 15 minutes for the calculation of the median.
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2.2.4 Smoothing filter

While the previous filter steps are designed to eliminate discrete errors, the last two filter
steps are designed to deal with remaining diffuse noise. The primary step in removing noise
is a smoothing filter, where different smoothing algorithms can be used. Schrader et al.
(2013) discussed the application of a second degree Savitzky-Golay filter (which is based5

on a polynomial approximation) as well as the simple moving average which both show
different advantages and disadvantages for the application of lysimeter data. The overall
issue of such smoothing filters is the blurring of short-time effects and the mixing of ET
and P . To avoid temporal distortion or even elimination of short-term events, it is advisable
to restrict smoothing to a short time period. In our calculations, we used the simple moving10

average with a time window of n= 15 minutes, to restore a high temporal resolution and
to avoid distinct blurring effects (see section 2.3.1). The moving average calculates the
arithmetic mean of the data points in the time window ti−(n−1)/2 to ti+(n−1)/2 for each data
point at time ti. Figure 3e gives an illustration of the effect of the smoothing filter.

2.2.5 Oscillation threshold filter15

Smoothing filters are not able to eliminate all fluctations, especially when they are limited
to short time windows to retain a high temporal resolution and to preserve short term ef-
fects. In situations where the external forcing (precipitation or evapotranspiration) is low or
vanishing, remaining noise will alter the calculated fluxes. Figure 3f illustrates the issue of
remaining noise components in the calculated fluxes before and after the use of the oscil-20

lation threshold filter. Although the oscillatory fluxes are small, they may lead to noticeable
deviations in the cumulative values of precipitation and evapotranspiration.

One way of filtering these oscillations would be a simple threshold algorithm, where only
fluxes, that exceed a certain threshold are considered as real fluxes. This technique has the
disadvantage, that slow changes (during evapotranspiration, light rain, dew or snowfall) will25

not be registered. To avoid this problem, our algorithm ensures that also slow processes
will be recognized as long as their contribution in a sum exceeds the defined threshold.
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Starting from an initial data point, this algorithm determines the next point in time where the
cumulative mass change exceeds a predefined threshold. When this threshold is reached,
the intermediate data points are lineraly interpolated:

Mk =Mi+
Ml −Mi

tl − ti
· (tk − ti) , for i < k < l− 1 (1)

In this formula, M is the sum of the masses of the lysimeter and the seepage water tank5

at time t, k indicates the starting point, and l the first point, where the threshold has been
exceeded. Small fluctuations that are not due to real fluxes are eliminated. The oscillation
threshold filter enables the registration of slow processes such as light rain events, snowfall
or evapotranspiration, if they are lasting long enough to exceed the threshold as a sum.
The functioning of this algorithm is illustrated in figure 3f. Nevertheless, processes with a10

low flux rate and a short duration – such that the threshold is not reached – are still not reg-
istered and they fall out of the precision range defined by the oscillation threshold. Thus, the
threshold value defines the limit of processes that cannot further be resolved because they
cannot be distinguished from the remaining noise. The choice of the oscillation threshold
value is discussed in section 2.3.1.15

2.2.6 Calculation of fluxes

After the execution of the presented filtering steps, the fluxes can be calculated from the
processed data set. The seepage flux S is simply calculated from the increase in the mass
mS of the seepage water reservoir.

S(ti) =
mS(ti+1)−mS(ti)

ti+1− ti
(2)20

The calculation of precipitation and evapotranspiration requires a distinction of these
cases. This separation implies the assumption that no evapotranspiration is occuring during
rainfall events or that evapotranspiration is at least negligible.
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J(ti) =
Mi+1−Mi

ti+1− ti
(3)

P (ti) =

{
J(ti) , if J(ti)>= 0

0 , if J(ti)< 0
(4)

ET (t) =

{
0 , if J(ti)>= 0

−J(ti) , if J(ti)< 0
(5)

Here, J indicates the mass flux at the soil-atmosphere interface, P is precipitation and
ET is evapotranspiration. Additionally to the mass changes due to these water fluxes, the5

biomass accumulation due to plant growth also leads to a continuous mass change. Using
the described separation procedure, this mass change is registered as precipitation. The
mass reduction due to harvesting is counted as ET . For a correct determination of the
cumulative fluxes in the water balance, these fluxes have to be corrected with regard to this
effect. In this study, we refrain from a detailed discussion of this long-term aspect and focus10

on the filtering of short-term fluctuations in the lysimeter data.

2.3 Filter parameter selection and adaptive methods

2.3.1 Filter parameter selection

The basic processing scheme provides all the necessary components to tackle the different
error sources on the lysimeter weighing data and to obtain a time-resolved water balance.15

However, the operator has to define some parameters, which influence the quality of the
filtering and the precision of the resulting fluxes. The choice of the threshold values in
filtering step 2 (threshold filter) is rather simple and can be determined by the maximal
pumping rate at the lower boundary of the lysimeter, the maximal precipitation rate and the
maximal ET rate including a safety factor (see also Schrader et al. (2013)). The parameters20

that were used as standard in our calculations are listed in table 1.
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The selection of the time window for the median and the smoothing filter (filter steps 3 and
4) is much more critical. While large time windows ensure an effective reduction of noise
(noise error), such large averaging times also reduce the temporal resolution of processes
and lead to a progressive mixing of P and ET (mixing error), which also is an error source
in the calculation of an accurate water balance. The influence of the smoothing filter and5

the oscillation threshold filter on the noise error and the mixing error is displayed in figure 4.
By using the subsequent oscillation threshold filter, it is possible to shorten time periods for
averaging and to retain a higher resolution of processes. Considering the high dynamics of
observed precipitation events of less than 20 minutes in periods of high evapotranspiration
(i.e. short summer rain, see also examples in figure 7) we recommend a time window of10

15 minutes at maximum, which is used in our calculations. This ensures keeping a high
temporal resolution of our processed data set. This window length of 15 minutes is also
sufficient for the purposes of the median filter, which is designed to eliminate local errors of
only some data points in the data and is also used for our calculations.

Finally, the only remaining parameter to choose is the oscillation threshold value (filter15

step 5), which is used to remove remaining noise components from the data, while main-
taining a high temporal resolution in the calculated fluxes. Figures 4a and b illustrate that a
very effective elimination of noise is possible, using the oscillation threshold filter. Figure 4c
shows further, that the combination of the short-time smoothing together with the oscillation
threshold filter leads to a better temporal reflection of the precipitation process compared to20

the removal of oscillations by the use of a longer averaging time. However, it can be seen,
that the oscillation threshold filter also leads to an underestimation of precipitation events,
comparable to the described mixing error.

Higher oscillation thresholds increase the risk of filtering oscillations that represent real
processes (e.g. dew formation). The threshold has to be chosen as large as necessary (to25

filter noise) and as small as possible (to retain slow processes and to prevent the underes-
timation during rain events). This idea is reflected by the subsequently described adaptive
methods, attempting to optimize this parameter with respect to signal. Beside the use of
these techniques, we applied the oscillation threshold filter to derive a possible range for
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the cumulative water balance by selecting a maximum and a minimum value for the possi-
ble threshold. As minimum value, we used a threshold of 0 g, implying that every remaining
oscillation is interpreted as real effects. To determine a maximum threshold, we investigated
the fluxes of the different lysimeters during nighttime conditions and selected the threshold
at a height, where nearly all of these nighttime oscillations vanished. For our data set, we5

ended with a maximum value of 50 g. This implies, that for the maximum threshold, only pro-
cesses, which contribute with a minimum of 0.05 mm to the cumulative flux are considered
in the water balance. While the use of the minimum threshold will lead to an overestimation
of the cumulative fluxes of P and ET , the use of the maximum threshold will cause an
underestimation of these values. We therefore assume to find the true values in between10

these limits.

2.3.2 Parameter adaptation using an estimate of the signal strength

Peters et al. (2014) suggest to adapt the parameters for the smoothing window length and
the oscillation threshold to the signal strength in the data. The idea behind this method
is to increase the smoothing time window and the oscillation threshold in periods where15

the signal strength is low and the noise is becoming more dominant and to reduce them
in situations where noise is less relevant. In their Adaptive Window and Adaptive Thresh-
old (AWAT) filter algorithm, Peters et al. (2014) estimate the signal strength by applying a
polynomial fit to the data within a predefined time window. The deviation of the data to the
polynomial fit leads to a measure of the signal strength. This estimate is used to adapt the20

time window for smoothing as well as the oscillation threshold to the signal strength. The
parameters are varied in a range between a minimum and a maximum value, predefined
by the operator. For the oscillation threshold, Peters et al. (2014) suggested to choose the
maximal resolution of the weighing system as minimum value. For our data set, we chose
a minimum value of 10 g (respectively 0.01 mm). The further values applied for the AWAT-25

filter are listed in table 2 together with the parameters applied in the filtering approach using
parallel lysimeters as described in section 2.3.3.
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2.3.3 Parameter adaptation using parallel lysimeters

While all filtering steps described in the previous sections are applicable to data from sin-
gle lysimeters, this method uses the combined information derived from a set of parallel
lysimeters located at the same site for the adaptation of the oscillation threshold to the
measuring situation. Such data are e.g. available at the TERENO SoilCan sites or at other5

larger lysimeter research stations with more than just one lysimeter. While external forcing
by precipitation or evapotranspiration should lead to synchronous reactions of the different
lysimeters, the erroneous oscillations are randomly distributed. To eliminate these fluctua-
tions, the fluxes of the different lysimeters are compared at each data point. The adaptation
of the threshold is done in a recursive procedure, starting with a minimum threshold value10

for the whole data period. After the calculation of the fluxes with the actual threshold val-
ues, the fluxes between the parallel lysimeters are compared. At each data point, where the
individual lysimeters of the set show different signs in the calculated fluxes, the threshold
is raised by one step. After the comparison at each data point, the recursion starts again
with calculating the fluxes with the updated (now time dependend) threshold values. The15

recursion ends when the signs of the calculated fluxes are equal or a maximum threshold
value is gained. This leads to a good reduction of noise in periods of fluctuations while
maintaining the detailed dynamics of processes where the lysimeter masses show a dis-
tinct trend without random oscillations. In our study, we use an algorithmic comparison of
six lysimeters according to one SoilCan hexagon of our test site. To prohibit that one single20

lysimeter may not react optimally, which would prevent the registration of small fluxes, we
implemented the algorithm such that only an agreement of five lysimeters in the sign of the
calculated fluxes is necessary, to prevent a lifting of the threshold in the recursion process.
For our calculations we used a step width of 0.01 mm for the recursion, starting with a min-
imum threshold value of 0.01 mm to a maximum of 0.20 mm (see also table 2). We refer to25

this method as synchro-filter.
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3 Results and Discussion

3.1 Flux dynamics

The influence of the different processing steps on the calculated fluxes for one example
lysimeter is illustrated in figure 5. While the manual filter and the threshold filter succeed
in eliminating large erroneous fluxes (figure 5b and c), the subsequent processing steps5

(figures 5d-f) lead to a pronounced reduction of small errors and noise. Because the filtering
steps work on different scales, we zoom into the data for a good illustration of the effects.

To examine the remaining variability between the lysimeters after the data processing,
we compared the calculated precipitation fluxes for the different lysimeters at our research
site . As a first part of that comparison, the mean and the range of the calculated fluxes10

across the soil-atmosphere interface of all 12 crop lysimeters have been calculated (we
omitted the grass lysimeters in this consideration because of the different transpiration).
The good accordance is illustrated in figure 6. The highest variation with a range of 4 mm/h
corresponds to the event with the maximum precipitation rate of 20.2 mm/h.

3.2 Temporal resolution15

The ability of preserving detailed dynamics and a good temporal resolution by using the
basic filtering scheme becomes obvious when looking at the calculated fluxes. Figure 7a
shows a heavy rainfall event on 9 Mai 2013 with a duration of only about 20 minutes, which
would be smeared out to a moderate rainfall by applying larger averaging times. A light
and short rainfall on 4 Mai 2013 between situations of evapotranspiration is displayed in20

figure 7b. Larger averaging times would lead to a merging of ET fluxes and precipitation
fluxes. Finally, figures 7c and d illustrate the intense dynamics of precipitation events in the
examples of a medium rainfall event in the period from 26 April 2013 to 28 April 2013 and
a light rainfall from 12 April 2013. A large part of this dynamics would be blurred with an
averaging time of more than one hour.25
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3.3 Cumulative precipitation

For investigating the accuracy of the determined fluxes, the cumulative precipitation for
all 18 lysimeters at the Bad Lauchstädt site was calculated for the minimal and the max-
imal oscillation threshold. The range between the mean values for these two cases was
plotted together with the measurement of the nearby raingauge (figure 8). The indicated5

filter uncertainty is representing the range of uncertainty, which results from the contrary
influences of noise error and mixing error, and was calculated by using the minimal and
maximal threshold as described in section 2.3.1. This consideration leaves us at the end of
the data time series with a cumulative precipitation of (158.2±3.2)mm, indicating a remain-
ing uncertainty of only 2 %. Besides the filtering uncertainty, the variety in the calculated10

precipitation between the different lysimeters gives us a more integrated picture of the in-
formative value of the estimated precipitation for field purposes. This variety can be caused
by systematic deviations between the systems, unfiltered influences on the different lysime-
ters or the natural heterogeneity in the precipitation. The standard deviation between the
different lysimeters for the cumulative precipitation was about 2.7 % of the total value (in-15

dependent of the choice of the threshold value). If lysimeter measurements will be used as
basis to estimate precipitation for a larger area, these two uncertainties have to be added,
which results in an uncertainty of approx. 5 %. The comparison of the lysimeter results with
the raingauge measurements shows a good accordance, with slightly lower values for the
raingauge during the largest part of the time series. These lower values can be caused by20

the known errors of the Hellmann-raingauge system (e.g., Richter, 1995) or by the het-
erogeneity of the rainfalls and the distance between the measurement devices. Figure 8b
shows a comparison of the precipitation on a daily basis.

Figure 9 shows the filter uncertainty together with the results for the adaptive and the
basic approach using different parameter selections. In all the approaches, the data was25

processed with the first three filtering steps (manual filter, threshold filter, median filter) be-
fore doing further filtering steps. In the case of an averaging time of 5 min, we also reduced
the time window for the median filter to 5 min. Only the approaches with a more extreme
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choice of the filtering parameters (5 min and 120 min smoothing window, 100 g threshold)
lead to results that are outside the determined uncertainty range. For all the other param-
eter selections as well as the adaptive methods, the cumulative precipitation is inside the
uncertainty range. The difference of the basic approach to the adaptive methods is there-
fore quite low and does not exceed the 2 % uncertainty. However, this may be due to the fact5

that the positive effect of remaining noise is compensated partly by a negative effect of the
mixing error. If this would be the reason, an underestimation of precipitation during events
would go in hand with an overestimation of precipitation during situations of low external
forcing. Such a behaviour would lead to deviations in the time-resolved fluxes, even if these
errors would cancel out in the cumulative balance.10

To further examine if the more sophisticated filtering approaches (the AWAT-filter, and
the synchro-filter) lead to a reduction of both these error components and therefore to a
better accuracy of the calculated water balance over the whole time series, a partitioning
of the data set into periods with and without precipitation was done. Figure 10 shows the
different periods. Rainfalls with a minimum flux rate of 1 mm/h (blue boxes) were chosen15

such that the selected period starts and ends between 200 and 250 min before and after
the registration of positive fluxes. This is to ensure that even the temporal blurring of high
averaging times of 180 min will not lead to a smearing of the fluxes out of the selected time
window. In these periods of distinct rain, the noise error plays a minor role (because the
fluxes are mainly positive and do not oscillate from positive to negative values) and so they20

can be used to estimate the size of the mixing error. The green boxes indicate very small
rainfalls. These periods were excluded from the examination, because in such cases, the
mixing error as well as the noise error are relevant. The rest of the data set represents
periods of dominant noise and minor error. The only contributions to precipitation are very
small processes like dew formation.25

For estimating the contribution of the investigated errors we compared the calculated
precipitation to a reference value. For the rain periods, where noise is playing a minor role,
we used the basic approach with an oscillation threshold of 10 g (corresponding to the
weighing accuracy) as reference. This low value prevents distinct influences of the mixing
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errors, while the noise effect is assumed to be minor. For the no-rain periods, where the
mixing of ET and P is less important, we used the basic approach with the maximum
oscillation threshold value of 50 g as reference, where nearly all oscillation during night time
vanished. Figure 11a shows the deviations to these reference values for different averaging
times, without applying an oscillation threshold filter. The deviation during the rain-periods,5

indicated by the blue line, is an estimate for the mixing error, the deviation during the no-rain
periods (red line) is an estimate for the noise error. The noise error is clearly decreasing
with increasing averaging time, while the contribution of the mixing error is increasing. For
an averaging time of about 50 min, the two errors are compensating each other. For higher
averaging times, the mixing error is increasing and leads to a deviation of about 5 mm for10

an averaging time of 120 min. Averaging time below 20 min (without the use of an oscillation
threshold) leads to a strong increase of the noise error.

In figure 11b the influence of the chosen threshold on the error estimates is illustrated. For
this examination, we used the basic processing scheme with a fixed time window of 15 min
for smoothing together with a variable value for the oscillation threshold. The principle effect15

of an increasing mixing error with higher threshold values and an increasing noise error
for lower threshold values is comparable to the effect indicated in figure 11a – but with a
much better reduction of noise especially for low thresholds, which is due to the preceding
filtering with a fixed averaging time of 15 min. Although a good choice of the smoothing
time may lead to a good error reduction, the combination of a short smoothing time and20

the following oscillation threshold filter further reduces the risk of large error influences.
However, the main advantages of using the oscillation threshold filter are the maintenance
of a higher temporal resolution (for a better reflection of the process dynamics) and the
possibility to get an estimation of the filtering uncertainty in the previously described way.
Recapitulating these results, the overall error occuring from the described filtering errors,25

excluding averaging times below half an hour without using an oscillation threshold filter,
contribute to the total water balance with a maximum of about 3 % (for AWAT-filter and the
synchro-filter). The resulting error estimates are both indicated in figure 11a. Both methods
further reduce the errors compared to the range of errors given by the accuracy range
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and, hence, provide a better estimate. While the estimate for the noise error is less for the
synchro-filter (1.1 mm) than for the AWAT-filter (2.2 mm), the AWAT-filter is more effective in
avoiding the mixing error during rain periods (0.2 mm AWAT, -1.0 mm synchro). Here it has
to be stated, that our reference value is only an estimator for the real value, and the real
value for the cumulative precipitation is not known exactly. This is especially important when5

interpreting the results for the noise error, where some real effects might be misinterpreted
as errors. In summary, the adaptive methods seem to achieve a good reduction of the
filtering errors for our test data set, but the advantage in comparison to the basic methods
seems to be minor. This is especially the case, if we compare the errors to the higher
variability between the different lysimeter measurements, which is not dependent on the10

filter method. Nevertheless, the filtering errors in other data sets may be higher because
of a greater influence of noise on the data. We therefore recommend to always estimate
the uncertainty in the described way by choosing a minimum and a maximum threshold for
getting an idea of the possible filtering uncertainty. If this uncertainty range is relatively high,
it may be worth to use more sophisticated methods like the AWAT-filter or - provided several15

parallel lysimeters are available - the synchro-filter to further reduce the uncertainty.

3.4 Cumulative evapotranspiration

The influence of the filtering error discussed in the previous chapter for the cumulative pre-
cipitation is similar for the cumulative evapotranspiration. An overestimation of P (positive
flux) comes along with an overestimation of ET (negative flux), because the total flux at20

the upper boundary is determined by the absolute mass change of the lysimeter and the
seepage water reservoir. Thus, an absolute uncertainty of 3 mm for the cumulative value of
P due to filtering uncertainty implies the same uncertainty for ET . The relative uncertainty
depends on the absolute value of ET . For the used data sets, the absolute value of ET
exceeded the value of P , so that the described filtering uncertainty is even below the value25

of 2 %.
However, the variance between the different lysimeter measurements is much higher for

ET than for precipitation. In figure 12 it is illustrated as mean and standard deviation for
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the basic processing approach with an oscillation threshold of 50 g. For this calculation,
only the 12 crop lysimeters of the Bad Lauchstädt test site were taken into account, the
6 grassland lysimeters were excluded because of the different transpiration. The resulting
standard deviation at the end of the time series is only about 6.5 % of the total. The higher
variance may be caused by differences in plant growth as well as by differences in soil5

properties. This uncertainty (together with the filter uncertainty about 8.5 %) can serve as
a first estimate for the uncertainty when using lysimeter measurements for estimating ET
for a surrounding field of the same soil and vegetation. This implies the assumption, that
the plant development on the lysimeters reflects the plant development in the field at least
in the mean, without systematic deviations. To investigate the influence of the soil type, the10

small figures show the cumulative ET separated by the soil origin. Two soils (Sauerbach
and Bad Lauchstädt) exhibit considerable differences in the mean evapotranspiration and
a reduced variability. Because of the small data basis with only three replicates per soil we
refrain from a statistical examination of the influence of the soil type.

3.5 Seepage flux15

Strong fluctuations on the seepage mass data are rare. The signal is typically much smoother
and mass changes occur slowly. Furthermore, no algorithmic separation in positive and
negative fluxes has to be processed, so that the choice of the smoothing and threshold
parameters on the seepage flux is negligible and small unfiltered peaks remain uncritical.
The filtering of the seepage mass data has mainly to cope with the steps caused by emp-20

tying and filling of the seepage water tank, which is processed by the threshold filter (filter
step 2). The result of the data processing is shown for one examplary lysimeter seepage
tank in figure 13. A comparison between the different lysimeters is relinquished because
the seepage flux is strongly dependend on the soil type as well as on the detailed control
of the pumps at the lower boundary which add or remove water to or from the lysimeter25

to adjust the matric potential at the lower boundary of the lysimeter in accordance with the
field measurements.

20



D
iscussion

P
aper

|
D

iscussion
P
aper

|
D

iscussion
P
aper

|
D

iscussion
P
aper

|

3.6 Representativeness of evaluated time interval

For the evaluation of the proposed filtering scheme we used data from a rather short time
interval of only two months in length and one may question about its representativeness. For
discussing the effects of the various filtering steps on the data we need to look at them at
very high temporal resolution. A longer data set would have hidden the details of the filtering5

effects. Occasions where our filtering scheme could run into problems are dates where
extensive soil management (e.g. sowing, harvesting of crops, tillage, ...), which disturbes
the weighing data, is conducted on the lysimeters. On these dates, the manual filtering
would have to be done very properly before the automatic filtering routines could be applied.
Other periods that might be challenging to handle are periods where the lysimeters are10

snow covered, since the snow cover on the lysimeter is often connected to the snow cover
outside the lysimeters which, in turn, heavily disturbs the weighing data. This, however, is
a well known problem in lysimetry which by nature produces unreliable weighing data that
also need to be corrected manually in the data set. Here, of course additional information
about the site conditions (snow cover) during winter is required. All other situations should15

be well evaluable with the current filtering scheme.

4 Summary and conclusions

In this study, we presented a basic filtering scheme to remove the various kinds of errors
on the lysimeter weighing data, leading to a falsification of the calculated water balance
components. We showed the effectivity of these filter components and investigated the20

influence of the parameter selection on the accuracy of the calculated water balance com-
ponents. Furthermore, we used the data set of 18 parallelly running lysimeters to determine
the variability between these measurements and compared it with the filtering uncertainty.
For our test data set, we found, that the uncertainty in the cumulative precipitation and
evapotranspiration due to the choice of the filtering parameters for noise reduction is only25

about 2 %. This uncertainty is less than the uncertainty that is given by the heterogeneity
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of the precipitation measurements between the different lysimeters, that is 2.7 %. For the
use of lysimeter measurements to estimate precipitation in the surrounding field, both un-
certainties have to be summed up, which makes a total uncertainty of approx. 5 %. This
accuracy can be achieved while maintaining a high temporal resolution of 15 min. Exam-
ples were shown, where good temporal resolution is necessary to retain the correct process5

dynamics. Despite the higher variability in the resulting ET (6.5 %), which may be due to
differences in plant growth, this moderate uncertainty below 10 % (after adding both errors)
show the potential of using lysimeter measurements as a suitable estimate of field ET with
a tolerable uncertainty (what should be investigated in further studies). We further tested
two filtering approaches, where the filtering parameters are adapted to additional data infor-10

mation. Both adaptive methods, the AWAT-filter ((Peters et al., 2014)) and the synchro-filter,
showed a good reduction of noise within the uncertainty limits. By using subsets of the data,
we further investigated the dependency of the filtering errors on averaging time and oscil-
lation threshold. We showed that the use of averaging times between approx. 30 min and
1 h lead to lowest filtering errors. However, using a combination of a short smoothing time15

(15 min) together with the oscillation threshold filter, the filtering error could even be further
reduced. The AWAT-filter and the synchro-filter both showed a good reduction of both error
components. However, the improvement of these methods compared to the basic approach
with adequate filtering parameters was only minor.
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Table 1. Parameters for the different filters in the basic processing approach that were used as
standard. If no other information is given, the calculations refer to these parameters.

Standard parameters for the basic processing approach
threshold for lysimeter mass changes +/- 60 mm/h
threshold for seepage mass changes +/- 9 mm/h
median filter window 15 min
smoothing filter window 15 min
oscillation threshold 50 g
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Table 2. Used parameters for the adaptive methods.

AWAT-filter synchro-filter
min. threshold 0.0081 mm 0.010 mm
max. threshold 0.240 mm 0.200 mm
averaging time 1-31 min 15 min (fixed)
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Figure 1. Schematic drawing of a lysimeter (left) as used in SoilCan attached to the central service
pit (right).
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Figure 2. Flowchart of the basic processing scheme.
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Figure 3. Examples for the effect of the different filtering steps on the mass data (here: summarized
mass of lysimeter and seepage water tank of lysimeter BL1-L1). Please note the different scaling
of the y-axes. a) raw data, b) manual filter, c) threshold filter, d) median filter, e) smoothing filter, f)
oscillation threshold filter.

30



D
iscussion

P
aper

|
D

iscussion
P
aper

|
D

iscussion
P
aper

|
D

iscussion
P
aper

|

Figure 4. Effects of different averaging time windows n and the oscillation threshold d on the data
oscillations (noise error) during night time situations (a,b) and the underestimation of precipitation
due to the mixing of ET and P (mixing error) during a precipitation event (c). While (a) and (b) show
the calculated fluxes, (c) shows the summarized mass of lysimeter and seepage water representing
the cumulative flux at the upper boundary. The underestimation of the precipitation induced mass
change in (c) due to the 60 min smoothing is indicated in the figure.
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Figure 5. Effect of the different processing steps on the calculated fluxes at the soil-atmosphere-
interface for one examplary lysimeter (BL1-L1). After presenting the unfiltered data (a), the effect
of the manual filter (b), the threshold filter (c), the median filter (d), the smoothing filter (e) and the
oscillation threshold filter (f) is shown. For (d), (e) and (f) zoom levels were increased to illustrate the
different scales affected by the filtering steps. Please note the different scaling of the axes.
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Figure 6. Variations in the calculated fluxes between the different crop lysimeters. The area in red
shows the range of minimal and maximal calculations.
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Figure 7. Short time dynamics of precipitation events for selected rain events of 09 May 2013 (a),
04 May 2013 (b), 26 April 2013 - 28 April 2013 (c) and 12 April 2013 (d).
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Figure 8. The calculated precipitation with its uncertainties as cumulative precipitation (a) and daily
precipitation (b). The total uncertainty is the sum of the estimated filtering uncertainty and the stan-
dard deviation of the different measurements on the 18 lysimeters.
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Figure 9. The values for cumulative precipitation together with the standard deviation regarding the
measurements of the 18 different lysimeters for different parameter selections and the two adaptive
methods.
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Figure 10. Selection of periods for the investigation of the noise and the mixing error. The purple
periods were selected for the estimation of the mixing error, the blue periods of light rain were
excluded because of the contribution to both errors and the rest of the data set was used for the
estimation of the noise error.
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Figure 11. Effects of averaging time (a) and oscillation threshold value (b) on the estimates for the
mixing error and the noise error. The error estimates of the AWAT-filter and the synchro-filter are
indicated in figure (a) with green stars for the AWAT-filter and purple stars for the synchro-filter.
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Figure 12. Cumulative Evapotranspiration (mean+-standard deviation) for the 12 crop lysimeters of
the Bad Lauchstädt testsite. The small picture shows the results seperated in soil type groups.
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Figure 13. Comparison of processed and raw seepage mass data for the lysimeter BL2-L1.
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